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Abstract: Using deep learning model predictions requires not only understanding the model’s
confidence but also its uncertainty, so we know when to trust the prediction or require support
from a human. In this study, we used Monte Carlo dropout (MCDO) to characterize the uncertainty
of deep learning image classification algorithms, including feature fusion models, on simulated
synthetic aperture radar (SAR) images of persistent ship wakes. Comparing to a baseline, we
used the distribution of predictions from dropout with simple mean value ensembling and the
Kolmogorov—Smirnov (KS) test to classify in-domain and out-of-domain (OOD) test samples, created
by rotating images to angles not present in the training data. Our objective was to improve the
classification robustness and identify OOD images during the test time. The mean value ensembling
did not improve the performance over the baseline, in that there was a –1.05% difference in the
Matthews correlation coefficient (MCC) from the baseline model averaged across all SAR bands. The
KS test, by contrast, saw an improvement of +12.5% difference in MCC and was able to identify the
majority of OOD samples. Leveraging the full distribution of predictions improved the classification
robustness and allowed labeling test images as OOD. The feature fusion models, however, did not
improve the performance over the single SAR-band models, demonstrating that it is best to rely on
the highest quality data source available (in our case, C-band).

Keywords: data fusion; uncertainty quantification; simulated data; deep neural network; synthetic
aperture radar

1. Introduction

Understanding a model’s prediction confidence is essential to using the predictions
in a decision process, knowing when to trust the automated process and when to request
support from a human agent. We can achieve this by quantifying the uncertainty of a
model’s predictions, but this requires additional processing or features in the model. There
are two main types of uncertainty, aleatoric and epistemic [1]. Aleatoric uncertainty, also
known as data uncertainty or intrinsic uncertainty, stems from the inherent randomness and
variability present in the data. Epistemic uncertainty, also known as model uncertainty or
knowledge uncertainty, arises from the limitations of the model, and can be reduced through
a better model architecture, additional training data, and optimization. Characterizing
epistemic uncertainty is important when training a model on limited data, since gaps in
the input space require extrapolation to make predictions, resulting in more uncertainty.
Limited data also leads to underfitting and overfitting problems, where a model fails to
generalize the predictions to unseen data. In this study, we used Monte Carlo dropout
(MCDO) in a deep learning model trained on limited data to help assess the epistemic
uncertainty and improve model performance on out-of-domain (OOD) test samples.
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In addition to collecting or generating more training data, using regularization and
ensemble methods, such as MCDO, can help capture different aspects of the data distribu-
tion and reduce uncertainty. MCDO is a regularization technique that consists of randomly
setting to zero some fraction of a model’s weights (associated with the neurons in a neural
network) during each forward and backward pass of training. This regularization process
prevents the network from depending too heavily on any single neuron and becoming too
specialized. As a result, the network becomes more robust to changes in the input data,
preventing overfitting and improving the generalizability of the model [2,3].

While dropout was originally designed as a regularization technique, it has also found
applications in uncertainty quantification and network pruning at inference time. Yarin Gal
and Zoubin Ghahramani offered a probabilistic interpretation of dropout that sparked more
interest in techniques for uncertainty estimation and combinations of regularization and
non-linearity techniques [4,5]. The use of dropout during inference creates different thinned
networks, effectively training an ensemble of models. During testing, the predictions
obtained from multiple forward passes are treated as samples from a distribution of
predictions. Variance, or other statistical measures, of the predictions from multiple forward
passes can estimate the uncertainty associated with the model’s predictions. The higher the
variance and/or shift in output distribution from the training data, the more uncertain the
model is about its prediction for a particular input sample.

Uncertainty quantification in neural networks and the use of dropout-based Bayesian
approximation are active areas of research. Extending the dropout method to uncertainty
estimation aims to improve the accuracy, efficiency, and generalizability in various deep
learning architectures and applications. Variational dropout [6] considers dropout rates
as learned parameters with their own distributions. Dropout variational inference is
implemented with a Monte Carlo simulation of stochastic forward passes at test time [5].
A further connection with Bayesian deep learning is exploited to develop an alternative
to grid-search over dropout probabilities with concrete dropout [7], which introduces a
continuous relaxation of the binary dropout mask used in traditional dropout, enabling
automatic tuning of the dropout probability. Additional extensions have adapted dropout
to serve recurrent networks and Transformer architectures, both as regularization and as a
compression technique to reduce network sizes [8–10].

Most of the existing works using MCDO for uncertainty quantification relied on
calculating the mean and standard deviation or variance for the final prediction and
quantifying the uncertainty. Numerous previous studies have applied this technique
for medical imagery from real clinical settings [11], agricultural images of plant leaves
for disease detection [12], and physical systems to model and predict the physical pa-
rameters of those systems [13]. Relying on these types of uncertainty quantifications,
however, makes the assumption that predictions should be normally distributed. Another
common approach for uncertainty quantification with MCDO uses predictive entropy.
Habibpour et al. [14] applied predictive entropy using the mean of class predictions with
Shannon’s entropy [15] to detect credit card fraud. Abdar et al. [16] used predictive uncer-
tainty with MCDO, along with deep ensembling, in existing convolutional neural network
(CNN) models in classifying medical images of skin cancer. Another possibility is to use
the 95% confidence interval as an uncertainty metric, which defines the bounds of the mean
of the distribution within 95% probability. Salari et al. [17] applied this with a transformer
model that predicted anatomical landmarks in magnetic resonance imaging (MRI) images.

The motivation behind using MCDO is its simplicity and applicability to any task
performed with the use of a deep learning model. In particular, we exploit the ease of
implementation and the flexibility of MCDO to combine it with a statistical test, resulting
in a new method for uncertainty quantification (UQ) that was more appropriate for our
application. While this is an established method, we see less instances of it for UQ in
the literature; in most instances, the uncertainty is calculated via standard deviation or
variance, but, in this work, we demonstrate that this is not always the best way to use the
MCDO results. This is not the only method for uncertainty, for instance Bayesian neural
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networks (BNNs) can also be used for UQ, but we save that approach for future work. The
research questions we asked included the following: how can MCDO be used with a deep
learning model to learn from limited data and improve model performance?

Unlike other approaches, we used a statistical test, the Kolmogorov–Smirnov (KS) test,
to measure the uncertainty as a distribution shift of the MCDO prediction distribution. To
the best of our knowledge, this approach has not been used for uncertainty quantification
with MCDO, or deep learning in general. By relying on a statistical test that compares
the prediction distribution with a known distribution from the validation data, we can
account for uncertainty in OOD samples where predictions are not expected to be Gaussian
distributions, e.g., for distributions of predictions skewed near zero or one. We considered
how the model performed on simulated synthetic aperture radar (SAR) images of ship wakes
on the ocean surface. To use SAR data with deep learning typically requires a large dataset
for training, to account for the variations in SAR parameters and configurations that effect
the final image [18]. SAR data, however, are time-intensive and expensive to collect, so large
datasets of SAR images are not very common [18,19]. To address this, we generated images
in previous work [20]; however, that approach used physics-based simulations, which are
also time-intensive to generate. Therefore, our dataset has only 224 images. The ship wakes
were augmented to rotate them to specific angles for training, as this is a way to add the
variety expected in the real world, but with a small dataset size, rotation augmentations
cannot cover all possible angles from 0 to 360, leaving gaps in the coverage. We used a simple
CNN because the dataset was small and as we did not want it to overfit the data, because
that could have been a source of brittleness when testing on the OOD samples. The main
contributions of this work are as follows:

• We demonstrate a use case of MCDO for uncertainty quantification with SAR imagery
using CNN models, including some models with feature-level fusion of multiple
SAR bands.

• We apply the KS statistical test for quantifying the uncertainty of the MCDO model
which, to the best of our knowledge, has not previously been used in this application
rather than measures of variance or entropy, and demonstrate that this is a better
approach for our application of detecting OOD samples.

This work characterizes uncertainties for image classification algorithms the authors
previously developed [20]. Once uncertainties had been characterized on each individual
band, we implemented feature-level data fusion with model inputs and assessed whether
this data fusion approach could limit the uncertainty in OOD conditions. The scope and
focus of this work did not include uncertainty characterization of the physics-based model
that generated the data nor the input data for the algorithms, as our goal was to assess
the changes in uncertainty when using data fusion. We chose to focus the study on a
previously developed model architecture for binary classification of surface ship wakes
and the corresponding feature-level fusion models. To minimize changes to the model
architecture, we chose the dropout approach over other approaches commonly used for
uncertainty quantification of machine learning models, such as BNNs [21–23]. While
dropout variational inference is a practical method with reduced computing costs, we
continue to investigate other approaches for uncertainty quantification.

2. Previous Work

The simulated SAR images were generated via a series of physics-based models that
simulated a surface ship wake. There were three distinct domains and computational
models used to produce the synthetic SAR imagery: namely, a hydrodynamic domain that
represented a portion of the ocean, the surface of that domain to account for the roughness
and surfactant redistribution, and the SAR sensor domain that modeled the radar return
based on the surface features produced by the two proceeding hydrodynamic models. The
hydrodynamic models that included parabolized (2D + t) Navier–Stokes and surfactant
redistributions were implemented in OpenFOAM v2012 (See http://www.openfoam.com
(accessed on 18 July 2022) for more information about OpenFOAM). Then, the radar images

http://www.openfoam.com
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were generated via a modified ERIM Ocean Model (EOM) [24], which ports data into Python
3.8 to generate the synthetic SAR images.

Figure 1 shows the full simulation pipeline. More details about the specifics of data
generation can be found in [20,25,26].

Ship Parameters

Environment 
Parameters

IDP

Hydrodynamic 
Simulation

SAS 
Redistribution

Damping
Calculation

Surface Wave
Roughness 
Modification

SAR 
Model

IR 
Model

Remote 
Sensing 
Images

Sensor Platform
Parameters

Figure 1. Flowchart outlining the simulation process that generated the simulated SAR data. In-
put parameters are on the left, green arrows indicate where the environmental parameters were
injected into the pipeline, and the yellow arrows indicate where the sensor parameters were injected.
IDP—initial data plane, SAS—surface active substance, IR—infrared [26]. Reprinted with permission
from Ref. [26] 2023, Sobien.

A 2D + t computational domain was used for the hydrodynamic simulation, to in-
crease the speed at which the simulations were performed. This was possible because
the surface ship wakes of interest were far enough downstream from the ship that there
was negligible impact from contributions in the streamwise direction. Periodic boundary
conditions were used on the front and back faces of the 2D slice of ocean, in order to prop-
agate the evolution of the wake in time. The front face was initialized on the initial data
plane (IDP), which is a prescribed time downstream of the ship in which the streamwise
variations are negligible and can either be extracted from a nearfield simulation of the ship
or computed analytically [27]. The left and right sides were set to standard outlet boundary
conditions with damping regions, to ensure there were no reflections off the side walls
of the domain. The top and bottom boundaries were treated as free slip. A Boussinesq
approximation accounted for the buoyant forces and a k − ϵ turbulence model included
turbulent fluctuations in the flow [28]. The makeup of the ocean, involving the different
stratified layers associated with temperature and salinity are beyond the scope of the work
presented here, but details can be found in [29]. Once the 2D + t simulation had been
completed, a reconstruction of surface was performed by stitching together the slices that
were evolved in time. The reconstructed surface then served as the computational domain
that redistributed the surfactant concentration and modified the surface wave roughness,
both of which were then used in the SAR model. The SAR parameter list is shown in
Table 1, which provides the sensor input parameters used to generate the synthetic images.

Table 1. Run matrix for SAR image generation.

Parameter Possible Values

SAR band C, S, X
Look angle 0◦, 90◦, 180◦, 270◦

Polarization VV, HH
Inclination angle 30◦, 40◦, 50◦, 60◦

The different SAR configurations, documented in Table 1, impacted the resulting
images, which were then used in the wake detection models. Since these configurations
resulted in different images of the same scene, we could use them to study data fusion
algorithms and determine if the aggregation of these images over the same scene resulted
in a higher probability of detection of the present wake. We should also state that all of the
hydrodynamic cases that were executed modeled a ship wake, but certain configurations
of the SAR sensor were unable to pick up these wakes, those are labeled as ‘no-wake’ cases.
Beyond the SAR configurations, the hydrodynamic parameters (and ship parameters)
played a role in the generated wake images. Here, we maintained the same ship for all
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cases, which was based on the ship used in [30]. The main hydrodynamic parameters
that impacted the images generated in this study were the swell direction (head seas or
following seas), swell height (0 m (calm seas), 0.5 m, 1.0 m, and 1.5 m), and stratification
(yes or no).

3. Methodology

The goal of this experiment was to identify if data fusion machine learning models
reduce uncertainty. The chosen classifier for the study used an MCDO technique. MCDO
involves dropping nodes during training so the network can learn on a sparse representa-
tion of the data. The result is several output predictions for a single input, which can either
be averaged or analyzed as a distribution.

To estimate the uncertainty, we utilized Monte Carlo integration of the model’s likeli-
hood p(y|x, Θt), where x is the model input and y is the target. The parameter (weights
and biases) Θt is a sample from the approximate parametric distribution q(Θt|S), where S
is the set of training samples, S = {(xi, yi)}N

i=1, i is the sample index, N is the total number
of samples, and t represents an individual stochastic forward pass (associated with an
individual dropout model). The result is an approximation of the predictive distribution,

p(y|x) MC≈ 1
T

T

∑
t=1

p(y|x, Θt), (1)

where T is the total number of stochastic forward passes, which we set as 100. We apply the
dropout layer before the last fully connected layer of the proposed network architecture.
For each neuron in this layer, we consider a Bernoulli random variable that takes a value
of one with a fixed probability pMCDO, which is common to all neurons. For each forward
pass, if the corresponding Bernoulli variable takes the value one, the neuron is switched
off, meaning its value is set to zero. The output of the Monte Carlo simulation includes the
mean µ(x, Θt) and the variance σ2(x, Θt). By randomly switching off some of the neurons,
we obtain different network configurations. Each forward pass produces a different output,
and the multiple passes yield a distribution over the mean. The model uncertainty is
quantified via analysis of the distribution of T stochastic forward passes. In [5], the authors
also added the inverse model precision to the variance, but our results did not include this
term. We acknowledge that the method is an approximation, but it provides a practical tool
and useful insights to understand the effects of data transformation on model uncertainty.

3.1. Data Splits, Augmentations, and OOD Samples

The data were randomly split into 60/20/20 for training, validation, and testing, and
we used the same images (i.e., the same set of environmental, ship, and SAR parameters,
other the than band in Section 2) in each split for every band and model in the experiment,
so there was consistency in comparing the results. The training and validation data were
augmented via a random 45-degree interval rotation, θ between 0 and 315 degrees, so
θ ∈ {0, 45, 90, 135, 180, 225, 270, 315}. The original dataset consisted of SAR images with a
surface ship wake generated via physics-based models, and the wake was horizontal right
to left in every image of the original dataset [20]. Rotation augmentations add the variety
that we expect to see in real-world data. Because the dataset size was small (224 images
total with 134 images for training), rotation augmentations could not adequately cover all
possible angles from 0 to 360, so there were gaps in the coverage, which was inevitable
given the small size of the dataset.

During testing, each image was passed through the model multiple times to obtain
a distribution for evaluation. One test set consisted of all the test images rotated to the
same angle, so there was a test set for each of the eight angles listed above, as well as three
out-of-domain (OOD) angles: {30, 60, 105}. For example, the baseline classifier trained on
C-band images was then evaluated on the test images eleven times. For the first round, no
augmentations were applied, for the second round, 30-degree rotations were applied, for
the third, 45-degree rotations were applied, and so on until all angles had been used. This



Remote Sens. 2024, 16, 4669 6 of 17

gave us a clearer understanding of how the model performed inside and outside its training
domain. The OOD angles (30, 60, 105) were in the coverage gaps between the in-domain
angles, and while these did not represent a significant change in angle, the results below
show that this was indeed a significant change for our models. The delineation of OOD and
in-domain samples was only 15 degrees in some instances, but because the training dataset
was so small, the gaps in coverage could have an impact on the model generalizability and
performance on OOD samples.

3.2. Models

The models in this study were based on the CNN classifiers developed in our past
work Higgins et al. [20] to test a foundational method for fusing C-, S-, and X-band
SAR images to improve ship wake classification. SAR image data were fused using two
methods: a feature-level approach, where multiple images were fed into a CNN classifier
and features were extracted and fused at the same time; and a decision-level approach,
where a pretrained classifier for each band was fused based on Bayesian inference of
the models’ past performances as priors [20]. The baseline classifier from the previous
work was based on a simple three-convolutional-layer and two fully connected layer
neural network. A small architecture was chosen to compliment the small dataset size and
help prevent the model from overfitting our dataset. We used the baseline classifier and
feature-level fusion algorithms from our previous work in this study.

All the deep learning models used were based on the same baseline CNN, comprising
three convolutional block layers (with 10, 20, and 30 channels, respectively) and two fully
connected linear layers (with 70 and 30 nodes, respectively). The output layer of the CNN
was a single node for the predicted probability of the image containing a persistent wake.
The convolutional block for each model comprised a 2D convolution with a kernel size of 3,
a batch norm layer with no track running stats, the rectified linear unit (ReLU) activation
function, and a max pooling layer of kernel size 2. The input to the network can be a
single SAR-band image, (i.e., a single-channel image) or it can be concatenated multiple
SAR-band images (i.e., a multi-channel image). The models with multi-band inputs use the
CNN layers for feature extraction and fusion, as described in Higgins et al. [20].

In this study, we introduced MCDO into the fully connected layers of the base-
line model using the PyTorch v0.17.1, with Cuda 12.1 dropout layer, with probability of
0.5 applied after each one. This randomly zeroed out half the parameters between the lay-
ers, forcing the model to generalize during training, but we also used this during inference
to obtain multiple different outputs from the same input image. The objective of adding
MCDO to this model, and the goal of this study, was to improve the performance of the
model on OOD test samples.

During evaluation, the MCDO model inferenced on the same test image for
100 passes, providing a distribution of predicted probabilities per image. The objective
of this study was to compare the MCDO classifier with the baseline classifier to see if the
MCDO distribution of outputs could provide better performance, in conjunction with the
feature data fusion, on the OOD images or at least indicate model uncertainty when the
provided image was OOD and that the prediction should be regarded with skepticism.

Selecting Model Threshold

Before making predictions on the test data, we first determined the threshold that the
predicted probabilities had to be above to classify that image as a wake. We automated
the process to use the validation results to set the threshold separately for each model and
band combination. We found the maximum predicted probability for the no-wake ground
truth images and the minimum predicted probability for the wake ground truth images,
then set the threshold (τ) at 25% of the distance, D between the max no-wake prediction
(ŷnw,max) and min wake prediction (ŷw,min), where

D = ŷw,min − ŷnw,max. (2)
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The threshold τ can be calculated as

τ = ŷnw,max + 0.25 ∗ D, (3)

and reduced to
τ = 0.75 ŷnw,max + 0.25 ŷw,min. (4)

We used the max no-wake prediction (ŷnw,max) and min wake prediction (ŷw,min)
from the validation results of each trained model. This assumed the validation data
represented the training data well (e.g., similar coverage of wake rotation angles), and that
the inference data would match this coverage for in-domain samples. If the predictions on a
validation set had ŷnw,max = 0.2 and ŷw,min = 0.9, then the threshold hold was calculated as
τ = 0.75 ∗ 0.2+ 0.25 ∗ 0.9 = 0.375. Any sample during inference that was predicted as wake
with greater than 0.375 was labeled wake and any prediction less than that was labeled
as non-wake.

3.3. Metrics

Three metrics were used for evaluation. We used the Matthews correlation coeffi-
cient (MCC) and average precision (AP) for the performance evaluation of the baseline
and MCDO classifiers. The MCC is the measure of agreement between a model’s class
predictions and the ground truth. This metric was calculated using the MCC function from
scikit-learn [31] and was defined as

MCC =
TP ∗ TN − FP ∗ FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
, (5)

where TP is the count of true positives, TN is true negatives, FP is false positives, and FN
is false negatives. We chose MCC because metrics like accuracy and F1 can misrepresent
the results in an overoptimistic way, whereas MCC is more reliable, as it uses all four
confusion matrix metrics (TP, FP, TN, FN) and can better handle imbalanced datasets [32].
The MCC has also been suggested as a standard metric for statistical and machine learning
evaluation [33].

AP is a metric that evaluates prediction probabilities (the continuous output of models
before thresholding) compared to the ground truth. This metric was calculated using the
AP function from scikit-learn [31]. By varying the threshold and evaluating the precision
and recall, the AP is a threshold-independent way of comparing different models,

AP = ∑
n
(Rn − Rn−1) ∗ Pn, (6)

where precision, P, and recall, R, are calculated over a series of thresholds, n, (which
the scikit-learn implementation performs automatically). This is the same as the area
under the precision–recall curve. It provides a comprehensive analysis of theoretical
performance—how well a model could perform if the threshold is tuned properly.

The third metric was the KS test, which calculates the max difference between two
cumulative distribution functions (CDF). A CDF measures the proportion of a distribution
that is equal to or less than the prediction probability, so the KS score is the max difference
in proportion between two distributions at the same predicted probability value. We used
the KS test to measure uncertainty as the distributional shift of the MCDO prediction
distribution. This is achieved by comparing the MCDO distribution for a single image to
the no-wake and wake distributions from the validation data. By relying on a statistical
test that compared the inference distribution with a known distribution from the validation
data, we could account for uncertainty in the OOD samples, where predictions are not
expected to be Gaussian distributions. If the KS score is low (below 0.9 for our study), then
it is considered in-domain, otherwise it is labeled as OOD.
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KS = max
1≤t≤T

|CDF1(ŷt)− CDF2(ŷt)|, (7)

where, as above, t and T = 100 represent the individual MCDO model prediction and the to-
tal number of MCDO model predictions, respectively, CDF are the cumulative distribution
functions for the validation results and a single test image distribution, respectively, and ŷi
is the predicted probability between 0 and 1 where the difference is measured. Figure 2
shows an example of a CDF, which measures the proportion (y-axis) of a distribution that
is equal to or less than the prediction probability (x-axis) for the wake positive validation
distribution (blue) compared to an in-domain wake image (orange) and an OOD wake
image (green). The in-domain wake distribution had a KS score of 0.47 (meaning the
max difference in proportion of the two distributions was 0.47) measured at the predicted
probability value of 0.9998. The OOD wake distribution had a KS score of 1.0 measured
at the predicted probability of 0.5940. The bi-directional arrows visually represent the
measured KS score in Figure 2. The in- and out-of-domain results were from the same
image, but the out-of-domain image was rotated 30-degrees.

Figure 2. Example of two Kolmogorov–Smirnov (KS) test measurements relative to validation results
for a wake positive case (blue). The plots are cumulative distribution functions (CDF), which measure
the proportion (y-axis) of a distribution that is equal to or less than the prediction probability (x-axis).
The in-domain wake distribution for a single image is shown in orange, with a measured KS of
0.47; and the out-of-domain (OOD) wake distribution for a single image is shown in green, with
a measured KS of 1.0. The bi-directional arrows visually represent the measured KS score. The in-
and out-of-domain results are from the same image, but the out-of-domain image has been rotated
30 degrees.

3.4. Experimental Setup

The SAR ship wake dataset was a binary classification problem, where the classes were
either persistent ship wake present in the SAR return or no persistent wake present. The
dataset has 224 images that were divided into a 60/20/20 train/val/test split (134/45/45 im-
ages), which were stratified by the target class. The dataset is imbalanced, with 32 no-wake
images and 192 wake images. The MCC is better than accuracy or F1 score for imbalanced
data and hence we used that metric for evaluation [32,33].

The training lasted 200 epochs, which is more than one might expect for such a small
dataset, but the MCDO required additional training epochs for the model to converge. The
batch size was 4 and the training was carried out on an NVIDIA T400, 4 GB GDDR6 GPU.
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We used a stochastic gradient descent (SGD) optimizer with no scheduler, a learning rate of
0.001, a weight decay of 0.1, and a binary cross-entropy (BCE) loss function.

The training also included random image rotations in 45-degree intervals from [0, 315]
for the in-domain angles. Model testing used the same parameters, where applicable, with
the only exception being the image rotation angles fixed at a single angle. We repeated
testing using every angle (in-domain and OOD) with the test set, one at a time. This repeated
the same test set eleven times, but under the assumption that the rotation augmentation
created a new independent and identically distributed (IID) sample image.

4. Results
4.1. Baseline and Monte Carlo Dropout Predictions

Augmenting the test data with rotations that were different from the training data
shifted the resulting predictions for both the baseline and DO classifiers. Figure 3 shows
strip plots of the baseline (top) and MCDO (bottom) classifiers, and each column represents
a different SAR band. All of the in-domain angle results (see Section 3.1) are aggregated
on the left-hand-side of each subplot (labeled “In”) and all of the OOD angle results are
aggregated on the right-hand side (labeled “Out”). The baseline classifier results (top)
show the predicted probability per test image as a horizontal line, but the MCDO classifier
(bottom) used the mean of the 100 passes predicted per image, so the number of results are
the same for both.

Figure 3. The top row shows the baseline classifier results and the bottom row has the MCDO
classifier results. Each column of subplots is for a different SAR band, meaning a model trained and
evaluated on the corresponding band. The results in each subplot are grouped on the left-hand-side
for in-domain angles, while results on the right-hand-side are OOD angles. Colors indicate the target
or ground truth of the image, either orange for wake or blue for no-wake.

For all bands and models, we can see that the in-domain results tightly grouped near 1
for the wake ground truth images (orange) and 0 for the no-wake ground truth images (blue).
There was a clear shift in predicted probabilities for both the baseline and MCDO classifier for
the OOD images, as the wake predictions spanned the entire range of probabilities, indicating
the difficulty the models had with the OOD images with a wake present. On the other hand,
it seems that the no-wake images had relatively similar distributions of predicted probabilities
whether in-domain or OOD. The exception to these findings were the S-band results, where
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the no-wake results had probabilities that spanned much higher than all the other models,
and the S-band OOD wake results did not drop as low as the other OOD results.

From Figure 3, we can see there was a clear distinction between the in-domain and
OOD results for the test sets, but little difference between the baseline and MCDO classifier
results on the OOD samples. Simply using the MCDO method without further interpreting
or analyzing the results did not alter the predictions when the test samples shifted from in-
domain to OOD angles. We need to apply statistical methods to determine if the probability
distribution from the MCDO classifier for a test image aligned with in-domain results or
not, which we carry out in the following section.

4.2. Kolmogorov–Smirnov Test

The validation results for the appropriate model, band, and target were used as the
reference for the KS test in this section. We used matching validation results as the reference
CDF of the KS test for each model, band, and target. For example, all the C-band MCDO
classifier validation results for ground truth wake images were used as the reference
CDF, then each distribution of 100 passes from the MCDO classifier test predictions was
compared to the reference CDF. Figure 4 shows the C-band test predictions for a single
in-domain set (0-degree rotation on the left-hand-side) and a single set (30-degree rotation
on the right-hand-side); where the no-wake ground truth is in blue, the wake ground truth
is in orange, and the reference validation CDF curves are in black. The no-wake reference
CDF curve, generated from in-domain samples, was near 0 to 0.1, while the wake reference
CDF curve was near 0.95 to 1. Each blue or orange line represents the outputs for one
single image passing through the MCDO classifier 100 times. For the in-domain results,
we can see the MCDO curves stayed very near the reference CDF curves, indicating those
results were in-domain. In the right-hand subplot, we can see the OOD results for the wake
ground truth images spread across the entire range of probabilities, with some close to one
of the reference CDF curves, but most far from both.

Figure 4. C-band test results for in-domain (0-degree rotation on left-hand-side) and OOD (30-degree
rotation on right-hand-side) predictions for no-wake ground truth (blue), wake ground truth (orange),
and the reference validation CDF curves (black). The reference curve near 0 is for the no-wake images,
while the reference curve near 1 is for the wake images. Each blue or orange line represents the
distribution of outputs for a single image passing through the MCDO classifier 100 times.

We set the KS threshold at 0.9, so if a MCDO Classifier’s prediction KS score was
below that value, it was predicted as in-domain to the reference CDF curve it was closest to.
If the KS score was greater than 0.9 from both reference CDF curves, then we classified the
prediction as OOD wake, because we know, from Figure 3, the OOD predicted probabilities
of no-wake images varied little from the in-domain predicted probabilities (as we elaborate
in Section 5). We performed this KS thresholding and show the KS labeled results in
Figure 5. Similarly to in Figure 3, we show the mean probability for the MCDO classifier
predictions, but use colors based on the KS thresholding label, where blue is no-wake,
orange is wake, and green is OOD wake.
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Figure 5. Strip plot showing the mean probability for the MCDO classifier prediction probabilities of
each image. Color labels are based on the prediction from the KS value, where no-wake (blue) are
CDF curves that are within a KS distance of 0.9 from the respective band’s no-wake validation data,
wake (orange) are curves within KS 0.9 of the wake validation data, and wake out-of-domain are
those curves that are greater than KS 0.9 from either validation curve.

Most in-domain predictions were labeled properly, but some lower predicted probabil-
ity wake cases were incorrectly labeled OOD (but were still labeled wake cases). There were
several OOD wake images labeled incorrectly as no-wake as they approached the no-wake
ground truth probability values (refer to Figure 3, which shows the data with ground truth
labels). The S-band again stood out from the rest, and in fact there was only one OOD image
that was labeled correctly, showing that the methods struggled with the classification task
in S-band images. By using the distribution of the MCDO classifier predictions, we could
better determine which samples may be OOD compared to using a single value like the
mean prediction or standard deviation. By comparing the predictions to the distribution
of validation results, we avoided the ‘thresholding problem’ for predicted probabilities,
meaning that it is easier to measure a distribution shift than set a threshold for expected
values when you have not seen the OOD data before and do not know what to expect
regarding their predicted probabilities. We evaluate the KS labels in the next section with
the MCC and AP metrics.

4.3. MCC Results

We calculated MCC for the baseline classifier, using the mean value of the predicted
probabilities with the MCDO classifier (using the same thresholds as the baseline classifier,
see Section 3.2), and using the KS labels (Figure 5) with the MCDO Classifier. Figure 6
shows the MCC results split by in-domain angles (left), OOD angles (middle), and both
domains together (right). The baseline classifier results are in blue, the mean probability of
the MCDO classifier is in orange, and the KS predictions from the MCDO classifier are in
green. All models and bands performed well with in-domain data, but there was a drop
in performance with OOD data. The results for both domains reflect the same relative
performance of the models from the OOD data.

The KS predictions performed best over all the bands, with a significant improvement
for the C-, CSX-, and SX-band models, while the improvements were marginal for the other
models. The only band that performed worse was the S-band. Using the mean probability
of the MCDO classifier results did not improve the performance for most bands; there were
only marginal improvements for the SX- and CSX-bands. From these results, we can see
that additional assessment (e.g., statistical KS test) is required to take advantage of the
distribution from the MCDO classifier. Adding this step to the uncertainty quantification
of outputs for the MCDO classifier helped make the model predictions more robust for the
OOD samples, even though it was trained on a small training set. The individual results
from Figure 6 are tabulated in Table 2.
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Figure 6. MCC results split by in-domain angles (left), OOD angles (middle), and all the image
domains together (right). The baseline classifier results are in blue, the mean predicted probability of
the MCDO classifier is in orange, and the KS predictions from the MCDO distributions are in green.

Table 2. Matthew’s correlation coefficient (MCC) results for all models, bands, and datasets.

In-Domain Out-of-Domain All-Domains

Band Baseline MCDO KS Baseline MCDO KS Baseline MCDO KS

C 1.000 1.000 1.000 0.575 0.575 0.878 0.818 0.818 0.960
S 0.951 1.000 1.000 0.548 0.469 0.351 0.763 0.753 0.675
X 1.000 1.000 1.000 0.523 0.448 0.637 0.787 0.740 0.852
CS 1.000 1.000 1.000 0.637 0.557 0.710 0.852 0.807 0.889
CX 1.000 1.000 1.000 0.724 0.531 0.738 0.895 0.792 0.902
SX 1.000 1.000 1.000 0.334 0.385 0.648 0.664 0.698 0.858
CSX 1.000 1.000 1.000 0.356 0.476 0.838 0.679 0.758 0.944

4.4. AP Results

We calculated AP results on the baseline and the mean probability MCDO classifier
results. We had to omit the KS labels, because they are not a continuous probability but a
categorical label. The AP scores for all bands and models were between 0.998 and 1.0. They
were effectively the same and told us little about the performance between the models. The
AP metric, however, uses a range of thresholds during calculation, so the results indicated
that for each model, whether predicting in-domain or OOD, there is a theoretical threshold
that gives ideal or near-ideal performance. However, given that the nature of OOD data
means we have never seen or trained on it before, there is no a priori way to adjust the
threshold for OOD data and still call the results OOD.

The AP metric indicates that the predictions for OOD wake samples shifted below
what we expected and set our threshold at for the baseline and MCDO classifiers, because
if we could change the threshold our precision and recall would increase. We do need to
caveat that the AP metric does suffer on some imbalanced datasets and can report optimistic
results [33]; however, because it is threshold-agnostic, it can help compare different models
without needing to optimize the threshold. The similarity in performance between the
baseline and the mean predictions of the MCDO classifier indicates that there was not much
change in performance between the two when not using the outputs of the MCDO without
a statistical analysis.

5. Discussion
5.1. Comparison of Baseline and Monte Carlo Dropout for OOD Data

Both the baseline and the MCDO classifiers were impacted by test images rotated to
OOD angles. The main benefit of the MCDO model is that we can assess a distribution
of outputs to understand if an image is in fact OOD, rather than just relying on a single
datapoint. In theory, the MCDO distribution should act as an ensemble and we could use
the mean to determine the predicted class, but the mean MCDO results in Figure 6 and
in Table 2 show that this was not the case for our experiments. The percent change in
MCC of MCDO using the mean probability (Table 3) was +11.62% for the CSX-band but
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−11.58% for the CX-band from the baseline, with a −1.05% change averaged across all
the bands. Using the entire distribution with the KS test, however, provided a significant
boost in the performance of the model. The percent change in MCC from the baseline to
the MCDO with KS test was +39.07% for the CSX-band, and while the rest were positive,
only the S-band had a negative change of −11.51%. The averaged percent change for the
KS test was +12.48% across all the bands, demonstrating that making full use of the MCDO
distribution with the KS test benefited the model performance over taking the mean of the
dropout distribution.

Table 3. Percentage change in classifier MCC performance from the baseline using the all-domain
results from Table 2.

Band MCDO KS

C 0.00% 17.32%
S −1.29% −11.51%
X −5.95% 8.27%
CS −5.23% 4.35%
CX −11.58% 0.74%
SX 5.10% 29.10%
CSX 11.62% 39.07%

Average −1.05% 12.48%

The results for the AP metric were less informative, because the AP was at or near 1
for every model and data subset. AP is calculated from the area under the precision–recall
curve, so a high AP means the precision remains high for all or most thresholds. Given
this, the threshold for the MCC could likely be recalculated to improve the results, but
that would require an a priori understanding of model performance when it comes to OOD
data, which would break the assumption that the test data are truly OOD. We prefer to use
the assumption that the inference data are truly unknown to the model and the user, and
therefore we could not reconfigure the threshold for any unknown domain changes.

5.2. Limitations

There are some limitations in generalizing this approach to other scenarios. Most
notably, the no-wake images experienced no distribution shift when the images were
augmented via rotation, because they did not have any important features for the model to
learn and were mostly background ocean noise. Coupled with our problem being binary
classification, it was simple to infer that any images with a shifted distribution were the
wake OOD images. If, for example, noise was instead applied as the augmentation, the
no-wake OOD images could have shifted distributions higher and overlapped with the
wake OOD distributions. This is merely a hypothetical, and future work would need to
explore this approach with other augmentations.

We arbitrarily chose the KS threshold for in- vs. out-of-domain, but generalizing this
approach for other problems or datasets would require understanding what the distribution
of in-domain data typically looks like, in order to properly choose a threshold.

5.3. Why Not Other Quantitative Metrics?

In Section 4.2, we showed the promise of using KS distance to improve the classifi-
cation of OOD images. It might, therefore, be natural to wonder whether other, simpler
statistical metrics might provide similar performance improvements. This section is meant
to highlight why we did not choose a metric like standard deviation or variance of the
outputs as our uncertainty metric. Greater variation in the predicted probabilities of the
OOD images was expected, and we saw that, but the amount of variation seen did not
drastically differ between the in-domain and the no-wake probabilities. Figure 7 shows
the kernel density estimation of the standard deviation (STD) for the C-band results of the
MCDO classifier. There is some overlap, but judging any one sample of STD would be
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difficult. If we look at all the in-domain and OOD deviations (Figure 8), we can see that
there was a lot of overlap between the OOD wake and the no-wake results (especially for S-
and CS-bands), which would make determining which distribution the results came from
difficult. We could couple this with the mean of the MCDO outputs, to see if they are high
for a wake case or low for a no-wake case. This brings us to approximating the results as
a normal distribution, despite the fact that we know that the in-domain results were not
normally distributed (see Figure 3), they were heavily skewed near or at 0 or 1. Therefore,
we felt that relying on statistical tests of the distribution was a better method to make full
use of the information contained therein.

Figure 7. Kernel density estimations for the distribution of C-band standard deviations (STD) for
the MCDO Classifier. The 0-degree rotation (blue) is in-domain. The 30-, 60-, and 105-degree rotated
images (orange, green, and red, respectively) are OOD.

Figure 8. Standard deviation of the MCDO classifier results. Each column shows a different SAR
band. The results in each subplot are grouped on the left-hand-side for in-domain angles, while the
results on the right-hand-side are OOD angles. Color indicates the target or ground truth of the image,
either orange for wake or blue for no-wake. The standard deviations of in-domain no-wake images
and OOD images often overlap, making it hard to use standard deviation to distinguish between in-
and out-of-domain images. Note that the circles are outlier data points within that given distribution.

Our motivation was to assess MCDO for a CNN model trained with limited data, our
small SAR ship wake dataset. Most of the existing literature relied on using the mean for
MCDO predictions and variance or standard deviation for measuring uncertainty; however,
in our study, we show that the approach is less useful than using a statistical distribution
test. Mean MCDO predictions failed to generalize to OOD data and even performed worse
than the baseline model without dropout (Table 3). When using standard deviation for
uncertainty, we showed that changes between in-domain and OOD uncertainty in most
cases were slight and in some cases non-existent (S- and CS-bands in Figure 8). Instead, we
used the KS test, which compared the inference distribution of MCDO predictions with a



Remote Sens. 2024, 16, 4669 15 of 17

known distribution from the validation data, allowing us to account for uncertainty in the
OOD samples, where predictions are not expected to be Gaussian distributions.

6. Conclusions and Future Work

We used MCDO in a deep learning model trained on limited data to help assess the
epistemic uncertainty and improve model performance on OOD test samples. We looked
at how the model performed on simulated SAR images of ship wakes on the ocean surface.
The model was trained with 134 images with wakes rotated to specific angles and tested
with OOD samples, which were rotated to different angles. We used a simple CNN because
the dataset is small and we did not want it to overfit the data, because that could be a
source of brittleness when testing on OOD samples.

We investigated the classifier performance on OOD rotated images during testing,
with the expectation that this would degrade the model performance. This enabled us
to investigate the probability distributions around model predictions and determine if
the addition of a MCDO approach increased the model robustness, ultimately leading to
increased performance for OOD test/inference data. The MCDO classifier demonstrated
an improvement in model performance for OOD classification when the entire distribution
of model predictions was compared to the validation data for UQ, rather than using an
ensembling approach. We used a Kolmogorov–Smirnov test to measure the uncertainty and
determine if the predicted probabilities were in-domain or out-of-domain, which enabled
us to make further improvements to the OOD performance. We also found that the average
precision metric did not provide adequate detail about model performance to make a
meaningful comparison. We finished the discussion by outlining some limitations with the
current approach, mainly that rotated no-wake images looked identical to non-augmented
images, meaning that no-wake images always appeared in-domain and our method only
needed to identify an image as OOD to know it contained a wake. This, coupled with
the simplicity of the binary classification task and our synthetic ship wake data, allows
our assumptions to hold, but as problems become more complex, with either more classes
or data with additional features, our assumptions may need to be revisited and revised.
Applying the KS test had, to the best of our knowledge, not previously been used for UQ
of a MCDO model. We demonstrated that, rather than measures of variance or entropy, the
KS score for UQ is a better approach in our application for detecting OOD samples.

One potential future line of inquiry would be to apply Bayesian neural networks
to the wake detection problem. In this case, one would hope to see that the Bayesian
model’s predictions would be more consistent (e.g., showing a lower standard deviation)
when they were more accurate. For example, one might expect the model performance
to deteriorate as imagery deviated from the training data (e.g., for larger rotations or
different image augmentations or combinations of multiple augmentations), and that the
model predictions might also become more uncertain in these regimes. If such a result was
confirmed, then model consistency could be used as a surrogate for accuracy, enabling
detection of out-of-distribution imagery.
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