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Abstract—We demonstrate that the choice of weight prior
in Bayesian neural networks (BNNs) is a consequential and
nontrivial design decision for synthetic aperture sonar (SAS)
imaging artifact classification. Motivated by established statistical
models of acoustic seafloor backscatter, we replace the standard
univariate Gaussian prior on the first convolutional layer with
physically motivated alternatives: a multivariate normal (MVN)
prior that captures empirical pixel covariance, and asymmetric
priors comprising the Gumbel model, which corresponds to a
log-transformed Weibull distribution. All priors are implemented
via local reparameterization with closed-form Kullback–Leibler
(KL) divergence, preserving computational tractability. On a
dataset of 54 geographically diverse SAS images comprising
3 × 105 300 × 300 pixel patches, the Gumbel prior yields
97.6% macro F1 and 0.7% expected calibration error (ECE)
on ResNet20, versus 87.1% F1 and 9.7% ECE for the Gaus-
sian baseline. On ResNet50, Gumbel achieves 99.2% accuracy,
surpassing the deterministic model. Therefore, prior specification
deserves domain-specific consideration in BNN deployments.

Index Terms—Bayesian deep learning, Bayesian neural net-
work (BNN), image statistics, synthetic aperture sonar (SAS).

I. INTRODUCTION AND MOTIVATION

SONAR systems with high resolution are frequently
employed in seabed remote sensing and target detection

[1], [2]. Synthetic aperture sonar (SAS) is often used as a
remote sensing tool for seabed classification [3], [4]. In these
applications, features are extracted from regions of seafloor
imagery and used with clustering methods [5], [6]. Deep
neural networks are known to be highly sensitive to small
image perturbations [7], and therefore, downstream tasks such
as seabed classification and target detection can be highly
sensitive to imaging artifacts.

Poor navigation or wave speed estimates are observed to
cause imaging errors or artifacts such as blurring, grating
lobes, and low signal-to-noise ratio (SNR) [8]. Therefore,
successful remote sensing using SAS requires image quality
control metrics, such as image sharpness [9]. Previous work
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used image perturbations in beamforming to recognize images
corrupted by sound speed, yaw error, or poor SNR [10]. This
method was largely successful and had well-calibrated entropy
(meaning that high entropy was associated with misclassifi-
cation of the image artifact). However, this model tended to
perform poorly on featureless seafloors and at times confused
yaw error with good quality images.

A key limitation shared across most Bayesian deep learning
deployments, including our previous work, is the use of
isotropic Gaussian weight priors. Fortuin [11] has shown
that default Gaussian priors may cause a “cold posterior”
effect in which the tempered posterior outperforms the true
Bayesian posterior, and they ignore structural properties that
are available a priori. The motivation for this work is that prior
misspecification is not uniformly distributed across network
layers. Glorot and Bengio [12] showed that the variance of
activations propagates as a product of input variance and layer-
wise weight variances, implying that the statistical coupling
between data and weights is strongest and most direct at the
first layer, and becomes weaker at deeper layers where nonlin-
earities progressively decorrelate the signal. Atanov et al. [13]
showed empirically that structured, domain-informed priors
over convolutional filters outperform univariate Gaussians,
particularly under limited data. We identify two independent
axes along which the univariate Gaussian prior is inadequate
for SAS artifact classification.

The first concerns marginal distribution shape. For SAS
imagery, the pdf of acoustic backscatter is well-characterized
in literature by heavy-tailed, asymmetric distributions such as
the Weibull [14], K [15], [16], [17], and log-normal [18].
When log-transformed (as is common in machine learning
with sonar and radar input pipelines), a Gaussian model
corresponds with a log-normal distribution for the image
intensity. This statistical mismatch between the default prior,
independent Gaussian, and a more accurate distribution moti-
vates the first modification proposed in this letter. We propose
to use the Weibull distribution for the image intensity, which
corresponds to a Gumbel extreme value (GEV) model for
the log intensity. While other models, such as the K, are
often a better fit to data [19] and are physically motivated
[15], the extreme value model has a closed-form solution
for Kullback–Leibler (KL) divergence. This choice balances
accurate modeling of the input layer model with computational
tractability.
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The second modification is to the spatial correlation struc-
ture. The independent Gaussian prior imposes a diagonal
covariance on convolutional kernel weights, implying that
neighboring pixels are statistically independent. This assump-
tion is inconsistent with seafloor texture, which arises from
spatially structured acoustic scattering, and pixels in proximity
exhibit measurable statistical dependence [20]. This spatial
correlation is a consequence of the seafloor environment, and
discarding it in the prior represents a second axis of mis-
specification that may be addressable from the data directly.
Employing matched distribution families for prior and poste-
rior enables a closed-form calculation of the KL divergence,
preserving the computational tractability of the standard Gaus-
sian case while replacing the distributional assumption with
one that is physically motivated. The physically motivated
prior is applied exclusively to the first convolutional layer,
where weights operate directly on pixel intensity values; thus,
the statistical connection between the prior distribution and the
input data distribution is direct.

We increased the dataset of perturbed images to approxi-
mately 3.4× 103 patches (compared to 10× 103 patches used
previously), which helps protect against overfitting when using
large neural networks. The data were physically perturbed
by alterations to the beamforming and standard data aug-
mentations, which resulted in a dataset size of approximately
377 000 patches.

II. METHODOLOGY

A. Bayesian Neural Networks

We adopt the variational inference (VI) framework for
Bayesian neural networks (BNNs) as described in [21]. A
prior p(ω) is placed over network weights ω ∈ Ω, and the
intractable posterior is approximated by qθ(ω) ≈ p(ω|D) via
minimization of the negative evidence lower bound (ELBO)
[21], [22]

Lq = KL (qθ (ω) ‖ p (ω)) − Eq
�
log p (D | ω)

�
(1)

where the KL term penalizes divergence from the prior. At
inference, predictions are formed by Bayesian model aver-
aging over T weight samples, and predictive uncertainty is
quantified via normalized entropy [10]

Hp (y∗ | x∗) = −

CX
c=1

p̄ (y∗ = c | x∗)
log p̄ (y∗ = c | x∗)

log C
. (2)

This work investigates nondiagonal multivariate normal
(MVN) and asymmetric nonnormal priors, implemented via
local reparameterization [22], selected for its compatibility
with non-Gaussian, asymmetric distributions.

B. Nondiagonal MVN Prior

Standard Bayesian convolutional layers assume diagonal
covariance in both prior and posterior weight distributions,
implying statistical independence among pixels within the
receptive field. Here, we replace the diagonal prior with an
MVN prior whose covariance is estimated directly from the
training data.

The prior is parameterized as p(ω) = N (0,Σ), where Σ
is a 16 × 16 empirical pixel covariance matrix computed by
applying a 4× 4 kernel to each training image and averaging
across the dataset. The 4 × 4 kernel size was selected to
capture spatial correlation at twice the image grid resolution of
2×2 cm. Because Σ is symmetric positive definite, it admits a
Cholesky factorization Σ = LLᵀ, which is used to instantiate a
MultivariateNormalTriL prior distribution in Tensor-
Flow Probability (TFP), with scale initialized to L and location
initialized to 0.

TFP does not provide a registered analytical KL diver-
gence between a nondiagonal MultivariateNormalTriL
prior and a diagonal Gaussian posterior. We resolve this
by representing the diagonal posterior as a degener-
ate MultivariateNormalTriL with zero off-diagonal
entries, which is analytically equivalent and enables use
of TFP’s registered closed-form KL(NTriL(γ)‖NTriL(δ)) com-
putation, where γ and δ are the parameters of each
distribution. This modification was applied to the TFP
Conv2DReparameterization layers and maintains the
full pixel covariance structure of the prior throughout training.

C. Asymmetric Nonnormal Priors

SAS amplitude statistics are well-characterized by asym-
metric, heavy-tailed distributions [14], [15], [18], motivating a
physically grounded alternative to the Gaussian model. Asym-
metric distributions prevent the use of the computationally
efficient flipout estimator, since it requires a symmetric pdf
around the mean [23]. All experiments, therefore, employ the
local reparameterization estimator exclusively [22].

A custom Conv2DReparameterization layer was
implemented, in which both prior and posterior are set to the
same distribution family. This matched design is a deliberate
constraint that enables TFP’s natively registered, closed-form
KL divergence for same-family pairs [24], avoiding Monte
Carlo estimation of the KL term and preserving gradient
stability throughout training.

Distribution selection was motivated by the requirements of
both fitting acoustic data collected in the field and having a
closed-form KL divergence. Empirically, we found that the
Weibull model fit better than a log-normal model (corre-
sponding to a Gumbel model and normal model for the log
intensity). The GEV model is described by

fGEV (x; β, α) = e−x̃−e−x̃
(3)

where x is the log-scaled intensity and x̃ = (x − α)/β is a
version of x modified by the location parameter α and scale
parameter β. A Weibull distribution for the image intensity is
given by

fW (y;σ, k) =

8<: k
σ

� y
σ

�k−1
e−(y/σ)k

, y ≥ 0

0, y < 0
(4)

where y is the image intensity, σ is the scale parameters, and
k is the shape parameter.

The normal and Gumbel models are compared to a his-
togram of a single 300 × 300 pixel patch in Fig. 1. Visually,
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Fig. 1. Distribution of log-compressed pixel intensities (dB) from unperturbed
training images, with fit Gumbel and normal distributions. Pixels at the 60 dB
dynamic range floor were excluded from fitting. The Gumbel provides a
substantially better fit as quantified by the KS test statistic (D = 4.2) than
the normal (D = 78.9).

the Gumbel model matches the peak, lower tail, and upper
tail better than the Gaussian model. The Kolmogorov–Smirnov
(KS) test statistic, D, is used to quantify goodness of fit and
is defined as the maximum absolute difference between the
model cdf and the empirical data cdf, scaled by (Ns)1/2, where
Ns = 9×104 is the number of samples [25]. D is bounded from
below by 0 and has no upper limit, small values corresponding
to a good match between the model and data, while large
values corresponding to a poor match. Raw model-data cdf
differences are of magnitude 100 or less, and the scaled version
can be converted directly to the p-value [25].

The D value (shown in the figure legend) is lower for the
Gumbel than for the Gaussian, indicating a better match. For
all the 300× 300 pixel patches in the dataset, we observed a
median KS test statistic for the Gumbel distribution of 0.53,
with a 25th to 75th percentile interval of (0.49, 0.56). For
the Gaussian model, we observed a median of 35.9 with a
percentile interval of (35.5, 36.3), indicating a very poor fit,
considering the large number of samples used. These statistics
indicate that the Gumbel model is more appropriate than a
Gaussian for modeling the input layer prior distribution. In
other tests by the authors, the log-transformed K distribution
[26] outperformed both Gumbel and Normal (with a median D
value of 0.38) but was not chosen due to its lack of analytical
tractability in VI and calculation of the KL divergence. The
Weibull, Gumbel, and GEV distributions were each evaluated
as priors, with all three implemented via TFP’s native distribu-
tion objects [24]. Using the p-value, the Gaussian model was
rejected at the 5% significance level, whereas the Gumbel and
log-scaled K models were not rejected.

D. Data

This work builds on our previous dataset [10] by increasing
the number of SAS images available for analysis. The data
were acquired by the Norwegian Defense Research Estab-
lishment (FFI) using the HISAS 1032 interferometric SAS
mounted on a HUGIN autonomous underwater vehicle (AUV).
Surveys were carried out in five geographically and geolog-
ically diverse marine environments: four sites in Norwegian

TABLE I
BAYESIAN METHOD RESULTS ON EXPANDED DATASET

waters and one in the Mediterranean Sea off the Italian coast.
These locations were chosen to represent a variety of seafloor
types and complex terrain features. The AUV altitude was
15–30 m, the center frequency was 100 kHz with a 30 kHz
bandwidth. SAS images were generated using a backprojection
algorithm, incorporating sidescan-derived bathymetry to define
the render plane, and applying micronavigation techniques
for precise motion compensation. The resulting images had
a theoretical resolution of approximately 3.5 × 3.5 cm, with
images gridded at 2 × 2 cm. In our previous study, 28
images were selected for analysis (comprising approximately
10× 103 patches); in the present work, the dataset contained
54 images (comprising 34 × 103 patches). With the physical
perturbations and augmentations, the total dataset size was
approximately 377× 103 patches.

III. RESULTS

Table I summarizes accuracy and mean negative log-
likelihood (MNLL) for all Bayesian methods and prior
combinations on the expanded dataset, evaluated on both
ResNet20 (0.12M parameters) and ResNet50 (0.31M) archi-
tectures. Our backbones are ResNet V1 variants of depth 20
and 50 with a constant width of 16 filters per stage and
are therefore substantially smaller than the CIFAR ResNet20
(0.27M) and the ImageNet ResNet50 (25.6M). All Bayesian
variants double the parameter count of a deterministic layer
by adding a per-weight scale, so the Gaussian and Gumbel
models use 2× the parameters of the deterministic baseline,
whereas applying a full-covariance MVN posterior to the first
convolutional layer raises that layer’s penalty to 9.5× through
its 16 × 16 Cholesky factorization. Gumbel and Gaussian
models both use the same number of parameters. Since only
the first layer is altered in the two proposed methods, the
MVN model results in a very slight increase in the number of
parameters compared to the univariate Gaussian. Deterministic
baselines achieve 97.5% and 94.9% accuracy for ResNet20
and ResNet50, respectively, with the lower ResNet50 perfor-
mance suggesting overfitting.

Among the Bayesian variants, the Gumbel prior achieves
the strongest performance across both architectures: 97.6%
accuracy and 0.067 MNLL on ResNet20, and 99.2% accu-
racy and 0.022 MNLL on ResNet50. The Gumbel ResNet50
result is particularly notable, as it exceeds the corresponding
deterministic baseline by 4.3% points, suggesting that the
physically motivated prior provides regularization beyond that
of the deterministic model. On the contrary, the standard Gaus-
sian reparameterization prior yields lower accuracy (86.8%
and 85.1%) with higher MNLL (0.337 and 0.358). The MVN
model performs as shown in
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Fig. 2. Reliability diagrams for Bayesian ResNet20 with (a) Gaussian, (b) MVN, and (c) Gumbel priors. Per-bin accuracy is plotted against prediction
confidence; the dashed diagonal indicates perfect calibration. Red shading shows calibration gaps. The Gumbel prior achieves ECE = 0.7% with F1 = 97.6%,
versus 9.7% / 87.1% (Gaussian) and 14.0% / 93.8% (MVN).

TABLE II
PER-CLASS PRECISION (P), RECALL (R), AND F1-SCORE FOR

GAUSSIAN AND GUMBEL PRIORS ON RESNET20

Table II, which reveals the per-class source of the Gaussian
prior’s underperformance. The Gaussian model exhibits confu-
sion between sound speed and Yaw artifacts: Yaw recall is high
(0.996), but precision is low (0.658), while sound speed shows
the inverse pattern (precision 0.989, recall 0.662). Physically,
both artifacts manifest as phase errors in beamforming, and
the symmetric Gaussian prior apparently provides insufficient
distributional flexibility to resolve these signatures. The Gum-
bel prior largely eliminates this confusion, raising sound speed
recall from 0.662 to 0.911 and Yaw precision from 0.658 to
0.918 while achieving perfect classification (F1 = 1.000) on
both no artifact and SNR classes.

The MVN prior improves over the diagonal Gaussian on
ResNet20 (91.3% accuracy, 0.233 MNLL) but degrades on
ResNet50 (79.2%, 0.450 MNLL). This poor performance for
larger models suggests overfitting behavior for the MVN. This
has been verified by examining the training curves, in which
the MVN validation accuracy peaks early and then overfits,
while the Gumbel validation accuracy increases more slowly
with training epoch.

As a counterexample, we used the Weibull prior on log-
scaled data (an intentional mismatch), and it performed
poorly on all metrics, achieving near-chance accuracy (∼30%).
Because the network operates on log-scaled intensity data, the
Weibull distribution, which is appropriate for raw intensity,
is fundamentally mismatched with the network input. The
Gumbel distribution succeeds because it corresponds to a
log-transformed Weibull, making it the correct physically
motivated prior. This result underscores that prior selection
must account for both the underlying physics and the data

Fig. 3. Macro F1 versus ratio of test data retained after entropy-based filtering
for three Bayesian ResNet20 models. The Gumbel prior maintains high F1
at higher retention ratios (AUC = 0.899) compared to MVN (0.891) and
Gaussian (0.878).

preprocessing pipeline. We have previously attempted to train
a model using the linear intensity and a Weibull model, but
it failed to achieve satisfactory results because of the large
dynamic range of the image intensity. This is the primary
reason for log-scaling data as part of the processing pipeline.

Fig. 2 presents reliability diagrams for the three viable
Bayesian ResNet20 models. The Gumbel prior achieves near-
perfect calibration with an expected calibration error (ECE)
of just 0.7%, compared to 9.7% for the Gaussian and 14.0%
for the MVN prior. The Gumbel model concentrates its pre-
dictions in high-confidence bins while maintaining accuracy
that closely tracks confidence, indicating that the model is
confidently correct on the vast majority of samples. The
Gaussian and MVN priors exhibit substantial calibration gaps
across multiple confidence levels, with predictions dispersed
more broadly.

Fig. 3 shows macro F1 score as a function of data retained
after entropy-based filtering. All three priors have near-perfect
classification when only the most confident predictions are
retained, confirming that predictive entropy is a meaningful
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uncertainty proxy. However, the Gumbel prior maintains high
F1 at substantially higher retention ratios. At full retention, it
achieves 0.976 F1 versus 0.871 for Gaussian. The area under
the retention curve (AUC) summarizes this advantage: Gumbel
(0.899) outperforms MVN (0.891) and Gaussian (0.878). The
Gumbel prior produces fewer uncertain predictions overall.

IV. DISCUSSION AND CONCLUSION

These results demonstrate that prior selection in BNNs is
a consequential design choice for SAS artifact classification.
The Gumbel prior, physically motivated by the literature
on backscatter intensity statistics [15], achieves near-perfect
calibration and outperforms the standard Gaussian baseline by
over 10% points in F1 on ResNet20. The failure of Weibull
prior highlights that the prior must match the data representa-
tion (log-scaling), not merely the underlying physical process.

The MVN prior’s inconsistent performance across archi-
tectures suggests that capturing spatial correlation through the
prior covariance is promising but requires further investigation
into architecture-dependent interactions. Future work could
explore learned covariance structures or use other random
process models.

A limitation of this study is the use of a single sensor system
(HISAS 1032) across 54 images in two geographic regions.
Validation on additional SAS platforms and other geographic
areas would further establish the approach. Because physically
motivated priors impose domain structure on the weights, they
act as implicit regularizers that lessen the reliance on large
training sets; this is reflected in the smaller generalization gap
and lower ECE of the Gumbel prior relative to the Gaussian
baseline and is consistent with the demonstrated advantage of
domain-informed priors under limited data [13]. Nonetheless,
our method is likely specific to the geographic regions and
sensors with which the model was trained. However, transfer
learning has been demonstrated as a viable method to use a
model trained on a different sensor or different targets [27].
Additional training data that fully captures image textures
and sensor characteristics, coupled with a model with larger
capacity, may result in more generalizable model results.

In summary, this letter establishes that physically motivated
priors, specifically the Gumbel distribution applied to the
first convolutional layer, substantially improve both accuracy
and calibration for Bayesian SAS artifact classification. The
approach preserves computational tractability through closed-
form KL divergence and requires modification to only a single
network layer, making it straightforward to adopt in existing
Bayesian deep learning pipelines.
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