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a b s t r a c t

Prestack amplitude variation with offset (AVO) inversion using one-dimensional convolutional neural 
networks often lacks lateral continuity. While two-dimensional methods improve this, they are limited 
to unidirectional spatial correlations from well to non-well locations. To overcome these limitations, we 
propose a semi-supervised learning approach with bidirectional spatial feature constraints (BSFC-SSL). 
Our method introduces a label-annihilation operator and a dedicated spatial feature network to 
establish bidirectional information flow between well and non-well locations, thereby capturing more 
complex spatial patterns in seismic data. Integrated with semi-supervised learning and low-frequency 
constraints, the BSFC-SSL framework enhances both stability and generalization. Experiments on syn
thetic and field  data demonstrate that our method achieves superior lateral continuity and inversion 
accuracy compared to conventional one- and two-dimensional deep learning techniques.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Amplitude variation with offset (AVO) analysis has long been a 
crucial tool in hydrocarbon exploration and reservoir character
ization, providing valuable insights into the elastic properties of 
subsurface formations (Alemie and Sacchi, 2011; Meng et al., 
2021). Zoeppritz (1919) conducted the first theoretical investiga
tion into AVO technology. By examining the variation in reflection 
coefficients  with incidence angles, he analyzed the parameter 
changes in the media on either side of the reflection interface and 
formulated the Zoeppritz equations. Although these equations 
provide precise calculations of reflection coefficients,  their com
plex expressions make them challenging to apply directly to AVO 
inversion of real-world data. Consequently, researchers have 
developed simplified  versions of the Zoeppritz equations from 
various perspectives (Bortfeld, 1961; Smith and Gidlow, 1987; Gray 
and Andersen, 2000). Model-driven AVO inversion is a method to 
extract seismic parameters such as P-wave velocity, S-wave 

velocity, and density from prestack seismic data based on AVO 
theory. The traditional modeldriven AVO inversion method used a 
linear method to establish the mapping between the reflection 
coefficient  and parameters. Ikelle (1995) proposed a linear AVO 
inversion algorithm based on the least-squares method for pro
cessing 3D multi-migration seismic data. Downton and Ursenbach 
(2006) proposed a linearized AVO inversion method that can 
accurately deal with the reflection coefficients of the above critical 
angles, considering the amplitude and phase changes with the 
migration. However, AVO inversion is an ill-posed problem with 
many difficulties,  such as limited data bandwidth, noise corrup
tion, and incomplete data coverage (Yin et al., 2016; She et al., 
2019). To overcome this problem, many methods have been pro
posed, including Bayesian probabilistic inversion (Zong et al., 
2016; Li et al., 2022a), exhaustive searching (Jensen et al., 2016; 
Misra and Sacchi, 2008). Gradient-based algorithms, such as the 
limited-memory BFGS (L-BFGS) method, are commonly employed 
for nonlinear inverse problems (Ahmed et al., 2022, 2023). These 
techniques typically involve the construction of a geological or 
petrophysical model, which is then used to derive synthetic 
seismic responses that are matched to the observed data through 
an iterative optimization process (Avseth et al., 2016; Feng et al., 
2025). While these inversion methods have demonstrated prom
ising results, they are computationally intensive, and their 
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outcomes are highly sensitive to the selection of the initial model 
(Li et al., 2022b; Zhang et al., 2022).

Deep learning (DL), known for its ability to represent complex 
features and perform nonlinear mapping, has become a key 
research focus in seismic exploration (Yang and Ma, 2019; Wang 
et al., 2020a). In this field,  DL techniques have achieved prom
ising results in various aspects, including reservoir parameter 
prediction (Chen et al., 2020; Masroor et al., 2023), fault identifi
cation (Xiong et al., 2018; Wang et al., 2024), noise attenuation 
(Liao et al., 2023; Zhao et al., 2018), and stratigraphic interpreta
tion (Di et al., 2020; Gu et al., 2023). In recent years, DL has also 
been developed in seismic inversion. Das et al. (2019) employed a 
one-dimensional convolutional neural network (CNN) for seismic 
inversion. Mustafa et al. (2019) proposed a workflow for imped
ance prediction utilizing temporal convolutional networks (TCN). 
Cao et al. (2018) proposed a DL-based AVO inversion method 
with Dropout regularization, enhancing the prediction accuracy 
and stability of P-wave velocity, S-wave velocity, and density. As 
shown in Fig. 1(a), the earliest DL inversion method was to extract 
the characteristics of prediction parameters from single-trace 
seismic data and utilize well-log data to constrain these charac
teristics, thereby establishing a non-linear mapping between 
seismic data and elastic parameters (Zheng et al., 2019; Zhang 
et al., 2021).

In practical applications, the availability of labeled data is 
limited due to the high cost of well-log data. To solve the challenge 
of limited labeled data, scholars have introduced various con
straints. Alfarraj and AlRegib (2019) proposed a semi-supervised 
gate recurrent unit (GRU) framework based on seismic forward 
modeling. Notably, semi-supervised learning (SSL) has achieved 
remarkable success in related geophysical tasks, such as complex 
lithofacies identification (Dong et al., 2024) and fracture detection 
in tight sandstones (Dong et al., 2020), where limited well-log data 
similarly restricts model performance. Liu et al. (2025a) further 
integrated the semi-supervised TCN with Nash game theory 
(Navon et al., 2022) to effectively mitigate gradient conflicts  in 
AVO inversion. In addition, physics-guided neural networks have 
been successfully applied to both prestack and poststack inversion 
(Sun et al., 2021; Ge et al., 2024). Many semi-supervised inversion 
methods incorporating model-based forward modeling have been 
proposed to address a variety of geological inverse problems (Guo 
et al., 2019; Fabien-Ouellet and Sarkar, 2020). These methods 
integrate seismic data constraints through physics-based forward 
modeling; however, they often rely on the accurate estimation of 
the seismic wavelet, which remains a significant  challenge in 
practical applications. To overcome this limitation, Yuan et al. 
(2022) proposed employing a network as an alternative to the 
traditional physical forward modeling. Shi et al. (2024) proposed a 
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Fig. 1. Training and testing workflows of different inversion methods. (a) 1D data-driven inversion, (b) 2D data-driven inversion, and (c) the proposed method.
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semi-supervised closed-loop seismic inversion (CL-SSL) that uses a 
forward network to constrain the inversion network, effectively 
utilizing both labeled and unlabeled data. Wang et al. (2023)
proposed an AVO inversion method based on the closed-loop 
seismic inversion framework, capable of accurately inverting the 
P-wave velocity, S-wave velocity, and density. Liu et al. (2025b)
integrated a closed-loop framework with frequency-phase- 
domain information to resolve thin layers and weak reflection 
areas. Although these methods map single-trace seismic data to 
corresponding parameters, they ignore spatial correlations be
tween traces, leading to vertical artifacts in inversion results. As 
shown in Fig. 2(a), 1D data-driven inversion produces discontin
uous spatial features, failing to capture the smooth lateral transi
tions of geological structures. To improve lateral continuity, high- 
dimensional convolutional kernels were introduced to establish 
correlations between multi-trace seismic data and multi-trace 
parameters. Wu et al. (2021) proposed an improved DL method 
based on two-dimensional CNN that significantly  improves the 
stability of impedance prediction. Wang et al. (2022b) introduced a 
two-dimensional semi-supervised inversion method that im
proves the accuracy and spatial continuity of seismic inversion. 
Mustafa et al. (2021) proposed a joint learning strategy that in
tegrates a two-dimensional TCN and spatial contexts (SC-JL), 
significantly enhancing the robustness and spatial consistency of 
the estimated parameters. Liu et al. (2024) proposed a two- 
dimensional Transformer framework with transfer pretraining to 
improve the stability of prestack AVO inversion. Li et al. (2024)
developed a three-dimensional residual structure, which is used 
for efficient 3D seismic impedance inversion.

These methods process multi-trace seismic data using high- 
dimensional convolutional kernels and produce multi-trace pre
diction parameters. As shown in Fig. 1(b), during the training 
process, multi-trace seismic data is used as the input, and multi- 
trace predicted parameters are output. The predicted parameters 
at well locations are constrained by the available well-log data, 
while those at non-well locations are inferred from the sparse 
representation of well-log information and the spatial reasoning 
capability of the two-dimensional network (Dou et al., 2021, 2022). 
As illustrated in Fig. 2(b), although these 2D inversion methods 
improve the lateral continuity of inversion results, they mainly 
rely on what we term “unidirectional spatial features”. This refers 
to a one-way inference process where spatial correlations can only 
be learned and transferred from the well-log locations (with 
known labels) to the non-well locations (without labels). In 
geologically complex areas, this unidirectional flow of information 

is often insufficient  as it fails to capture the mutual spatial de
pendencies inherent in the subsurface.

To overcome this limitation and fully exploit the spatial fea
tures in seismic data, we propose a semi-supervised learning 
framework with bidirectional spatial feature constraints (BSFC- 
SSL). The core of our approach is the establishment of “bidirec
tional spatial features”, which enable two-way information flow 
between well and non-well locations. As illustrated in Fig. 1(c), the 
BSFC-SSL architecture integrates an inversion network, a forward 
network, and a bidirectional spatial feature constraint (BSFC) 
network. The inversion network first maps multi-trace inputs to 
multi-trace outputs. Subsequently, the BSFC network explicitly 
enforces bidirectional spatial relationships by utilizing the pre
dicted parameters at non-well locations to infer and refine the 
parameters at well locations (see Fig. 2(c)), in addition to the 
conventional well-to-non-well inference. This dedicated con
volutional operation ensures that spatial features are transferred 
in both directions, resulting in a more complete and geologically 
consistent spatial model. Additionally, to address the limited 
availability of labeled data in real-world applications, we incor
porate a semi-supervised structure that leverages seismic data at 
non-well locations to improve generalization. Moreover, a low- 
frequency model constraint is employed to stabilize the recovery 
of low-frequency components and improve inversion accuracy.

The article is organized as follows. First, we present the theo
retical foundation of the BSFC-SSL method, including the overall 
framework, the semi-supervised inversion structure, the bidirec
tional spatial feature constraints, the adaptive multi-loss 
reweighting strategy, and the detailed workflow and network ar
chitecture. Then, we compare the AVO inversion results of the 
model-based method, the one-dimensional deep learning method, 
the two-dimensional deep learning method, and the proposed 
method. Next, the field  data application is provided to demon
strate the feasibility of our method for field data. Finally, we draw 
the key conclusions.

2. Theory

2.1. Prestack AVO inversion and forward

AVO is a crucial technique for characterizing subsurface reser
voirs by analyzing the variation in seismic wave amplitudes with 
offset. Its theoretical foundation is the convolution model, which 
can be expressed as 
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D=W*RPP (1) 

where * represents convolution of matrices, D represents seismic 
data, W is the seismic wavelet, and RPP denotes the P-wave 
reflection  coefficient.  According to the Zoeppritz equations, RPP 
can be explicitly calculated from the P-wave velocity, S-wave ve
locity, and density. Therefore, the reflection  coefficient  can be 
simplified as 

RPP = fm (2) 

where m is a vector set of elastic parameters: P-wave velocity, S- 
wave velocity, and density, represented as m = [VP;VS; ρ]

T, f rep
resents the mapping matrix between seismic parameters and 
reflection  coefficients.  By substituting Eq. (2) into Eq. (1), the 
general form of the forward equation in AVO theory can be 
expressed as 

D=W*fm = Gm (3) 

where G represents the forward operator.
When the mapping matrix G is invertible and the influence of 

the seismic wavelet is disregarded, the inversion result can be 
expressed as 

m=G− 1D (4) 

where G− 1 represents the inverse operator of G. However, in 
practical AVO inversion scenarios, the mapping operator G− 1 is 
typically non-invertible due to the ill-posed nature of the problem.

2.2. Overall framework of the BSFC-SSL

The proposed BSFC-SSL framework is designed to overcome the 
key limitations of existing deep learning-based AVO inversion 
methods. Our approach integrates three core innovations into a 
cohesive system to achieve high-fidelity  inversion results with 
superior lateral continuity, especially under limited well-log con
straints. The overall architecture is illustrated in Fig. 3, and its core 
concepts are organized as follows: I. Semi-supervised inversion 
structure: To tackle the scarcity of labeled well-log data, we adopt 
a semi-supervised learning paradigm centered on a closed-loop 
structure. This structure comprises an inversion network that 
maps seismic data to elastic parameters and a forward network 
that reconstructs seismic data from these parameters. By cycling 
both labeled and unlabeled data through this loop, the model 
enforces physical consistency, effectively leveraging abundant 
unlabeled seismic traces to improve generalization and stability 
beyond the sparse well locations. II. Bidirectional spatial feature 
constraints: Moving beyond conventional 2D methods that rely on 
unidirectional inference (from wells to non-wells), we introduce a 
dedicated Bidirectional spatial feature constraints (BSFC) network. 
This component enables mutual information flow  between well 
and non-well locations. The core mechanism involves a label 
annihilation operator, which masks the predicted parameters at 
the well location, forcing the BSFC network to recover them from 
the surrounding traces. This process explicitly establishes and le
verages bidirectional spatial correlations, capturing more geolog
ically consistent subsurface patterns. III. Adaptive multi-loss 
reweighting via the GradNorm strategy: The training of the overall 
framework involves optimizing a composite objective function 
that combines the supervised inversion loss, the seismic recon
struction loss, and the bidirectional spatial constraint loss. These 
losses operate on different scales and can imbalance the training 
process. To ensure all tasks learn concurrently and effectively, we 
employ a gradient normalization (GradNorm) strategy, which 

dynamically adjusts the weight of each loss term based on its 
training progress, leading to more stable and efficient  conver
gence. By integrating these three components, the BSFC-SSL 
framework achieves a significant  improvement in inversion ac
curacy and spatial continuity, as will be demonstrated in the 
subsequent experiments. The following subsections will delve into 
the details of each component.

2.3. Semi-supervised seismic inversion structure

When deep learning is applied to AVO inversion, the objective 
is to learn a data-driven approximation of the inverse mapping. 

Instead of directly computing the mathematical inverse G− 1, we 
employ a neural network to represent this approximation. This is 
mathematically expressed as 

m=I w(D) (5) 

where I w denotes the inversion network, and w denotes the 
trainable network parameters. The network can perform super
vised learning using well-log data, with the objective function 
expressed as 

J(I w)=min
I w

⃒
⃒
⃒
⃒ml − I w(Dl)

⃒
⃒
⃒
⃒2
2 (6) 

where 
⃒
⃒
⃒
⃒ ⋅
⃒
⃒
⃒
⃒2
2 denotes the L2 norm, ml represents the elastic pa

rameters from well-log and Dl denotes the labeled seismic data at 
the well location.

However, the proportion of well-log data is extremely small 
compared to the entire seismic dataset. This leads to a significant 
shortage of training data, which significantly  affects inversion 
accuracy and limits the practical application of purely supervised 
learning methods. To overcome the inherent limitations of su
pervised learning under such extreme label scarcity, we introduce 
a semi-supervised strategy centered on a learned forward 
network. This strategy leverages the abundant unlabeled seismic 
data by constructing a self-consistent cycle: the inversion network 
generates pseudo-labels from unlabeled data, which are then fed 
into the forward network to reconstruct the original seismic input. 
This physical consistency constraint acts as a powerful regularizer. 
In line with recent advances that mitigate the deficiencies  of 
conventional model-based forward modeling (Downton et al., 
2019; Liu et al., 2023; Feng et al., 2025), we construct a data- 
driven forward network, expressed as 

D=F w(m) (7) 

where F w represents the forward network. Similarly, the forward 
network can utilize well-log data for supervised learning. Mean
while, it can be combined with the inversion network for unsu
pervised learning. The objective function is defined as 

J(F w;I w)= min
F w ;I w

⎧
⎨

⎩

⃒
⃒
⃒|Dl − F w(ml)||

2
2+

⃒
⃒
⃒|Du − F w(I w(Du))||

2
2

⎫
⎬

⎭
(8) 

where Du represents the unlabeled seismic data, which refers to 
the seismic data obtained at locations other than the well site. The 
first and second terms in Eq. (8) are used to compute the seismic 
data matching losses for seismic traces adjacent to the wells and 
those not adjacent to the wells, respectively.

Additionally, low-frequency information captures the macro
scopic features of the subsurface geological structure, thereby 
providing critical constraints for the inversion process and 
reducing the non-uniqueness of the inversion results (Fu et al., 
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2024). By integrating a low-frequency model into the inversion 
network and combining it with seismic data as input, and by 
merging Eqs. (6) and (8), the complete semi-supervised objective 
function can be formulated as follows: 

J(I w;F w)=min
I w

⃒
⃒
⃒
⃒ml − I w(Dl ⊕mlow)

⃒
⃒
⃒
⃒2
2 

+ min
F w;I w

⎧
⎨

⎩

⃒
⃒
⃒
⃒Dl − F w(ml)

⃒
⃒
⃒
⃒2
2+

⃒
⃒
⃒
⃒Du − F w(I w(Du ⊕ mlow))

⃒
⃒
⃒
⃒2
2

⎫
⎬

⎭
(9) 

where mlow is the low-frequency model and ⊕ represents the 
channel-wise concatenation of the seismic data D and the low- 
frequency model mlow, which serves as the multi-channel input 
to the network.

2.4. Bidirectional spatial feature constraints

To establish the mapping of bidirectional spatial features be
tween the predicted parameters at well locations and those at 
non-well locations, we propose a bidirectional spatial feature 
constraint method. The matrix forms of ml and I w(Dl ⊕mlow) in 
Eq. (9) are given by 

ml =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0

⋮

0

⋯

⋱

⋯

0

⋮

0

mM+1
2 ;1

⋮

mM+1
2 ;N

0

⋮

0

⋯

⋱

⋯

0

⋮

0

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

N×M 

m̂=I w(Dl⊕mlow)=

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

m̂1;1

⋮

m̂1;N

⋯

⋱

⋯

m̂M+1
2 ;1

⋮

m̂M+1
2 ;N

⋯

⋱

⋯

m̂M;1

⋮

m̂M;N

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

N×M

(10) 

where m̂ denotes the predicted parameter, N and M represent the 
depth and width of ml, respectively. According to Eq. (10), the 
well-log label only constrains the first trace at the position of M+1

2 , 
corresponding to the center trace. In the discussion section, we 
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also test well-log positions other than the center trace. Predicted 
parameters far from the well-log position rely on the sparsity of 
the data, often resulting in weak spatial features. To address this, 
we introduce a label annihilation operator R, strategically 
designed to enhance spatial feature learning. Mathematically, R is 
defined as an N × M matrix: 

R=

⎡

⎣

1

⋮

1

⋯

⋱

⋯

1

⋮

1

0

⋮

0

1

⋮

1

⋯

⋱

⋯

1

⋮

1

⎤

⎦

N×M

(11) 

The matrix R is designed to set the values of the central trace 
(corresponding to the logging position) to zero, while keeping the 
adjacent traces unchanged. By applying element-wise multipli
cation m̂ × R, we mask the predicted parameters of the middle 
trace (as illustrated in “II. Bidirectional spatial feature constraints” 
in Fig. 3), effectively removing well-log constraints from this trace. 
This forces the network to leverage spatial correlations from sur
rounding traces, enabling bidirectional feature transfer between 
well and non-well locations.

To recover the masked middle-trace data using adjacent traces, 
we construct a bidirectional spatial feature constraint network 
S w. To ensure stable network convergence, we introduce a self- 
consistency (Pourpanah et al., 2022; Wang et al., 2022c; Peng 
et al., 2024), which enforces consistency between the input and 
output of the BSFC network. The objective function is defined as 

J(S w)=min
S w

⎧
⎨

⎩

⃒
⃒
⃒
⃒ml − (S w(m̂l × R)) × (1 − R)

⃒
⃒
⃒
⃒2
2

+
⃒
⃒
⃒
⃒m̂l × R − (S w(m̂l × R)) × R

⃒
⃒
⃒
⃒2
2

⎫
⎬

⎭
(12) 

where × denotes element-wise matrix multiplication. The oper
ation m̂l × R applies a masking operator to the middle seismic 
trace constrained by the well-log (as illustrated in “II. Bidirectional 
spatial feature constraints” in Fig. 3), setting its values to zero. This 
masked data is subsequently fed into the BSFC network, denoted 
as S w, which processes the input to produce S w(m̂l × R). As 
shown in the upper part of the figure, the error between

S w(m̂l ×R) × (1 − R) and the well-log label ml is calculated. 
This step aims to ensure that the network can recover the infor
mation in the masked area, thus achieving a better match with the 
well-log label. Meanwhile, the error between S w(m̂l ×R)× R and 
m̂l × R is used to ensure the consistency within the non-masked 
area. These constraints establish the spatial correlation between 
the predicted parameters through the BSFC network, thereby 
enabling the bidirectional spatial mapping between the well-log 
traces and the non-well-log traces.

Furthermore, by combining Eqs. (9) and (12), the total objective 
function is obtained: 

J(I w;F w;S w)=min
I w

||ml − I w(Dl ⊕ mlow)||
2
2

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟
L 1 

+ min
F w;I w

⎧
⎨

⎩

||Dl − F w(ml)||
2
2+

||Du − F w(I w(Du ⊕ mlow))||
2
2

⎫
⎬

⎭

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟
L 2 

+min
S w

⎧
⎨

⎩

||ml − (S w(m̂l × R)) × (1 − R)||22
+||m̂l × R − (S w(m̂l × R)) × R||22

⎫
⎬

⎭

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟
L 3

(13) 

where L 1 denotes the training loss of the inversion network, L 2 
denotes the loss from the reconstruction of seismic data, and L 3 
denotes the training loss of the BSFC network. The detailed 
computation of these loss components is summarized in 
Algorithm 1.

Algorithm 1. Core computation of loss components in BSFC-SSL. 
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2.5. Adaptive multi-loss reweighting via the GradNorm strategy

In this study, we employ a composite loss function consisting of 
three components. Although each term captures a distinct aspect 
of the seismic inversion task, they typically exhibit different nu
merical scales and convergence behaviors. Using equal weights for 
all components may lead to an imbalanced optimization process 
where certain tasks dominate training. To address this, we adopt 
the GradNorm strategy (Chen et al., 2018), which adaptively ad
justs the weight of each loss term based on the gradient magni
tudes with respect to the model parameters. This dynamic 
reweighting facilitates balanced multi-task learning, promoting 
both stable and efficient  training. The overall loss function is 
defined as 

L total(t) =
∑3

i=1

wi(t)L i(t) (14) 

where wi(t) denotes the weight assigned to task i at each training 
step t. To further investigate the influence of network parameters 
on the loss of each task, we examine the gradient of the weighted 
single-task loss with respect to the network parameters. Specif
ically, we define: 

G(i)
p (t) =

⃦
⃦∇pwiL i(t)

⃦
⃦

2 (15) 

where p represents the network parameters, which cover all 
trainable parameters such as weights and biases in the network. 

G(i)
p (t) represents the L2 norm of the gradient of the weighted 

single-task loss wiL i(t) with respect to the network parameter p. 
Furthermore, we define a relative inverse training rate of task i as 
follows: 

ri(t) =
L i(t)
L i(0)

/(
1
3

∑3

i=1

L i(t)
L i(0)

)

(16) 

where ri(t) denotes the relative inverse training rate of task i. It 
quantifies  the relative change in the loss of task i at step t 
compared to its initial loss, normalized by the average change 
across all tasks. This ri(t) is subsequently used in the imple
mentation of GradNorm. GradNorm is implemented through a loss 
function L grad, which measures the discrepancy between the 
actual gradient norm of each task at a given time step and its 
corresponding target gradient norm. This loss is computed across 
all tasks and summed to yield the final GradNorm loss, defined as 

L grad(t; wi(t))=
∑3

i=1

(
G(i)

p (t) − Gp(t) × [ri(t)]
α
)

(17) 

where Gp(t) denotes the average gradient norm across tasks, 

represented as G
(i)
p (t) = 1

3
∑3

i=1 G(i)
p (t). The term ri(t) is a balancing 

factor that adjusts the gradient magnitude for task i; a larger value 
of ri(t) indicates a need to increase the gradient for task i, thereby 
accelerating its training. The hyperparameter α is used to adjust 
the training speed of tasks to reach the intensity of the average 
level, with its value typically ranging from 0 to 3. The detailed 
training process is summarized in Algorithm 2.

Algorithm 2.

2.6. Workflow and network architecture

The workflow of the BSFC-SSL method for AVO inversion con
sists of two parts: training and prediction. During the training 
phase, the BSFC-SSL method requires the simultaneous training of 
the forward-modeling network, the inversion network, and the 
BSFC network, thereby achieving closed-loop optimization among 
all three. Before starting the training, we initialize the weights and 
biases of the neural networks. The data include labeled, unlabeled 
seismic data, and well-log elastic parameters (P-wave velocity, S- 
wave velocity, and density). Additionally, a low-frequency model is 
integrated into the network, alongside the seismic data, as prior 
information. During the training process, both labeled and unla
beled seismic data are utilized to optimize the inversion and for
ward networks. The output of the forward network is fed back to 
the inversion network in the form of pseudo-labels, enabling the 
effective utilization of unlabeled data. Meanwhile, well-log elastic 
parameters contribute to the optimization of the inversion 
network, forward network, and BSFC network. Eventually, a 
mapping between multi-trace seismic data and multi-trace elastic 
parameters is achieved. During the prediction stage, the BSFC 
network and the forward network are no longer involved, and the 
inversion task is completed solely by leveraging the efficient 
inference capability of the inversion network.

This workflow  is implemented through three core sub- 
networks with specifically  designed architectures. The BSFC-SSL 
consists of three subnetworks: the inversion network, the for
ward network, and the bidirectional spatial feature constraints 
network. To accomplish the inversion task, we adopted the CNN as 
the basic architecture. Given the need to extract global features 
from the shallow structure in the inversion network, which re
quires a larger receptive field,  we introduced TCN and a dilated 
convolution design. Dilated convolution allows for precise control 
of the receptive field by introducing a dilation factor, enabling the 
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network to achieve a larger receptive field  with fewer layers, 
thereby capturing historical information over a longer time scale. 
Fig. 4 illustrates the structure of a 5 × 5 dilated convolution 
kernel. In this diagram, the orange blocks represent the seismic 
sequence, whereas the blue blocks indicate the convolution kernel, 
corresponding to an initial receptive field  of 5. When dilation 
factors of 2 and 3 are applied, the receptive fields of a single-layer 
network expand to 9 and 13, respectively. The use of dilated 
convolution significantly enhances the network's ability to extract 
shallow global features while reducing the number of parameters. 
Fig. 5 illustrates the inversion network and forward network, 
consisting of four TCN blocks and three CNN blocks. Here, K is the 
number of seismic profiles  corresponding to different incidence 
angles. The structure of the TCN, highlighted within the dashed 
box in Fig. 5, consists of two branches. The first branch transforms 
the input, while the second applies a 1 ×1 convolution operation. 
The outputs from both branches are then combined to produce the 
final  result. The residual connection enables information to flow 
across layers, effectively mitigating information loss caused by 
excessive depth. It is worth noting that the architectures of our 
forward and inversion networks are consistent. Using the same 
network structure helps to avoid prediction bias or instability 
caused by architectural differences (Sang et al., 2023). The BSFC 
network employs CNN as its basic architecture because CNN has 
demonstrated remarkable advantages in seismic trace interpola
tion tasks, which are analogous to the feature recovery function of 
BSFC. Specifically, the convolutional layers of CNN can extract hi
erarchical spatial features from seismic data, and the shared 
weight mechanism and local receptive field structure enable effi
cient capture of spatial continuity in seismic profiles (Wang et al., 
2020b, 2022a). As shown in Fig. 6, the architecture of the BSFC 
network consists of convolutional layers with 16 channels at both 
ends, and a central section composed of multiple convolutional 
layers. Given that the optimal number of network layers remains 
undetermined, the number of convolutional layers is treated as a 

hyperparameter. Each convolutional layer is sequentially followed 
by a batch normalization (BN) layer and a ReLU activation function.

3. Experiments

3.1. Performance metrics and hyperparameters

To quantify the accuracy of the inversion results, we introduced 
the Pearson correlation coefficient  (PCC), coefficient  of determi
nation (R2), and root mean square error (RMSE). PCC is a measure 
of the linear relationship between two variables, quantifying the 
strength and direction of their correlation. It is defined as 

PCC=

∑n
k=1(mk − μm)(m̂k − μm̂)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

k=1(yk − μm)
2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

k=1(m̂k − μm̂)
2

√ (18) 

where mk is the k-th true value, m̂k represents the k-th predicted 
value, μm and μm̂ are the mean values of the input parameters and 
predicted values, respectively, and n denotes the number of data 
points. The R2 score is a statistical indicator used to measure the 
prediction effect of a regression model, representing the degree to 
which the model explains the total variation of the target variable. 
Its value ranges from 0 to 1, and the closer the R2 score is to 1, the 
closer the prediction results are to the true values. The definition of 
R2 is 

R2 =1 −

∑n
k=1(mk − m̂k)

2

∑n
k=1(mk − μm)

2 (19) 

The RMSE was obtained by taking the square root of the mean- 
square error (MSE), which is a measure of the difference between 
the predicted value and the true value. The RMSE can be formu
lated as 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n

∑n

k=1

(mk − m̂k)
2

√
√
√
√ (20) 

For network training, we set a series of hyperparameters, as 
listed in Table 1. It is worth noting that the number M of multi- 
trace inputs is set to 17, the parameter α in Algorithm 2 is set to 
1.2, and the number of internal convolutional layers of the BSFC 
network is 3. The settings of these hyperparameters are elaborated 
in detail in the discussion section. The experiment was conducted 
on a computer running the Windows 11 operating system, with a 
configuration that included 32 GB of RAM, an Intel Core i5-12490F 
processor, and an NVIDIA GeForce GTX 3060 graphics card with 
8 GB of video memory. The experiments were conducted using the 
PyTorch framework.

3.2. Testing on Marmousi2 model

To verify the effectiveness of the BSFC-SSL method, we used 
the Marmousi2 model data for inversion tests. This model in
cludes 2720 common depth points (CDPs) and 600 sampling 
points, with a sampling interval of 2 ms. Reflection coefficients 
were calculated from the model using Eq. (2) and convolved with 
a zero-phase Ricker wavelet of 20 Hz dominant frequency. As 
shown in Fig. 7(a)–(e), five  sets of seismic data with incident 
angles ranging from 0◦ to 24◦ (at equal intervals) were 
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synthesized as input. Additionally, a low-pass filter was applied 
to the model data to obtain the low-frequency model, which is 
shown in Fig. 7(f)–(h). As shown in Fig. 8, we extracted 18 traces 
at equal intervals to construct the labeled dataset, which 

accounted for only 0.66% of the total traces. The remaining traces 
were randomly sampled at an interval of 50 traces as the unla
beled data. Fig. 9 shows the loss curves of BSFC-SSL, and all losses 
can converge stably.

K

TCN block CNN block

16 32 32 16 332 16
K + 3

TCN block

1632 32

CNN block

16 32 16

1 × 1
CNN

+

+

Inversion network

Forward network

Dilated convolution

Convolution

BN + ReLU

Dropout

BN + Tanh

Fig. 5. Architectures of the inversion network and forward network.

32 16 316 32

…

The number of internal CNN layers is
a hyperparameter

CNN block

Convolution BN + ReLU

3

Fig. 6. Architecture of the BSFC network. The number of convolutional layers within the CNN block (enclosed in the red-dashed box) is treated as a hyperparameter.
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To evaluate the effectiveness of the proposed method, we 
compared it with a comprehensive suite of approaches. The 
compared methods included: one-dimensional methods, namely 

supervised learning (1D-SL) and semi-supervised learning (1D- 
SSL), which were constructed using the core architecture of our 
framework but limited to 1D convolutional operations and 

Table 1 
Hyperparameters in BSFC-SSL.

The type of the hyperparameter Value

Basic parameter Epoch 500
Batch size 60
Learning rate 0.002
Weight decay 0.0001
Dropout 0.2
Initial kernel size 3
α in GradNorm 1.2
Width M 17

Inversion network Number of channels of TCN [16,32,32,16]
Dilation factor of TCN [1,2,4,8]
Number of channels of CNN [32,16,3]

Forward network Number of channels of TCN [16,32,32,16]
Dilation factor of TCN [1,2,4,8]
Number of channels of CNN [32,16,5]

BSFC network Number of internal CNN layers 3
Number of channels of CNN [16,32,32,32,16,3]
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excluding the bidirectional constraints, with the CL-SSL (Shi et al., 
2024) being introduced as a representative state-of-the-art 
method in this category; two-dimensional semi-supervised 
methods, including a standard implementation (2D-SSL), which 
adopts the same 2D network backbone as our method but without 

bidirectional spatial constraints, and the SC-JL (Mustafa et al., 
2021) method as a strong baseline that explicitly leverages 
spatial information. Additionally, the widely used model-based 
method (L-BFGS) (Ahmed et al., 2022) was included as a bench
mark. Fig. 10 shows the inversion results for various methods. 
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While model-based methods can effectively display the strati
graphic structure, their resolution tends to be relatively lower. The 
1D-SL method improves inversion resolution but brings noticeable 
vertical artifacts. Although the 1D-SSL and CL-SSL methods reduce 
these artifacts to some degree, they are still blurred at the rock 

layer unconformities, as shown by the elliptical wireframes in 
Fig. 10. The 2D-SSL, SC-JL, and BSFC-SSL methods improve lateral 
continuity in the inversion results. Compared to the 2D-SSL and 
SC-JL methods, the BSFC-SSL method offers clearer delineation at 
the boundaries of thin layers (red arrows, Fig. 10(s)–(u)). Fig. 11
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Table 2 
Quantitative analysis of the inversion results for the synthetic data.

Method P-wave velocity S-wave velocity Density

PCC R2 RMSE PCC R2 RMSE PCC R2 RMSE

Model-based 0.9731 0.9447 0.0757 0.9715 0.9402 0.1291 0.8478 0.6754 0.0437
1D-SL 0.9694 0.9173 0.0774 0.9682 0.9147 0.1285 0.9495 0.8834 0.0229
1D-SSL 0.9786 0.9467 0.0654 0.9775 0.9442 0.1093 0.9597 0.9049 0.0215
CL-SSL 0.9814 0.9587 0.0603 0.9786 0.9534 0.0977 0.9653 0.9211 0.0194
2D-SSL 0.9863 0.9669 0.0553 0.9846 0.9637 0.0832 0.9751 0.9403 0.0166
SC-JL 0.9879 0.9712 0.0536 0.9867 0.9654 0.0805 0.9775 0.9461 0.0159
BSFC-SSL 0.9911 0.9814 0.0420 0.9892 0.9779 0.0624 0.9868 0.9617 0.0123
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shows the residuals between the inversion results of each method 
and the true values. The BSFC-SSL method exhibits low errors in 
both the reservoir and complex geological structures (red rectan
gular boxes). Fig. 12 shows the prediction results for trace 600 not 
included in the training data. A comparison of the inversion results 
with the measured single trace clearly demonstrates that the 

BSFC-SSL method produces more accurate results (as indicated by 
the red arrow). Despite the extreme complexity of the structural 
features and significant lithological changes at depths of 620 ms, 
the inversion results using the BSFC-SSL method maintain high 
accuracy. To quantitatively compare the accuracy of each method, 
we calculated the mean values of the inversion profiles using PCC, 
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R2, and RMSE. The results, listed in Table 2, demonstrate that the 
BSFC-SSL method outperforms all other methods, achieving the 
best values across all indicators.

In practical applications, the number of available well-log labels 
is often limited due to complex geological conditions and high 
well-log costs. Therefore, we further designed a comparison of 
various methods under the condition of scarce labels. As shown in 
Fig. 13, we sampled seven and three training traces at equal in
tervals, which represent only 0.26% and 0.11% of the total number 
of traces, respectively. Figs. 14 and 15 show the inversion results 
using seven and three training traces, respectively. As the number 
of training traces decreases, the vertical artifacts of the 1D-SL, 1D- 
SSL, and CL-SSL methods become significantly  more severe. 
Although the 2D-SSL and SC-JL methods improve lateral continu
ity, they still exhibit numerous high-value errors in complex strata 
(see the areas marked by the elliptical box). In contrast, the BSFC- 
SSL method maintains high accuracy and resolution by fully 
considering the relationships between adjacent traces. Fig. 16
shows the quantitative comparison of different inversion methods. 

By comparison, we can see that the BSFC-SSL method achieves 
higher PCC and R2 values, along with a low RMSE. This verifies the 
efficiency  and accuracy of the proposed method under limited 
well-log labels.

The robustness of an inversion method to noise is another 
critical concern in seismic exploration, as data are often contam
inated, which can degrade the accuracy of inversion results (Li 
et al., 2022b). To evaluate the noise robustness of the proposed 
method, we conducted additional inversion experiments on the 
synthetic Marmousi2 dataset. Following the same configuration as 
in Fig. 10, which used 18 equally spaced traces as well-log labels, 
we added a 1:1 mixture of random and colored noise to the clean 
seismic data to achieve different signal-to-noise ratios (SNRs: 2, 5, 
10, and 20 dB). Fig. 17(a)–(d) show the 0◦-incident-angle seismic 
profiles at these SNR levels. To intuitively illustrate the noise in
tensity, a randomly selected seismic trace is displayed in Fig. 17(e), 
showing the corresponding waveforms at various SNRs. The 
inversion results of the BSFC-SSL method for these datasets are 
presented in Fig. 18. Both qualitative and quantitative analyses 
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demonstrate that the proposed method maintains high inversion 
accuracy and stability across different noise levels, confirming its 
strong noise resistance.

3.3. Testing on field data

To verify the practicality of the BSFC-SSL method, we applied it 
to field data from the South China Sea. The main rock types in the 
field  data are sandstone and mudstone, which feature complex 
lithology, significant thickness variations, and strong heterogene
ity. Therefore, high accuracy and resolution of velocity and density 
are essential. We selected a line consisting of 630 common depth 
points (CDPs), passing through well G1 (CDP = 98), well G2 
(CDP = 304), well G3 (CDP = 443), and well G4 (CDP = 615). Wells 
G1, G3, and G4 were used for training, while well G2 was used to 
evaluate the inversion results. Before inversion, the seismic data 
were processed using noise suppression, surface-consistent 
deconvolution, amplitude recovery, and resampling to improve 
the signal-to-noise ratio and resolution. The low-frequency infor
mation of the different elastic parameters is obtained by layer 
interpolation, extrapolation, and smoothing of the corresponding 
well-log curves. Fig. 19 shows the angle gather profiles  and the 
low-frequency profiles.  The hyperparameters were the same as 
those used in the synthetic data experiments. Fig. 20 shows the 
loss curves of the BSFC-SSL method for field data, including L 1, 

L 2, and L 3. As training progresses, all losses decrease steadily 
and converge to stable low values. Fig. 21 displays the inversion 
results of the BSFC-SSL method at the training well locations (G1, 
G3, and G4), demonstrating a close match between the predicted 
and true well-log curves. These results further confirm the accu
racy and reliability of the proposed method across multiple well 
locations in the field.

We performed AVO inversion on field data using the model- 
based, 1D-SL, 1D-SSL, CL-SSL, 2D-SSL, SC-JL, and BSFC-SSL 
methods, and the results are shown in Figs. 22–24. The model- 
based method, along with conventional DL-based and CL-SSL 
approaches, can effectively recover the primary stratigraphic 
features. However, these methods exhibit limited resolution, 
particularly in terms of accurately reconstructing density. Among 
the compared methods, the 2D-SSL and SC-JL approaches yield 
improved lateral continuity, yet the elastic parameters obtained 
using the BSFC-SSL method exhibit even higher resolution and 
more consistent lateral continuity, as indicated by the elliptically 
labeled regions. To achieve a further comparison, the model- 
based method and the DL-based method results at the location 
of the blind well G2 are shown in Fig. 25. Table 3 shows the PCC, 
R2, and RMSE values between the inversion results at the well G2 
and the well-log curves. The inversion results of BSFC-SSL can fit 
the well-log curves well, especially in the area indicated by the 
arrows.
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4. Discussion

As a novel AVO inversion approach, BSFC-SSL incorporates a 
label annihilation operator and a bidirectional spatial feature 

constraint network. This method provides a new solution to the 
challenges of lateral continuity and efficient utilization of well-log 
data that commonly affect traditional deep learning-based AVO 
inversion techniques. It demonstrates enhanced performance in 

1200

Trace number
6801

Ti
m

e,
 m

s

2720

(a)

1360

0

400

800

2040

0.5

0

-0.5

1.0

-1.0 1200

Trace number
6801

Ti
m

e,
 m

s

2720

(b)

1360

0

400

800

2040

0.5

0

-0.5

1.0

-1.0 1200

Trace number
6801

Ti
m

e,
 m

s

2720

(c)

1360

0

400

800

2040

0.5

0

-0.5

1.0

-1.0

SNR = 2 dB SNR = 5 dB SNR = 10 dB

1200

Trace number
6801

Ti
m

e,
 m

s

2720

(d)

1360

0

400

800

2040

0.5

0

-0.5

1.0

-1.0

(e)SNR = 20 dB 1.0

0

-1.0

0.5

-0.5

0

Am
pl

itu
de

Clean
SNR = 2 dB
SNR = 5 dB
SNR = 10 dB
SNR = 20 dB

600 1200300 900Time, ms

Fig. 17. Seismic profiles with 0◦ incident angle under different SNRs. (a) SNR = 2 dB. (b) SNR = 5 dB. (c) SNR = 10 dB. (d) SNR = 20 dB. (e) Waveform diagram of a randomly 
extracted seismic trace.

Ti
m

e,
 m

s
Ti

m
e,

 m
s

Ti
m

e,
 m

s

0

400

800

1200

0

400

800

1200

Trace number
6801 27201360

0

400

800

2040
1200

SNR = 2 dB

Trace number
6801 27201360 2040

SNR = 5 dB

Trace number
6801 27201360 2040

SNR = 10 dB

4000

3000

2000

5000

1000

m/s

2400

1600

800

3200

0

m/s

Trace number
6801 27201360 2040

2.45

2.25

2.05

2.65

1.85

g/cm3

SNR = 20 dB
PCC = 0.9822
R 2 = 0.9681
RMSE = 0.0539

PCC = 0.9803
R 2 = 0.9656
RMSE = 0.0551

PCC = 0.9879
R 2 = 0.9724
RMSE = 0.0512

PCC = 0.9855
R 2 = 0.9701
RMSE = 0.0526

PCC = 0.9712
R 2 = 0.9463
RMSE = 0.0179

PCC = 0.9767
R 2 = 0.9615
RMSE = 0.0752

PCC = 0.9814
R 2 = 0.9541
RMSE = 0.0155

PCC = 0.9848
R 2 = 0.9682
RMSE = 0.0718

PCC = 0.9753
R 2 = 0.9491
RMSE = 0.0171

PCC = 0.9789
R 2 = 0.9514
RMSE = 0.0164

PCC = 0.9793
R 2 = 0.9637
RMSE = 0.0739

PCC = 0.9816
R 2 = 0.9658
RMSE = 0.0725

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Fig. 18. BSFC-SSL inversion results of P-wave velocity, S-wave velocity, and density on synthetic data under different SNRs. (a)–(d) P-wave velocity; (e)–(h) S-wave velocity; (i)–(l) 
density. First column: SNR = 2 dB; second column: SNR = 5 dB; third column: SNR = 10 dB; last column: SNR = 20 dB. The evaluation score of each inversion result is displayed in 
the top-left corner of the corresponding subfigure.

Y.-T. Liu, Y. Li, J.-H. Peng et al. Petroleum Science 23 (2026) 2501–2526

2516



both synthetic and field  data experiments. Despite these prom
ising results, several critical aspects of the BSFC-SSL framework 
warrant further investigation.

4.1. Inversion network structures comparison

In this article, the inversion network architecture of BSFC-SSL 
consists of four TCN layers and four CNN layers. This design was 
not chosen arbitrarily, but was informed by a series of consider
ations and empirical evaluations. To rigorously validate the effec
tiveness of the selected architecture, we conducted a supervised 
learning comparison using 18 seismic traces. Specifically, the four 

TCN layers were individually replaced with four CNN layers, four 
GRU layers, and four Transformer layers, and the inversion results 
were obtained through supervised learning. As shown in Fig. 26, 
the TCN-based architecture yields higher PCC and R2, along with 
lower RMSE, for the inverted parameter profiles (P-wave velocity, 
S-wave velocity, and density). These experimental results strongly 
support the proposed network design.

4.2. Impact of α and BSFC network's convolutional layers

The hyperparameter α and the number of convolutional layers 
in the BSFC network are pivotal to the performance of the BSFC-SSL 
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method, as they fundamentally govern the optimization dynamics 
and the model's capacity for spatial feature learning, respectively. 
Theoretically, α in the GradNorm strategy controls the intensity of 
balancing among the loss terms. An optimal α promotes concur
rent learning across tasks, enhancing model stability and gener
alization. Our empirical results (Fig. 27) align with these 
expectations and crucially demonstrate the practical robustness of 
the method to this hyperparameter. The total loss (L total) de
creases as α increases from 0 to 1.2, confirming that appropriate 
gradient normalization is essential. More importantly, the loss 
remains consistently low and stable across a range of values 
around this optimum (e.g., α ∈ [1:0; 1:5]), indicating that the 
method is not overly sensitive to the precise setting of α. This 
robustness is a key advantage for field  data applications, where 
exhaustive hyperparameter search is often impractical. Only when 
α exceeds a critical threshold (approximately 2.2) does over- 
constraining of gradient norms lead to the predicted training 
instability and performance degradation. Similarly, the number of 
convolutional layers determines the representational capacity of 
the BSFC network. Insufficient depth may limit the ability to cap
ture essential bidirectional spatial dependencies, while excessive 
depth increases the risk of overfitting. Our analysis indicates that a 
three-layer architecture provides a stable and effective configu
ration for spatial feature learning. The interaction between 
network depth and α is moderated by model capacity: shallower 
networks (e.g., two layers) exhibit greater sensitivity to variations 
in α, whereas deeper networks show more consistent behavior. 
Overall, a three-layer BSFC network with α = 1.2 achieves an 
optimal balance, offering a practical and robust guideline for 
model design and hyperparameter selection.

4.3. Determination of width M

In training the BSFC-SSL method, the width parameter M, 
which defines the number of adjacent traces incorporated along
side the input well-log data, significantly influences the inversion 
results. We conducted a series of experiments by incrementally 
increasing M from 3 to 23. For each value, we recorded both the 
training duration and the final total loss (L total) after convergence. 

As shown in Fig. 28, a clear trend was observed: increasing M 
consistently reduced L total, indicating that incorporating more 
neighboring traces enables the model to capture spatial informa
tion better and improve parameter estimation. Notably, the per
formance gains exhibit a plateau effect for M > 13, with marginal 
improvements beyond this point. This indicates that the method is 
not overly sensitive to the precise value of M in practical applica
tions, as long as a sufficient spatial context (e.g., M ≥ 13) is pro
vided. This robustness is valuable when applying the method to 
field  datasets with varying spatial characteristics. While the 
improvement in L total comes at the cost of longer training times 
due to higher computational demands, the choice of M = 17 offers 
an optimal balance between accuracy and efficiency  for our 
experimental setup. Nonetheless, the observed plateau indicates 
that practitioners may flexibly adjust M according to data avail
ability or computational constraints without substantially 
compromising inversion quality.

4.4. Impact of well-log location

In this paper, we initially assumed that all wells were located in 
the middle trace, meaning that when using multi-trace input to 
the network, the number of traces around the well-log was the 
same. However, to explore a more comprehensive range of sce
narios, we also investigated cases where the well-log location was 
not in the middle. With a fixed width M = 17, we varied the offset 
of the well-log position. The corresponding experimental results 
are shown in Fig. 29. An offset of 0 indicates that the well-log is 
exactly centered within the input window. Negative and positive 
offsets correspond to the well-log being shifted to the left and 
right, respectively. When the well-log location is close to the 
middle (offset close to 0), the total training loss is at its lowest. This 
is because when the well-log is in the middle, the network can 
more evenly utilize the surrounding trace information for training. 
Conversely, when the well-log location moves away from the 
middle (larger absolute values of offset), the total training loss 
increases. It is important to note that, compared to the influence of 
network structure and width M, the impact of well-log location on 
the training loss is relatively minor. This indicates that while well- 
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log location does have an effect on the performance of the BSFC- 
SSL method, optimizing the network structure and appropriately 
selecting the width M are more critical factors in achieving accu
rate AVO inversion results.

4.5. Impact of the low-frequency model

The low-frequency model serves as critical prior information in 
seismic inversion, providing essential background trends that 
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compensate for the band-limited nature of seismic data. The 
quality and completeness of this model are pivotal for stabilizing 
ill-posed inverse problems and reducing solution non-uniqueness. 
To quantitatively evaluate the sensitivity of our BSFC-SSL 

framework to this input, we conducted a dedicated analysis. We 
designed a set of experiments using the Marmousi2 model, from 
which low-frequency components were extracted at 1 Hz intervals 
within the 1–5 Hz band. This approach yielded five distinct low- 
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frequency models, simulating a systematic gradient in the quality 
and richness of low-frequency information. In this context, the 
5 Hz model represents the richest and most accurate scenario, 
while the 1 Hz model corresponds to the most sparse and 

challenging case. Fig. 30(a) illustrates the P-wave velocity of these 
low-frequency models at trace 100, and the evolution of the total 
loss during training is shown in Fig. 30(b). The experimental re
sults confirm  a consistent and monotonic trend: inversion 
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performance improves progressively as the upper limit of the low- 
frequency band increases. The recovery of the long-wavelength 
background structure is notably more stable and accurate with 
the 5 Hz model, leading to the lowest final L total, whereas per
formance degrades gradually as the low-frequency content is 
reduced to 1 Hz. Optimal inversion results are achieved when the 
low-frequency model includes comprehensive parameters—P- 
wave velocity, S-wave velocity, and density. Notably, although the 
low-frequency model significantly  influences  the results, the 
variation in total loss L total remains within a narrow range of 
0.033–0.039. This range is substantially smaller than the effects 
induced by other factors, such as the number of convolutional 
layers in the BSFC network or the input width M. The BSFC-SSL 
framework is robust to imperfections in the low-frequency 
model; its semi-supervised and spatially constrained design en
sures stable performance even when the low-frequency input is 
sparse or inaccurate.

4.6. Computational efficiency analysis

While the BSFC-SSL method demonstrates significant  advan
tages in inversion accuracy and spatial continuity, its computa
tional efficiency  is also crucial for practical applications. To 
comprehensively evaluate the computational overhead of BSFC- 
SSL, we compared the training and inference times as well as the 
model parameter counts of 1D-SL, 1D-SSL, 2D-SSL, and BSFC-SSL 
methods under identical experimental conditions using the Mar
mousi2 model. As shown in Fig. 31, the computational time of 

BSFC-SSL was approximately 187 s, compared to 159 s for 2D-SSL, 
indicating an additional computational overhead of about 18% in 
BSFC-SSL. This increase is further reflected in the model parameter 
counts: BSFC-SSL comprises 104,905 parameters, compared to 
94,758 for 2D-SSL, representing an 11% increase in model size. The 
increased computational cost and parameter count primarily stem 
from the introduction of the BSFC network. During training, the 
BSFC network requires additional operations for feature extraction 
and spatial constraint computation, including the recovery of pa
rameters at non-well locations and the enforcement of self- 
consistency constraints. These operations increase the 
complexity of both forward and backward propagation in the 
network architecture. Although BSFC-SSL incurs higher computa
tional time compared to 2D-SSL, it achieves substantial improve
ments in inversion accuracy (as evidenced by PCC, R2, and RMSE 
metrics) and spatial continuity, particularly in complex geological 
regions and under conditions of sparse well constraints. Therefore, 
BSFC-SSL represents a favorable trade-off between accuracy and 
efficiency, making it particularly suitable for practical applications 
where inversion quality is paramount. In future work, we will 
focus on optimizing the BSFC network architecture through 
lightweight design or parallel computing strategies to reduce 
computational costs and enhance the real-time performance and 
scalability of the method. Such optimizations would be particu
larly beneficial  for extending the BSFC-SSL framework to three- 
dimensional AVO inversion problems, where computational de
mands increase substantially with data volume and spatial 
complexity.
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Table 3 
Quantitative analysis of the inversion results for the field data.

Method P-wave velocity S-wave velocity Density

PCC R2 RMSE PCC R2 RMSE PCC R2 RMSE

Model-based 0.7979 0.7582 0.0348 0.7512 0.6948 0.0672 0.5176 0.4266 0.0155
1D-SL 0.8738 0.8203 0.0297 0.8767 0.7751 0.0485 0.8211 0.7401 0.0073
1D-SSL 0.9003 0.8496 0.0253 0.8868 0.7942 0.0416 0.8717 0.7650 0.0049
CL-SSL 0.9091 0.8624 0.0227 0.8973 0.8188 0.0380 0.8540 0.7516 0.0054
2D-SSL 0.9294 0.8652 0.0205 0.9103 0.8454 0.0316 0.9227 0.8516 0.0037
SC-JL 0.9178 0.8709 0.0218 0.9088 0.8346 0.0340 0.9167 0.8623 0.0038
BSFC-SSL 0.9478 0.8981 0.0130 0.9181 0.8698 0.0202 0.9450 0.8838 0.0031
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5. Conclusion

In this article, we introduce the BSFC-SSL method, a novel 
approach to AVO inversion that addresses the limitations of 
traditional one-dimensional and two-dimensional DL methods. 

Unlike one-dimensional DL methods, which suffer from a lack of 
lateral continuity, and two-dimensional DL methods, which fail to 
fully utilize well-log data, the BSFC-SSL method addresses these 
challenges by integrating a label annihilation operator and a 
bidirectional spatial feature constraint (BSFC) network. This 
approach effectively constrains both well-log data and adjacent 
seismic traces, thereby improving both lateral continuity and 
inversion accuracy. Experimental results on both synthetic data 
and field data show that the BSFC-SSL method is superior to the 
model-based, one-dimensional DL, and two-dimensional DL 
methods in terms of lateral continuity and inversion accuracy.
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