Joint Seismic Inversion and Wavelet Estimation
Using Physics-Informed Neural Networks
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Abstract—Seismic inversion, used to estimate elastic and petro-
physical properties of subsurface regions to identify potential
oil and gas reservoirs, is a challenging, ill-posed, and highly
nonlinear problem. Neural networks have shown great potential
in addressing these challenges due to their ability to model
complex nonlinear relationships. However, their application often
requires a large amount of training data, which is often a
limiting factor in practical applications. In this work, we propose
a Physics-Informed Neural Network (PINN) architecture for
seismic inversion and wavelet estimation. The seismic wavelet
is an essential parameter to be applied in the forward seismic
physical model to obtain the seismic traces from impedance
values, so determining its correct value is critical. The novelty of
our approach lies in the introduction of a network designed to
estimate the seismic wavelet, trained jointly with the inversion
network. We evaluated the model on the well-known Marmousi2
synthetic dataset and on real poststack seismic data. Results
demonstrate that the model outperforms traditional approaches
while accurately estimating the wavelet. On the real dataset,
the results indicate the framework’s robustness and its ability
to generalize to complex geological scenarios, highlighting the
potential of PINNs in geophysical applications.

Index Terms—Seismic Inversion, Machine Learning, Oil and
Gas, Physics Informed neural Networks, Neural Networks,
Wavelet Estimation

I. INTRODUCTION

Seismic inversion aims to estimate the elastic and petrophys-
ical properties of subsurface rocks from seismic data, typically
involving a nonlinear mapping between observed data and
model parameters.

Neural networks are well-suited for this task due to their
ability to approximate complex nonlinear relationships, im-
proving inversion accuracy and efficiency compared to con-
ventional approaches [1], [2]. However, their application is
often limited by the need for large labeled datasets, typically
derived from well logs, which are scarce and costly to obtain
in practice [2], [3], [4], [5], [6].
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Physics-Informed Neural Networks (PINNs) address this
limitation by incorporating physical knowledge directly into
the training process. By embedding physical laws as con-
straints, PINNs guide the learning process toward physically
consistent solutions, reducing reliance on labeled data and
improving convergence [1], [3]. Additionally, PINNs enable
the estimation of unknown parameters of the physical model
itself, such as petrophysical properties [7].

In seismic inversion, many PINN-based approaches incor-
porate physics through a forward convolutional model [1], [7],
[8], [9]. These methods typically require a predefined seismic
wavelet, which is feasible in synthetic scenarios but becomes
a limitation in real-world applications where the wavelet is
unknown and must be estimated separately.

In this work, we propose a Physics-Informed Neural Net-
work framework that jointly performs acoustic impedance
inversion and seismic wavelet estimation. By treating the
wavelet as a trainable variable within a convolutional forward
model, the proposed approach enables a unified and physically
consistent inversion process.

The main contributions of this work are:

e A PINN architecture for acoustic seismic inversion that
enables automatic wavelet estimation under limited la-
beled data;

o Improved performance over a standard data-driven neural
network on both synthetic and real datasets.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III presents the theoret-
ical formulation and methodology. Section IV describes the
experimental setup and results. Finally, Section V concludes
the paper and outlines future directions.

II. RELATED WORKS

Physics can be incorporated into neural networks through
different strategies depending on data availability and prior



knowledge. When large datasets are available but the un-
derlying physics is partially unknown, physical consistency
can be encouraged through data-driven approaches such as
symmetry-based augmentation. Conversely, when the govern-
ing physics is well understood but data is scarce, architec-
tures can be designed to embed physical structure, as in
graph neural networks. Physics-Informed Neural Networks
(PINNs) provide a hybrid approach by incorporating physical
constraints—typically through additional loss terms such as
PDE residuals—making them particularly suitable for inverse
problems with limited labeled data [1], [3].

PINNs have been increasingly applied to geophysical prob-
lems, including petrophysical inversion and wave propagation.
Prior works demonstrate their effectiveness in estimating sub-
surface properties from indirect measurements [10], improving
training efficiency through adaptive sampling strategies [11],
and recovering wave velocities in complex Full Waveform
Inversion (FWI) scenarios [12]. These studies highlight the
robustness of PINNs in handling heterogeneous media and
limited data regimes.

In seismic inversion, physics-informed approaches com-
monly incorporate forward seismic modeling as a constraint
during training. For example, [8] showed that embedding a
convolutional forward model improves impedance estimation
compared to purely data-driven methods. Extensions combin-
ing PINNs with Bayesian inference further enable uncertainty
quantification in inversion results [7], [9], enhancing their
applicability in real-world scenarios.

Despite these advances, most existing methods assume a
predefined seismic wavelet, which is often unavailable in prac-
tice and must be estimated separately. This limitation motivates
the present work, which proposes a PINN framework that
jointly estimates acoustic impedance and the seismic wavelet
within a unified, physically consistent formulation.

III. THEORY AND METHODS

This section presents the theoretical formulation and
methodological framework of the proposed Physics-Informed
Neural Network (PINN) for seismic inversion, including
the problem formulation, network architecture, physical con-
straints, and multi-objective loss.

A. Problem Formulation

The inversion problem consists of estimating model param-
eters m from measurements d, related through a physical
operator F:

d = F(m) + e, (1)

where e represents measurement noise.
In a data-driven approach, a neural network G is trained to
approximate the inverse mapping F~!:

m=§g(d;0), 2

where 6 denotes the learnable parameters. In this work, d
corresponds to seismic data and m to acoustic impedance.

To improve generalization and enforce physical consistency,
PINNSs incorporate the forward operator F as a regularization
constraint, minimizing the mismatch between observed data d
and synthetic data d reconstructed from the predicted model:

d = F(m) = F(G(d;9)). 3)

This formulation constrains the model to satisfy both the
observed data and the underlying physical laws. The operator
F is detailed in Section III-C.

B. Network Architecture

The proposed architecture (Figure 1), inspired by [8], con-
sists of four main modules: (i) a Sequential Block with GRU
layers to capture temporal dependencies; (ii) a Local Pattern
Block with 1D convolutions to extract local features; (iii) a
Regression Block mapping features to acoustic impedance; (iv)
a Wavelet Block that predicts the wavelet spectrum and phase
0.

The outputs of the Sequential and Local Pattern blocks are
summed and fed into two branches: the Regression Block
for impedance estimation and the Wavelet Block for wavelet
prediction. The latter includes a Gaussian smoothing layer with
trainable standard deviation o, and the wavelet phase is also
learned as a parameter.
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Fig. 1. Proposed architecture. Seismic input is processed by GRU-based
(temporal) and convolutional (local) blocks, whose outputs are combined
and fed into two branches: impedance regression and wavelet estimation.
The wavelet branch predicts the spectrum and phase, followed by Gaussian
smoothing.

The wavelet estimation block begins with a flattening oper-
ation followed by three linear layers (500, 100, and Ny units),
where Ny is the number of frequency samples of the wavelet
spectrum W. This depends on the wavelet duration T, and

sampling interval dt:
Ty
Ny=|—|. 4
- %] o
Due to symmetry in the Fourier transform of real signals,
only half of the spectrum is required:

if N; is even

Ny /2)+1
if Ny is odd

(N: +1)/2,



A final 1D convolution with a Gaussian kernel (size 5)
smooths the spectrum, attenuating high-frequency noise. All
parameters, including o and ¢, are optimized jointly during
training.

The next section describes how these outputs are incorpo-
rated into the loss function.

C. Forward Model and Physical Consistency

To enforce physical consistency, the seismic response is sim-
ulated within the training pipeline using the physical operator
F, enabling learning from unlabeled data.

The operator F is implemented as a convolution between
a wavelet and reflection coefficients, defined as the Forward
Convolutional Model (F.). Reflection coefficients (RC) are
computed from the predicted acoustic impedance using the
normal-incidence equation [13]:

RO(t, AT) = Al(t 4+ At) — AI(t)7 ©)
Al(t + At) + AI(t)
where AI denotes acoustic impedance.

The synthetic seismic is then obtained by convolving the

RC traces with the predicted wavelet:

d = F.(W;,1h) = W, * RC (7)

where * denotes convolution and W; is the time-domain
wavelet obtained via IFFT of the spectrum Wy (Figure 2).
The seismic misfit is defined as:

Ly= Y MSE(F.(W;,1hy,),dy), ®)
du€U
where U is the set of unlabeled seismic traces.
To promote physically realistic wavelets, a spectral regular-
ization term is introduced:

~— P(fi), €))

where f; are frequency components and p(-) is a probability
function. This term penalizes high-frequency components, en-
couraging low-frequency spectra consistent with real seismic
wavelets.

By incorporating F, through Ly and L,,, the model is
constrained to produce physically consistent impedance and
wavelet estimates while leveraging large amounts of unlabeled
seismic data.

D. Multi-Objective Loss Function

The model is trained using a multi-objective loss:

Ly = OéLp + BLs + ’YLwa (10)
where the property loss is defined as:
Ly= > MSE(G(d),m), (11)

(dl,ml)EL

with L denoting labeled seismic—impedance pairs.
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The weights are set as o = 1, § = ‘l#, and v = 0.1|U‘,

balancing contributions from labeled and unlabeled data.

Each term has a specific role: L, enforces supervised
impedance learning, L, constrains seismic reconstruction, and
L,, regularizes the wavelet spectrum. Since L and L,, depend
only on unlabeled data, they enhance learning beyond the
limited labeled set.

Model parameters are optimized via backpropagation to
minimize L,. The training workflow is illustrated in Figure
2.

E. Metrics

The models are evaluated using the Pearson correlation
coefficient (PCC), the coefficient of determination (R?), and
the mean structural similarity index (M-SSIM). M-SSIM is
computed as the average SSIM over image blocks.

IV. EXPERIMENTS AND RESULTS

This chapter presents the experimental setup and evaluates
the performance of the proposed PINN framework on both
synthetic and real seismic datasets, comparing its results with
a conventional neural network to assess accuracy, robustness,
and physical consistency.

A. Synthetic Case Experiments

The synthetic dataset used in this work is Marmousi2 [14].
Impedance data are converted to time, and synthetic seismic
is generated from acoustic impedance (Al).

Reflection coefficients (RC) are computed using Equation 6,
followed by convolution with an Ormsby wavelet (5-10-60-89
Hz). Gaussian white noise (15 dB) is added to simulate
measurement noise. The resulting dataset contains 13,601
traces with 950 samples, spanning 17 km and 1.898 s.

For training, 10 seismic—impedance pairs were selected to
simulate well logs (8 for training, 2 for testing). To increase
variability, trace 2300 (around 3000 m) was manually in-
cluded. A total of 10,000 traces were used as unlabeled data.

The wavelet duration was set to T,, = 0.2 s and the
sampling interval to dt = 2 x 1073 s, yielding Ny = 51
(Equation 5).

Figure 3 shows the predicted impedance over all traces.
The model reproduces the main geological features, although
lateral continuity is limited due to the use of 1D convolutions,
which process traces independently [8].

Figure 4 shows predictions on test traces, with strong
agreement with ground truth (PCC = 0.97, R? = 0.85),
except for small deviations after 1.75 s.

Setting 8 = 0 reduces the model to a standard neural
network (NN). Table I shows that the PINN outperforms the
NN across all metrics.

Figure 5 shows the seismic reconstructed from the estimated
wavelet, with high similarity to the reference (M-SSIM =
0.95), indicating consistency with the imposed physical con-
straints.

Figure 6 compares the estimated and true wavelets. The
predicted wavelet accurately captures both shape and phase
(difference < 0.1°), with a similar spectral distribution.
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Fig. 2. Training workflow of the proposed PINN. Labeled and unlabeled data are used to predict impedance and wavelet parameters. Synthetic seismic
generated through the forward model enables computation of Ls and L., while L, is computed from labeled data. The combined loss L; is used for

optimization.
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Fig. 3. Acoustic inversion on the Marmousi2 dataset: (i) predicted impedance,
(ii) reference impedance, and (iii) absolute difference. The model captures the
main structures with localized discrepancies.

TABLE I
MODEL PERFORMANCE ON THE SYNTHETIC DATASET. PCC AND R? ARE
COMPUTED ON TEST TRACES, AND M-SSIM ON FULL IMPEDANCE MAPS.

Metric NN PINN
PCC 0.76 097
R? 055 085
M-SSIM 024 084

B. Real Case Experiments

The model was evaluated on real poststack seismic data and
acoustic impedance well logs. The dataset consists of a 2D
seismic section with 683 traces and a two-way time (TWT)
of 0.5 s. All traces were used as unlabeled data. Four well
logs were used as labeled data: three for training/validation
and one for testing.

Figure 7 shows the inversion results for the PINN. The
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Fig. 4. Predicted vs. true impedance in test traces, showing high correlation
(PCC =0.97, R2 = 0.85).

PINN produces less noisy results with improved lateral con-
tinuity. Compared with the seismic data (Figure 10), the
PINN better delineates reflectors. Quantitative results (Table
II) obtained via 3-fold cross-validation confirm that the PINN
outperforms the NN.

TABLE I
MODEL COMPARISON USING 3-FOLD CROSS-VALIDATION.

Metric NN
PCC 0.51
R2 0.11

PINN
0.65
0.24

Figure 8 presents the test trace results. The PINN achieves
higher accuracy (PCC = 0.89, R? = 0.79) compared to the
NN (PCC = 0.58, R? = 0.20).

Figure 10 compares predicted and real seismic data. The
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(M-SSIM = 0.95).
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Fig. 6. Comparison of reference and predicted wavelets (left) and spectra
(right). The model recovers both phase and spectral characteristics with high
accuracy.

results show strong visual similarity (M-SSIM = 0.75),
although localized reductions in similarity along reflector
boundaries suggest minor phase discrepancies.

Figure 9 shows the estimated wavelet and spectrum. The
spectrum is dominated by low-frequency components (below
40 Hz, peak around 15 Hz), consistent with typical seismic
wavelets. The estimated phase is 8.2°.

C. Hardware and Software

The models were trained on an NVIDIA GeForce GTX
1080 Ti GPU. All software was implemented in Python,
using the PyTorch, NumPy, and scikit-learn libraries. In the
synthetic experiment, PINN training takes approximately 30
minutes, whereas the standard NN requires about 1 minute.
In the real-case experiment, both PINN and NN training take
approximately 30 seconds. Code is available at [15].

V. CONCLUSION

Seismic inversion is a key method for modeling subsurface
properties in oil and gas exploration. While neural networks
have shown strong potential for addressing complex and ill-
posed problems, their performance is limited by the scarcity
of well log data. Physics-Informed Neural Networks (PINNs)
mitigate this issue by incorporating prior physical knowledge
into training, reducing dependence on labeled data. Recent
PINN-based approaches leverage convolutional forward mod-
els as physical constraints, but most require prior wavelet
modeling or extraction by specialists.

This work proposes a PINN framework for acoustic seismic
inversion that integrates the convolutional forward model
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Fig. 7. Acoustic inversion on real data. Solid black lines indicate horizons of
the zone of interest, dashed black lines indicate training wells, and the dashed
red line indicates the test well.
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Fig. 8. Test trace comparison between PINN (left) and NN (right). The PINN
shows superior agreement with ground truth.

and enables automatic wavelet estimation during training. By
removing the need for prior wavelet modeling, the approach
reduces expert dependency and simplifies the inversion work-
flow. The model was evaluated on the synthetic Marmousi2
dataset and a real poststack dataset, outperforming non-PINN
models in both cases with minimal labeled data. In the
synthetic case, the model accurately recovers the wavelet,
while in the real dataset it estimates realistic low-frequency
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Fig. 9. Estimated wavelet (via IFFT) and spectrum. The model recovers a
low-frequency-dominated spectrum with phase 8.2°.
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Fig. 10. Predicted vs. real seismic data and structural similarity (SSMI). The
model achieves M-SSIM = 0.75 within the zone of interest, indicating
consistency with physical constraints.

wavelets, producing synthetic seismic data with high similarity
to the observed data.

The predicted impedances exhibit limited lateral continuity,
likely due to the use of 1D convolutions, which could be
addressed with 2D architectures or post-processing. Although
the estimated wavelets are realistic, further comparison with
traditional extraction methods is needed to better assess lim-
itations. Future work includes integrating the model into
automated well-tie workflows, leveraging its ability to jointly
estimate impedance and wavelet directly from seismic data.
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