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Abstract

This study presents a probabilistic deep learning framework developed for full waveform
inversion (FWI) to detect and characterise subsurface velocity anomalies induced by stored
CO2. Three convolutional neural network architectures—LinkNet, UNet, and a feature
pyramid network (FPN)—were trained and evaluated on the Kimberlina CO2 synthetic
dataset from the OpenFWI repository, which simulates CO2 injection scenarios within
stratified reservoirs. The FPN architecture with an SE-ResNet50 backbone achieved the
best performance (R2 = 0.9386, MSE = 3.1676 × 10−4, MAE = 4.5249 × 10−3). Uncer-
tainty quantification was performed using variational inference with the Flipout estimator,
which enables the separation of aleatoric and epistemic uncertainty. The predicted velocity
models accurately reconstruct the background stratigraphy and the low-velocity anomaly
associated with the CO2 plume. The aleatoric uncertainty remains at around 101 m/s
and is spatially localised to delineate the geometry of the low-velocity zone. In contrast,
the epistemic uncertainty is several orders of magnitude smaller, at around 10−3 m/s,
and increases specifically over the lowest-velocity region of the anomaly. This structured
distribution indicates where the velocity reconstruction is least reliable. Calibration sub-
stantially reduced the overall miscalibration area, decreasing the magnitude of the aleatoric
component while slightly increasing that of the epistemic uncertainty over the CO2 plume
anomaly, although the spatial structure of both components remained unchanged. This
uncertainty decomposition and calibration help to distinguish between data noise and
model limitations. It provides direct information for designing acquisitions and assessing
risks, which is an area that is not widely covered in the current literature.

Keywords: seismic inversion; feature pyramid network; CO2; epistemic uncertainty;
aleatoric uncertainty

1. Introduction
Data-driven and deep learning frameworks have a wide range of applications in sub-

surface characterisation from seismic data, including the prediction of petrophysical prop-
erties such as porosity, lithology, and elastic impedance [1–6], facies characterisation [7–10],
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prediction of fluid and lithofacies distributions [11–13], characterisation of carbonate reser-
voirs [14,15], three-dimensional modelling from multiple geophysical sources [16], and re-
lated tasks such as fault segmentation and AVO inversion [17–19].

One of the fields where deep learning has been widely applied is in inversion problems.
Seismic inversion transforms reflection data into quantitative models of rock properties, pro-
viding a fundamental basis for reservoir characterisation. Of the available methodologies,
full waveform inversion (FWI) is notable for its ability to estimate parameters such as veloc-
ity and density directly from the full waveform simultaneously [20–24]. This capability has,
in turn, enabled the discrimination of different fluids, including natural gas, CO2 and hy-
drogen [25]. In recent years, artificial intelligence has been integrated into these workflows
through the use of convolutional neural networks for FWI. This improves the detection of
velocity anomalies associated with gases and enables their characterisation [26–32].

Unlike traditional FWI, which is limited by factors such as high computational cost,
convergence to local minima, and dependence on an accurate initial model, deep neural
networks have enabled faster inversion, modelling of nonlinear relationships, and quantifi-
cation of uncertainties through Bayesian frameworks [33–44]. Due to the limited availability
of field data, particularly for CO2 characterisation, these studies have relied on synthetic
databases generated through seismic modelling [45–53].

CO2 injection modifies the properties of subsurface rock, reducing its density and
increasing its compressibility. This results in a decrease in seismic velocities, which facili-
tates the detection of gas-saturated zones and enables the estimation of reserves through
FWI [22,24,54–58]. Gases of interest, such as methane, ethane and CO2, together with
emerging resources such as geological hydrogen, tend to accumulate in structural traps.
These gases exhibit distinctive seismic signatures that can be detected using advanced
inversion techniques [59–63]. Geophysical monitoring is essential for ensuring the safety of
gas storage, CO2 sequestration and geothermal projects [64–68].

Monitoring the injection and migration of CO2 in the subsurface is essential to ensure
the safety, efficiency, and long-term integrity of storage operations. In this context, static,
single-baseline FWI is a key tool for characterising the velocity model of the subsurface at a
given point in time. This is complemented by approaches based on refracted-wave analysis
and well-data integration [69–72]. Furthermore, data-driven and physics-constrained
deep learning models demonstrate strong capabilities in subsurface fluid dynamics across
stratified media [73] and simultaneously estimating petrophysical properties and reservoir
dynamic changes [74,75]. Such static inversions are a necessary methodological step
towards more advanced time-lapse (4D) monitoring frameworks, which track changes in
the velocity field over time. Due to the limited availability of real monitoring data, synthetic
databases comprising single-baseline and time-lapse datasets have also been suggested for
training and validating the relevant models [76–79].

Due to the ill-posed nature of seismic inversion, various approaches have been
adopted to quantify uncertainty, including Bayesian methods, ensemble-based techniques,
and Monte Carlo dropout integrated with full wavefield inversion (FWI) [75,80–83]. Be-
yond FWI, uncertainty quantification based on deep learning has also been applied to
a range of related geophysical inversion and interpretation tasks, including fault de-
tection, AVO inversion, refraction tomography, and lithological modelling [16–18,84].
However, most of these studies, including those focused on CO2 monitoring, only es-
timate total uncertainty without distinguishing between its epistemic (reducible and asso-
ciated with model knowledge) and aleatoric (irreducible and associated with data noise)
components [80–83,85]. Even in other fields, few studies have quantified these components
separately, and even fewer have assessed whether the resulting uncertainty estimates are
properly calibrated. In seismics, the number of studies addressing the separation and
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calibration of aleatoric and epistemic uncertainty is even smaller, which limits our ability to
focus our efforts on acquiring more data, better characterising the system’s intrinsic noise,
or trusting the reported uncertainty as a statistically meaningful measure of confidence.

In several of these fields, efforts have specifically focused on decoupling epistemic from
aleatoric uncertainty using approximate Bayesian approaches, such as Monte Carlo dropout,
deep ensembles, and invertible neural networks [86–88]. This body of work confirms that
decomposing predictive uncertainty into its two components is feasible and informative
in diverse geophysical settings. Doing so improves model interpretability and supports
calibration assessment. Nevertheless, few studies in any field have assessed whether
the resulting uncertainty estimates are properly calibrated. In seismology, particularly in
relation to CO2 monitoring, the number of studies addressing the separation and calibration
of aleatoric and epistemic uncertainty is especially limited. This gap constrains the ability to
focus efforts on acquiring more data, characterising the system’s intrinsic noise, or trusting
the reported uncertainty as a statistically meaningful measure of confidence. It is this gap
that this study aims to address.

The main contribution of this study is twofold. Firstly, it comparatively evaluates three
convolutional neural network architectures—UNet, LinkNet and FPN—for full waveform
inversion to reconstruct CO2-induced velocity anomalies. Second, the architecture that
performs best is adapted into a probabilistic framework that can estimate predictive uncer-
tainty. This uncertainty is then decoupled into epistemic and aleatoric components and
recalibrated pixel by pixel to improve the reliability of these estimates. This combination of
a systematically selected inversion architecture and decoupled, recalibrated uncertainty
quantification provides accurate velocity reconstructions and a principled, statistically
reliable means of distinguishing between reducible model limitations and irreducible data
noise in CO2 seismic monitoring.

2. Dataset
The Kimberlina-CO2 seismic dataset is based on numerical simulations of the 2D

acoustic wave equation [27,33,34,89–91]. The wave equation is expressed as:

∇2Φ(x, z, t)− 1
v2

∂2Φ(x, z, t)
∂t2 = S(x, z, t), (1)

where ∇2 = ∂2

∂x2 +
∂2

∂z2 , is the Laplacian, v is the velocity model, Φ(x, z, t) is the wavefield,
and S(x, z, t) represents the source term. Since a controlled-source method is employed,
the source term S is known a priori, making the direct modeling problem involve computing
the wavefield Φ given the velocity model v.

The Kimberlina-CO2, dataset, available in OpenFWI, comprises 19,430 pairs of seismic
records and corresponding reference velocity models [89,92]. These models were generated
to simulate geological CO2 storage scenarios in the subsurface. The 2D velocity models
feature low-velocity anomalies associated with CO2, embedded within a stratified back-
ground. Velocities range from 947 m/s to 2546 m/s. Each model is defined on a grid of
141 × 401 nodes, with a spatial resolution ∆x = ∆y = 10 m, covering a horizontal extent of
4 km and a depth of 1.4 km.

Seismic acquisition modelling involves nine shot records distributed along the surface
at 400 m intervals. Each shot gathers data from 101 receivers spaced every 40 m. The seismic
line extends over 3.6 km. The data sampling rate is ∆t = 2 ms, with a record length of
2.5 s, resulting in 1251 samples per trace. Figure 1a shows a random model from the
dataset, displaying the subsurface structure used to generate the synthetic data. Figure 1b
shows the corresponding shot records, illustrating the seismic traces recorded at the nine
source positions.
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(a)

(b)

Figure 1. Representative example of the Kimberlina-CO2 dataset, randomly selected. (a) Reference
velocity model, displaying low-velocity anomalies associated with CO2 presence, visible as a transi-
tion zone between approximately x ≈ 1500 m/s and x ≈ 2000 m/s. (b) Shot records corresponding
to 9 shots distributed across the surface, each consisting of 101 traces spaced every 40 m, with a
recording duration of 2.5 s.

Prior to training, velocity values were normalized using the minimum and maximum
of the training dataset via min–max scaling:

vnorm =
v − vmin

vmax − vmin
, (2)

where vmin and vmax correspond to the minimum and maximum velocity values observed
in the training set. As a result, vnorm is a dimensionless quantity in the range [0, 1].

3. Methodology
Quantifying uncertainty is central to geophysical modeling, particularly in seismic

inversion, where the indirect nature of observations allows multiple subsurface config-
urations to produce similar seismic responses [61,84]. This ambiguity, characteristic of
ill-posed inverse problems, calls for statistical frameworks that can characterize and prop-
agate uncertainty throughout the inversion process [16,17,86,93,94]. Within this frame-
work, distinguishing epistemic uncertainty arising from incomplete knowledge of the
system and reducible through methodological refinement or additional data [18,84,95–97].
From aleatoric uncertainty, arising from inherent variability in the physical system and
measurement process, and largely irreducible [17,84,87,98], is essential, since it determines
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which sources of uncertainty can be actively minimized and which must be accepted as
fundamental limits on subsurface predictions. Capturing both uncertainties in a neural net-
work requires treating its weights as random variables rather than fixed values, which we
formalize next through a Bayesian neural network (BNNs) formulation. Along with the in-
troduction of BNNs, we also discuss the Flipout approach that will be used in our Bayesian
inversion network, on the strength of the advantages outlined in detail in the following
section. As we will show, it removes the gradient-variance plateau that otherwise limits
BNN training under large mini-batches, it does so at a modest and parallelizable compute
overhead, and it applies uniformly across the convolutional and dense layers that compose
our architecture, leaving the aleatoric output head and NLL function unaffected [99]. report
that this variance reduction translates into more reliable convergence of the variational
posterior and, in turn, into better-behaved uncertainty estimates than those obtained with
naively shared weight perturbations, a property we likewise observe in our experiments,
where the resulting epistemic uncertainty maps show improved calibration against held-out
seismic responses compared to a shared-perturbation baseline. This benefit is particularly
pronounced for our dataset because seismic gathers are naturally organized into large
batches (whole shots or survey patches), so training without Flipout would leave the poste-
rior variance poorly estimated precisely in the large-batch regime our data require, while
Flipout near-ideal 1/N variance scaling lets us train at these realistic batch sizes without
trading away the fidelity of the recovered epistemic uncertainty.

3.1. Bayesian Neural Networks

To estimate the epistemic component of uncertainty in the inversion network, we
adopt a Bayesian neural network (BNN) formulation in which the network weights are
treated as random variables rather than fixed point estimates [100–102]. Let f (x, W) denote
the output of a network with weights W given input x (e.g., the seismic trace), and let qθ(W)

denote a variational distribution over the weights, parameterized by θ. Following [103,104],
training proceeds by maximizing the evidence lower bound (ELBO)

F (θ) = EW∼qθ

[︁
log p(D | W)

]︁
− DKL

(︁
qθ ∥ p(W)

)︁
, (3)

where p(W) is a prior over the weights and D denotes the observed (seismic) data. The first
term rewards data fit, while the KL term regularizes qθ toward the prior. It is common to
use as prior an independent, zero-mean Gaussian over every weight in the network

p(Wij) = N (0, I). (4)

This is the standard weakly informative choice for variational BNNs [104], it does not
favor any particular sign or direction for the weights, and it penalizes unnecessary model
complexity in the absence of supporting data precisely the role played by the KL term in
the ELBO. On the other hand, we approximate the true posterior p(W | D) with a fully
factorized Gaussian,

qθ(Wij) = N (µij, σ2
ij), (5)

so that θ = {µij, σij}i,j are the variational parameters learned during training (in the
notation used below, µij ≡ Wij). To guarantee σij > 0 while remaining differentiable, we
parameterize it through a softplus transform of an unconstrained variable ρij

σij = log
(︁
1 + exp(ρij)

)︁
, (6)
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and optimize ρij directly via backpropagation through the a fully factorized Gaussian
posterior, under which each weight is sampled via the reparameterization trick as

Wij = Wij + σij ϵij, ϵij ∼ N (0, 1), (7)

which scales the perturbation with the magnitude of the mean weight Wij useful here
because the dynamic range of weights across layers of a seismic inversion network (e.g.,
velocity fields) can vary substantially. In both cases, W represents the posterior mean
weights and σ2

ij the posterior variance, which directly encodes epistemic uncertainty: it
shrinks as the network is exposed to more informative data and is, in principle, reducible.

3.1.1. The Mini-Batch Variance Problem and Flipout Strategy

Sampling network weights stochastically at every forward pass is what allows the
BNN to propagate epistemic uncertainty through to the output (e.g., posterior distributions
over subsurface properties). However, naively implementing this is computationally
prohibitive: a separate weight sample for every example in a mini-batch requires storing
and applying a distinct perturbed weight tensor per example, far more expensive than the
single shared weight matrix used in standard deterministic training. In practice, this forces
most implementations to draw a single perturbation ∆W and share it across all N examples
in a mini-batch. This sharing induces correlations among the per-example gradients, so
the variance of the mini-batch gradient estimator does not decay as 1/N. For uncertainty-
quantification workflows on geophysical data, where mini-batches are often necessarily
large (2D survey patches), this is a serious bottleneck: training converges slowly, and the
resulting posterior over weights can be poorly estimated, degrading the quality of the
epistemic uncertainty maps the inversion is meant to deliver. Flipout [99,105] resolves this
without sacrificing the efficiency of shared-weight computation. It relies on the observation
that, for any perturbation distribution that factorizes across weights and is symmetric about
zero, which the Gaussian posteriors used in our BNN satisfy, the distribution is invariant
under elementwise multiplication by a random sign matrix. Exploiting this, Flipout draws
a single base perturbation ˆ︃∆W ∼ qθ shared across the batch, but assigns each example n its
own pseudo-independent perturbation via a rank-one sign matrix

∆Wn = ∆ ˆ︁W ⊙ rns⊤n , (8)

for a convolutional layer, rn and sn act on the input and output channel dimensions,
respectively, while their resulting sign pattern is broadcast over the spatial dimensions
of the convolutional kernel. For a 2D convolutional layer, let X ∈ RN×H×W×Cin denote
the input activations, where N is the mini-batch size, H and W are the spatial dimensions,
and Cin is the number of input channels. The posterior mean kernel W̄ and the shared base
perturbation ∆ ˆ︁W have shape W̄, ∆ ˆ︁W ∈ Rkh×kw×Cin×Cout , where kh × kw is the convolutional
kernel size and Cout is the number of output channels. Here, W̄ denotes the posterior mean
of the convolutional weights, whereas Delta ˆ︁W denotes the zero-mean base perturbation
sampled from the variational posterior. For each example n, Flipout draws independent
Rademacher sign vectors rn ∈ {−1,+1}Cin and sn ∈ {−1,+1}Cout . Let R and S stack
the per-example sign vectors rn and sn row-wise, respectively, R ∈ {−1,+1}N×Cin , and
S ∈ {−1,+1}N×Cout . For the convolutional operation, these tensors are reshaped as

R → RN×1×1×Cin , S → RN×1×1×Cout ,
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so that they are broadcast over the spatial dimensions. The Flipout forward pass is therefore

Y = ϕ
[︂
Conv2D(X, W̄) + Conv2D(X ⊙ R, ∆ ˆ︁W)⊙ S

]︂
, (9)

where ϕ denotes the activation function and Y ∈ RN×H′×W ′×Cout . Thus, R is broadcast
over the input spatial dimensions (H, W), whereas S is broadcast over the output spa-
tial dimensions (H′, W ′), ensuring tensor compatibility across convolutional layers with
different spatial resolutions and channel dimensions. This requires only one additional
matrix multiplication relative to a shared-perturbation forward pass, roughly 2× overhead,
parallelizable, and substantially cheaper than full per-example weight sampling. Plugging
the resulting Flipout perturbations into the variance decomposition, the authors arrive at

Var(GB) =
1
N

α +
N − 1

N
γ, (10)

where α is the per-example gradient variance, and γ is the covariance term arising from the
shared base perturbation. Finally, we model the aleatoric part directly at the network output
by replacing the conventional deterministic output layer with a probabilistic output layer
in TensorFlow Probability (https://www.tensorflow.org/probability, accessed on 1 July
2026), which maps the network’s final hidden activations to the parameters of a predictive
distribution rather than to a single point estimate. In fact, for a target y (e.g., a subsurface
property at a given location), the network outputs both a mean and a standard deviation

µ(x, W) = hµ(x, W), σy(x, W) = softplus
(︁
hσ(x, W)

)︁
, (11)

and the predictive distribution, conditioned on a given weight sample W, is taken to
be Gaussian

p(y | x, W) = N
(︁
y ; µ(x, W), σ2

y (x, W)
)︁
. (12)

The softplus transform on hσ guarantees a strictly positive variance while allowing it
to be learned as a function of the input, so the network can express heteroscedastic noise,
i.e., predict larger aleatoric uncertainty in regions of the input space (e.g., noisier or more
ambiguous seismic responses) and smaller uncertainty elsewhere. This σy(x, W) is learned
jointly with the rest of the network but remains conceptually distinct from the posterior
variance σ2

ij of the latter reflects uncertainty about the weights, while σ2
y (x, W) reflects

irreducible noise in y given a fixed, fully specified model.

3.1.2. Negative Log-Likelihood as the ELBO Loss

With the predictive distribution p(y | x, W) defined above, the data-fit term of the
ELBO is evaluated by drawing a weight sample Wn via Flipout for each example n in the
mini-batch and computing the log-likelihood of the observed target under the resulting
Gaussian predictive distribution. For a single training example (x, y), this is [106]:

log p(y | x, W) = −1
2

log
(︁
2πσ2

y (x, W)
)︁
−

(︁
y − µ(x, W)

)︁2

2σ2
y (x, W)

. (13)

Minimizing the negative of this quantity defines the negative log-likelihood (NLL) loss
used during training,

LNLL(x, y, W) =
1
2

log
(︁
2πσ2

y (x, W)
)︁
+

(︁
y − µ(x, W)

)︁2

2σ2
y (x, W)

, (14)
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averaged over a mini-batch B of size N to approximate the expectation over D. This loss
automatically penalizes overconfident predictions: if σ2

y (x, W) is small but the squared
residual is large, the second term grows sharply, while shrinking σ2

y (x, W) too aggressively
is discouraged by the logarithmic term, so the network is incentivized to learn an aleatoric
variance that genuinely reflects the spread of plausible targets, rather than collapsing to an
arbitrarily narrow or wide interval. Combining this NLL with the closed-form KL term,
the full training objective minimized over θ is the negative ELBO [107].

ˆ︁L(θ) = 1
N

N

∑
n=1

LNLL(xn, yn, Wn) +
1
|D| DKL

(︁
qθ ∥ p

)︁
, (15)

where the KL term is rescaled by 1/|D (or, equivalently, by the number of mini-batches per
epoch) so that its relative weight does not dominate the data-fit term as the dataset size
grows. In this formulation, the two predictive sources of uncertainty are cleanly separated
by construction: epistemic uncertainty is obtained by drawing multiple weight samples
W(k) ∼ qθ at inference time and examining the spread of the resulting means µ(x, W(k)),
while aleatoric uncertainty is read directly from the learned σy(x, W(k)) for each draw
together yielding a full predictive distribution that decomposes total uncertainty into its
reducible and irreducible components.

3.1.3. Calibration of Uncertainty Estimates

Beyond decomposing the predictive uncertainty into its epistemic and aleatoric compo-
nents, it is essential that the resulting distributions be calibrated: a model is calibrated when
its predicted confidence levels match the empirically observed frequencies, so that, for ex-
ample, 90% credible intervals contain the true value in 90% of cases. Formally, denoting by
Fx the predictive cumulative distribution function for input x, calibration requires

P
(︂

y ≤ F−1
x (p)

)︂
= p, ∀ p ∈ [0, 1], (16)

a condition that can be assessed empirically through reliability diagrams and summarised
by the miscalibration area, i.e., the area enclosed between the empirical calibration curve
and the ideal diagonal.

Although the Flipout estimator yields low-variance, in our application the statistical
properties of the data vary strongly across the spatial domain such as differences in reflec-
tivity contrasts, uneven source–receiver artifacts, and reduced seismic sensitivity at depth
cause the network to be systematically overconfident in some regions and underconfident
in others. Calibration quality is therefore spatially heterogeneous, and a single global
correction would be insufficient.

To address this, we apply a post-hoc recalibration procedure based on isotonic re-
gression, following Kuleshov et al. [108]. Using a held-out validation set, the empirically
observed proportion of true values falling below each predicted quantile is computed,
and an auxiliary isotonic (monotone, non-parametric) regressor R : [0, 1] → [0, 1] is fitted
to map the predicted cumulative probabilities onto their observed frequencies. The recal-
ibrated predictive distribution is then obtained as R ◦ Fx. Because isotonic regression is
monotone, it preserves the ordering of the predicted quantiles and the spatial structure of
the uncertainty maps, adjusting only the widths of the credible intervals. Given the spatial
variability of the miscalibration described above, this procedure was applied independently
to each pixel of the output grid, using the uncertainty-toolbox implementation.
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3.2. Network Architectures

Three convolutional neural network architectures were selected for comparison:
the Feature Pyramid Network (FPN) [109], LinkNet [110], and UNet [78], illustrated in
Figure 2a–c respectively.

(a) (b) (c)

Figure 2. Proposed network architectures for probabilistic full-waveform seismic inversion. The input
consists of seismic records from nine shots (101 receivers and 1251 time samples), which are reduced
via two stages of convolution and max pooling before being resized to 288 × 96. An SE-ResNet50
backbone extracts hierarchical feature maps with per-channel attention, which are fused by a decoder
and concatenated to produce a probabilistic output P(v | traces), from which the predicted velocity
model and its associated uncertainty are obtained. (a) FPN decoder, combining backbone feature
maps (C1–C5) via lateral connections and a top–down path with additive fusion at each pyramid
level (P−1–P5). (b) LinkNet decoder, which fuses encoder and decoder features through direct skip
connections at each resolution level. (c) U-Net decoder, which fuses encoder and decoder features
through concatenation-based skip connections at each resolution level.

The three architectures used SE-ResNet50 [111] for feature extraction and were trained
and evaluated under the same conditions. Based on this analysis, the FPN-based architec-
ture was selected.

Figure 2a shows the first architecture, in which the FPN decoder fuses the backbone
feature maps through lateral connections and a top–down pathway. This produces seven
feature levels (P5–P−1) with filters ranging from 2048 to 32 channels. These levels are com-
bined additively and concatenated into a unified tensor. The second architecture (Figure 2b)
uses a LinkNet decoder that fuses encoder and decoder features at each resolution level via
skip connections and element-wise addition. This approach keeps the number of channels
constant, reduces computational cost, and preserves spatial detail. The third architecture
(Figure 2c) uses a U-Net decoder to combine features from the encoder and decoder at
each resolution level via skip connections based on concatenation rather than element-wise
addition. While this increases the number of channels, parameters and computational
cost, it retains more complete information from the encoder. In three architectures, this
process yields a probability distribution, denoted p(v|d), which is optimised using the
negative log-likelihood (NLL) loss function. The estimated velocity model µ(x, z) and its
associated uncertainty are derived from this distribution. All models were trained on an
NVIDIA GeForce RTX 3070 Ti GPU with an adaptive learning rate scheduler initialised
at 0.01, and early stopping was applied to prevent overfitting and determine the optimal
number of training epochs. The total training time ranged from approximately 8 to 10 h
per model.

The probabilistic output layer was built using TensorFlow Probability [112] for all three
architectures (https://www.tensorflow.org/probability, accessed on 1 July 2026). To ensure
that the confidence intervals reflect the true observed frequencies as accurately as possible,
the predicted uncertainty was calibrated and subsequently recalibrated using the uncertainty-
toolbox library (https://github.com/uncertainty-toolbox/uncertainty-toolbox/blob/main/
examples/viz_recalibrate.py, accessed on 1 July 2026).
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4. Results
A comparison of the three architectures on the test set is summarised in Table 1.

The FPN-based network achieved the highest coefficient of determination and the lowest
mean squared error, outperforming the LinkNet and U-Net variants. Although the mean
absolute error (MAE) of LinkNet was marginally lower than that of FPN, FPN exhibited
more consistent performance across metrics, particularly in terms of explained variance
and squared error. Based on these results, the FPN architecture was selected as the best-
performing model and adopted for the rest of the study.

Table 1. Evaluation metrics on the test set for the three explored architectures (FPN, LinkNet,
and UNet), including the coefficient of determination (R2), Mean Absolute Error (MAE), and Mean
Squared Error (MSE). MAE and RMSE values are normalized.

Métric FPN LinkNet UNet

R2 0.9386 0.9242 0.911
MAE 4.5249 × 10−3 4.2469 × 10−3 6.7375 × 10−3

MSE 3.1676 × 10−4 3.9087 × 10−4 3.7363 × 10−4

As shown in Figure 3, the training NLL and MAE curves decline sharply during the
initial epochs and then stabilise at low levels. The validation curve also declines initially
but fluctuates throughout training, with a noticeable spike at epoch 12. From approximately
epoch 13 onwards, the training and validation curves converge and remain close at low
values, with no strong evidence of sustained overfitting.

(a) NLL (b) Mean Absolute Error - MAE

Figure 3. Evolution of the NLL and Mean Squared Error (MAE) for training and validation sets across
epochs during model training.

The proposed FPN-based model was benchmarked against two established deter-
ministic approaches, VelocityGAN and InversionNet [89], on the Kimberlina-CO2 dataset
(see Table 2). The model achieved a mean absolute error (MAE = 0.0045) and root mean
squared error (RMSE = 0.0176) lower than those obtained by both benchmark models.

Table 2. Benchmark comparison on the Kimberlina-CO2 dataset between VelocityGAN, Inversion
Net and the proposed FPN-based model. MAE and RMSE values are normalized and expressed
in km/s.

Model MAE RMSE

VelocityGAN (ℓ1) [89] 0.0122 0.0574
VelocityGAN (ℓ2) [89] 0.0119 0.0387
Proposed model (FPN) 0.0045 0.0176
Inversion Net (ℓ1) [89] 0.0061 0.0374
Inversion Net (ℓ2) [89] 0.0098 0.04
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The framework attains this level of accuracy while also providing calibrated, pixel-
wise epistemic and aleatoric uncertainty estimates. This offers a measure of confidence that
is unavailable in VelocityGAN or InversionNet. These results suggest that the FPN-based
Bayesian formulation is a favourable candidate for CO2-monitoring applications requiring
both estimation accuracy and uncertainty quantification.

Probabilistic models often produce poorly calibrated uncertainty estimates, meaning
that the predicted confidence intervals do not accurately reflect the true frequency of ob-
served outcomes. Recalibration addresses this issue by adjusting the predicted distribution
to better match empirical coverage, thereby making the resulting uncertainty estimates
statistically meaningful. As the FPN model provides a probabilistic output for each pixel in
the velocity model, the recalibration procedure was applied to each pixel independently.

Figure 4 illustrates the result of this procedure for a randomly selected pixel. Be-
fore recalibration, the proportion of true values falling within the predicted intervals is
substantially higher than the diagonal for most of the range, indicating overconfidence in
the model at this pixel: the predicted uncertainty intervals are narrower than required for
nominal coverage.

Figure 4. Calibration curves for the FPN model before (left) and after (right) recalibration, showing the
observed proportion of true values falling within each predicted confidence interval as a function of
the predicted proportion. The dashed diagonal line represents perfect calibration. The miscalibration
area, computed as the area between the calibration curve and the diagonal, decreases from 0.34 before
recalibration to 0.07 after recalibration.

This is reflected in a miscalibration area of 0.34. After recalibration, however, the cal-
ibration curve lies much closer to the diagonal across the entire range of predicted pro-
portions and the miscalibration area is reduced to 0.07, representing an approximately
fivefold improvement. This behaviour was consistent across most pixels in the output
grid, indicating that the recalibration procedure substantially improves the reliability of
uncertainty estimates throughout the estimated velocity model. This allows the predicted
confidence intervals to be interpreted as meaningful probabilistic bounds.

Figure 5 shows the spatial distribution of the miscalibration area across the predicted
velocity model, comparing calibration and recalibration results. In the calibration, the mis-
calibration area is heterogeneous, with high values exceeding 0.4 concentrated in the shal-
low part of the model (y < 1000 m) and in the left-hand portion of the domain (x < 1000 m).
A distinct horizontal band of high miscalibration is also visible at y = 500 m. This pattern
indicates that the uncertainty estimates produced by the FPN model are considerably less
reliable in these regions, likely corresponding to areas of greater structural complexity or
reduced seismic sensitivity at depth.
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Figure 5. The miscalibration area is computed across the predicted velocity model before (left) and
after (right) applying pixel-wise recalibration. The value at each location represents the area enclosed
between the local calibration curve and the diagonal corresponding to perfect calibration. Darker
regions, which are associated with lower values, indicate a more accurate estimate of uncertainty.

Recalibration substantially reduces the miscalibration area, which becomes markedly
more homogeneous throughout the domain, with most values falling below 0.2. Although a
region of slightly higher miscalibration remains near the shallow, left-hand side of the
model, its magnitude is considerably reduced relative to the uncalibrated case. These results
demonstrate that the pixel-wise recalibration procedure improves the overall reliability of
the uncertainty estimates and reduces the spatial heterogeneity in calibration quality across
the estimated velocity model, as previously illustrated for a single pixel.

Figure 6 presents the results of the probabilistic inversion for for two representative
velocity models, Model 1 and Model 2 (top and bottom, respectively), randomly selected
from the held-out test set used to evaluate the trained network. In both cases, panel (a)
shows the reference velocity model, panel (b) the predicted velocity model, panels (c,d)
the calibrated and recalibrated aleatoric uncertainty, and panels (e,f) the calibrated and
recalibrated epistemic uncertainty.

The two reference models (see panels 1a y 2a) differ in terms of the geometry of the low-
velocity anomaly within the layered background. Model 1 features an intrusion that extends
from the surface to approximately y = 1000 m and is centred around x = 1000–1500 m.
This intrusion is accompanied by a horizontal discontinuity near y = 500 m. Model 2
features a more localised anomaly that is centred around x = 1000 m and y = 1000–1500 m
and extends laterally with decreasing intensity. In both cases, the predicted velocity model
(panels 1b and 2b) accurately reproduces the overall shape and position of the anomaly;
however, its boundaries and lateral extent are depicted with a smoother transition than in
the reference model.

The uncertainty estimates follow a consistent pattern across both models. Aleatoric
uncertainty (panels c,d) is concentrated around the main anomaly in each case, which
is consistent with these regions being the dominant source of variability in the seismic
response. By contrast, epistemic uncertainty (panels e,f) is more sharply localised: in
Model 1, it is concentrated at the top of the intrusion near x = 1000 m and y = 500 m, where
the anomaly’s boundary is least constrained by the surrounding structure; in Model 2, it is
confined to a compact region centred on the anomaly. In both cases, its magnitude remains
comparatively low elsewhere in the domain, indicating that the network has effectively
learnt the surrounding structure. In both models, recalibration (panels d,f) preserves the
spatial pattern of both uncertainty components, redistributing their magnitude without
altering their overall structure.
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Model 1.

Model 2.

Figure 6. Bayesian seismic inversion results for Model 1 and Model 2: (1a, 2a) reference velocity;
(1b, 2b) predicted velocity; (1c, 2c) aleatoric uncertainty; (1d, 2d) recalibrated aleatoric uncertainty;
(1e, 2e) epistemic uncertainty; (1f, 2f) recalibrated epistemic uncertainty.

In regions where the reference and predicted models differ, discrepancies may be due
to limitations in the quality of the available data. For example, low-velocity anomalies
may be less pronounced in relation to their surroundings, and insufficient seismic data
resolution or quality may prevent the model from fully capturing their lateral extent. This
issue is exacerbated by the effect of recalibration. As previously mentioned, recalibration
only corrects the model’s overall overconfidence or underconfidence; it does not provide
any new information. Consequently, when epistemic and aleatoric uncertainty are rescaled,
low-velocity zones with a stronger contrast relative to the layered background become more
apparent, whereas those with a less pronounced contrast remain comparatively smoothed
out. This combination of factors explains why this extension of the anomaly is not clearly
reflected in the epistemic and aleatoric uncertainty maps.
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5. Discussion
The main objective of this study was to develop a bayesian deep learning framework

that achieves accurate inversion while simultaneously estimating, from the output of the
FPN architecture, the irreducible noise arising from the seismic response of the CO2 plume
(aleatoric uncertainty) and the reducible uncertainty associated with incomplete model
knowledge (epistemic uncertainty). This is relevant given that most seismic inversion stud-
ies typically report total uncertainty without distinguishing between its two components
(see, for example, the following references: [80,81,83,85]).

Among the three architectures, FPN was selected as the basis for the proposed Bayesian
framework. Although LinkNet achieved a marginally lower MAE (see Table 1), FPN
showed more consistent performance across metrics, particularly in terms of explained vari-
ance and squared error. This is probably due to the decoder’s multi-scale, top–down fusion
of feature maps, which combines fine spatial detail with broader contextual information—a
property that is particularly important for identifying the low-velocity, low-contrast CO2

plume structures within a stratified background-. The proposed framework outperforms
the deterministic benchmarks such as VelocityGAN and InversionNet [89] in terms of MAE
and RMSE (see Table 2), while also providing calibrated aleatoric and epistemic uncertainty
estimates, which the aforementioned baselines do not offer.

In our work, we adopt Flipout, which is a variational inference (VI) method, and we
deliberately chose this path over MCMC and deep ensembles for the following practi-
cal reasons. MCMC is prohibitively expensive for high-dimensional inversion problems.
As discussed in the literature [105], MCMC samplers face severe challenges in scaling
to high dimensions, requiring an enormous number of likelihood evaluations to achieve
adequate exploration and convergence. More concretely, a previous study [113] reported
that for a problem with approximately 11,000 parameters, their MCMC algorithm required
38 h on a 32-core cluster for 10,000 iterations. In contrast, our FPN architecture contains
80 million parameters over 7000 times larger, making standard MCMC sampling completely
infeasible in practice. As explicitly stated in [113]: “MCMC sampling of high-dimensional
problems still requires a massive amount of computing time and resources.” Moreover, the
authors of [105] highlight that adaptive MCMC methods, while improving convergence,
still struggle with the computational cost as dimensionality grows, and they advocate
for hybrid approaches such as using Bayesian neural networks to accelerate proposals
precisely because of these limitations. On the other hand, Deep ensembles, while effec-
tive for uncertainty estimation, require training multiple independent neural networks
from different random initializations. In our case, the FPN architecture already contains
approximately 80 million parameters. Maintaining an ensemble of, say, 20 such models
would demand roughly 20X the GPU memory and training time, which is impractical in
most realistic hardware setup and would severely limit the applicability of our method
in field scenarios. Therefore, Variational inference with Flipout offers a favorable middle
ground since it provides a principled Bayesian approximation to the posterior over network
weights, capturing epistemic uncertainty through a learned distribution, while requiring
only a modest overhead over a single deterministic training run.

Pixel-wise calibration, following the isotonic regression approach of Kuleshov et al. [108],
substantially improved the statistical reliability of the reported confidence intervals. This con-
firms that raw variational posteriors are often overconfident and require post-hoc correction to
yield statistically meaningful uncertainty estimates [108]. Recalibration preserved the spatial
structure of both uncertainty components while adjusting only their magnitude, indicating
that the network’s learned spatial pattern is informative and only the absolute calibration of
the intervals needs correction.
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The results suggest that the Flipout estimator [99] was effective, producing spatially
coherent uncertainty maps for both test scenarios (see Figure 6). In these maps, epistemic
uncertainty is concentrated within the anomaly, specifically in the region of lowest velocity.
In contrast, aleatoric uncertainty is distributed more broadly across the shallow, low-
velocity layer associated with the anomaly.

6. Conclusions
This framework validates the efficacy of probabilistic seismic inversion using deep

neural networks to detect and localise subsurface CO2 plume anomalies. By enabling
the simultaneous estimation of velocity and the decoupling of aleatoric and epistemic
uncertainties, this approach provides critical insights for monitoring tasks. The framework
achieves an accurate reconstruction of both the subsurface stratigraphy and the CO2 plume
geometry, with results that closely match the reference model; its ability to resolve these
minor, low-velocity structures within stratified media demonstrates the robustness of the
approach for the operational monitoring of geological carbon storage. Aleatoric (random)
uncertainty is concentrated in the region occupied by the CO2 plume and closely follows its
shape, suggesting that this component is linked to the anomaly itself, and calibration and
recalibration do not alter this spatial pattern but rather adjust the magnitude of the estimates
so that they better reflect the true prediction errors. Epistemic uncertainty, in contrast, does
not consistently reproduce the shape of the anomaly; instead, it is concentrated within the
region of lowest velocity inside the anomaly without extending throughout the domain,
while the flat, layered background exhibits consistently low values, indicating that the
model has learned this structure effectively. This decomposition allows us to determine
whether limitations in plume characterisation stem from data noise or from deficiencies
in the inversion model, and calibration ensures that the reported uncertainty magnitudes
are statistically reliable; distinguishing between these two factors and providing calibrated
estimates of each is essential for operational decision-making and for developing risk
mitigation strategies in CO2 storage projects.
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