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Evaluation of Post Hoc Uncertainty Quantification
Approaches for Flood Detection From SAR Imagery
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Abstract—Deep neural networks are the current state-of-the-art
for analysis of remote sensing imagery. While they often provide
accurate results, they are usually prone to be overconfident with re-
spect to their predictions. In particular when these predictions are
used by human decision makers in high stake scenarios, e.g., during
detection and monitoring of natural disasters, trustworthiness is
a necessary feature. In the context of flood detection from SAR
imagery, this work evaluates a variety of uncertainty quantification
methods that are applicable to already trained models (i.e., post
hoc approaches) and provides detailed experiments evaluating the
quantification quality of the different methods. The results show
typical and pronounced uncertainty features, such as class bound-
aries, inaccurate predictions, and out-of-distribution regions. In
summary, the overall best epistemic estimations are (albeit with
only a small margin) provided by student ensembles, followed
closely by the well established Monte Carlo dropout quantifier.
However, surprisingly nearly all evaluated methods (incl. using
the original softmax estimate of the trained model) provide rather
similar results.

Index Terms—Convolutional neural networks, floods, remote
sensing (RS), semantic segmentation, synthetic aperture radar
(SAR), uncertainty estimation.

I. INTRODUCTION

THE combination of Earth observation imagery and deep
learning allows for efficient detection and monitoring of

natural disasters, such as wildfires [1], [2], [3], Earthquakes [4],
and floods [5], [6], [7]. However, deep networks are usually
treated as black-box systems [8] which give little insights into
how decisions are made and how trustworthy they are beyond
an average accuracy score estimated over a test set. While
Explainable AI [9], [10] addresses the first part, i.e., why a
machine learning model made a certain prediction, uncertainty
quantification (UQ) aims to answer the question how reliable a
prediction is [11] (see Fig. 1 for an illustration).

Approaches for UQ can be roughly grouped into two cate-
gories: Methods that inherently provide uncertainty estimates
while predicting the target variable and post hoc approaches
that can be applied to already trained models. The former have
the advantage of usually providing very accurate uncertainty
estimates, but often at the cost of higher training and inference
times and being limited to certain model architectures. Examples
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Fig. 1. SAR image, reference label, prediction and multiple UQ maps of a
flood event in Spain. Uncertainty values are estimated with student ensembles.
Three different quantification metrics are used: the negative maximum class
probability uMis, the standard deviation of the ensemble predictions uVar, and
the entropy of the averaged class posterior uEnt.

include Bayesian neural networks (BNNs) [12], which model
network parameters (e.g., weights) as distributions and deep
ensembles [13], which train multiple model instances in par-
allel to fuse their predictions at run time. Post hoc approaches
aim to provide accurate uncertainty values for predictions of
an already trained model without changing its architecture or
training procedure allowing for a larger applicability to a wide
range of model architectures. Examples include data augmen-
tation [14] or dropout [15] during inference to create varying
model predictions.

While UQ remains an active field of research and there are
several general review articles, a structured comparison of UQ
approaches is missing—in particular in the field of the semantic
analysis of remote sensing imagery. For the use case of flood
prediction from synthetic aperture radar (SAR) images, we
compare several established post hoc UQ methods including the
softmax baseline, Monte Carlo (MC) dropout, weight noise, and
test-time data augmentation (TTDA), and add student ensembles
allowing to use deep ensembles in a post hoc setting. For student
ensembles, the already trained network serves as a teacher model
in a knowledge distillation framework, i.e., an ensemble of
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TABLE I
(NONEXHAUSTIVE) OVERVIEW OF UQ APPROACHES FOR DEEP NETWORKS

students is trained on the model predictions of the teacher to
mimic its behavior.

The main contributions of this work are as follows.
1) Benchmarking several post hoc UQ methods on the task

of flood prediction from SAR.
2) Proposing student ensembles as a post hoc version of deep

ensembles.
3) Evaluating various UQ metrics.
4) Providing a versatile toolbox for UQ for semantic segmen-

tation.

II. RELATED WORK

There are several general review papers for UQ in deep
learning discussing different sources of uncertainty predictions
and approaches to quantify them. These include UQ in generic
applications establishing a systematic taxonomy of UQ meth-
ods [11], [48], [49] as well as being more focused on remote
sensing and Earth observation [50].

Here, we provide a comprehensive summary of such methods
but focus on methods that are later used in the comparative
evaluation (see Table I).

Deep neural networks for classification tasks often model the
prediction via a softmax layer that transforms the model logits
into a probabilistic estimate of the class posterior. However,
this softmax posterior is prone to be biased to overconfident
estimates, i.e., having high probabilities for correct as well
as wrong predictions [16]. Deterministic UQ models aim to
mitigate this issue by leveraging novel loss functions [21] or
regularizations [24] with limited success.

A more intuitive approach to model uncertainty is to leverage
network architectures that inherently provide well-calibrated
probabilistic estimates. The most common approach are BNNs
that represent model weights not as trainable scalar values but
as learnable distributions tracking the uncertainty over these
parameters. Despite their potential, BNNs have issues with high
dimensional parameter spaces and large datasets [31], [32].
While variational methods [33], [34] try to mitigate these prob-
lems, they often fail to model parameter correlation within the

posterior. Furthermore, inference requires extensive sampling
from the learned weight distributions.

Sampling free variations usually restrict the estimation of
distributions to certain parameters (e.g., only of input and output
layers) and propagate input variance throughout the network to
model uncertainty [51], [52].

Another approach to circumvent the challenges posed by
BNNs and their variants is to rely on fully deterministic networks
only and create the necessary variation via combining multiple
model instances within an ensemble [13], [42], [43], [44], [45].
Such Deep Ensembles have been shown to provide excellent
uncertainty estimates at the cost of multiple training and in-
ference runs. Lightweight versions of deep ensembles aim to
create multiple predictions from a single model making multiple
training runs obsolete while still requiring multiple inference
runs. One approach is to leverage different versions of a model
as they occured during the training, i.e., using model weights
of different training epochs [53]. This disadvantage of multiple
training runs can be mitigated to some extent by knowledge
distillation [54], i.e., training a single model (the student) to
predict the posterior distribution as estimated by the ensemble
(the teacher) [19], [55], [56], [57].

A particular ensemble variant is stacking [58], [59] where the
output of several models and their predictive uncertainty are used
to fuse them into a single prediction via a weighted estimate [60].
Stacking has been used with Gaussian processes to transform
uncertainties of geospatial input data into uncertainty of the
predictions [61]. It also has been empirically shown that stacking
improves the calibration quality and thus the basis of UQ in the
case of probabilistic estimators, such as random forests [62].

Neither BNNs nor deep ensembles allow to analyze the pre-
dictions of a given, trained model regarding their uncertainty.
The former requires using a specific model architecture while
the latter would at least require retraining multiple instances.
Gal and Ghahramani [15] introduced the approach of perform-
ing dropout at test time while Wang et al. [14] showed the
applicability of data augmentation at test time for UQ. Both
approaches create multiple estimates by either using slightly
different versions of the network (dropout) or input data (data
augmentation) and leverage the variation in these model predic-
tions to quantify uncertainty. Kendall et al. [30] introduced one
of the first segmentation networks approximating a BNN with
dropout. These methods have the advantage that they decouple
architectural choices to solve a given task from the additional
requirement of modeling the uncertainty of the predictions.
Thus, such post hoc approaches can be applied to any given
model.

Another example of post hoc approaches are surrogate mod-
els that train a UQ model to mimic the behavior of a given
trained model (e.g., based on density estimation of the model
outputs [63]) or aim to directly estimate the uncertainty based
on whether the underlying model made a correct or wrong
prediction of the training data [64], [65].

Given the advantages of deep ensembles, we aim to include
them into the set of approaches evaluated in this work. To enable
their use in a post hoc setting, we combine the ideas of surrogate
models, deep ensembles, and knowledge distillation. However,
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in contrast to the approaches mentioned above, we do not distill
a given ensemble into a single model. Instead, a given trained
model serves as teacher and is distilled into a deep ensemble
of networks. This allows for accurate post hoc UQ with all the
advantages (and limitations) of deep ensembles for any given
black-box machine learning model (i.e., not being limited to
deep networks).

The main focus of this work is on the evaluation of several
standard post hoc UQ approaches. The majority of publications
benchmarking different UQ methods are within the biomedical
field [27], [37], [66], [67]. Ng et al. [25] test a significant
number of UQ approaches including Bayes by backpropagation,
MC dropout parameterized multiple times, deep ensembles, and
stochastic segmentation networks [68] for the segmentation of
MRI data. Another very recent work by Jacobsen et al. [26]
compared MC dropout and deep ensembles for the use case of
gastrointestinal polyp segmentation. A recent study benchmarks
several standard UQ approaches in the context of classification of
natural images (i.e., ImageNet) and with a focus on uncertainty
disentanglement (i.e., the ability to distinguish different sources
of uncertainty) and finds that none of the evaluated methods is
truly able to solve this task in practice [69].

UQ of deep learning models applied to SAR imagery is rather
limited. Dera et al. [70] applied an adapted BNN with variational
inference to airborne polarimetric SAR data for classification.
Chen et al. [71], [72] used spaceborne C-band SAR imagery
from the RADARSAT-2 satellite and apply a BNN as well. Haas
and Rabus [73] discussed the potential of deep ensembles and
MC Dropout for road detection in RADARSAT-2 imagery. UQ
has also been applied in object detection in SAR imagery to
improve the interpretability of the results [74].

We evaluate the abovementioned post hoc UQ approaches in
the context of flood prediction from SAR imagery. SAR data
are highly relevant for flood prediction [7] as it is independent
of daylight and can be acquired during cloud cover allowing
for timely predictions. For detecting and monitoring natural
disasters, reliable UQ is of utmost importance since model
predictions are used by decision makers to organize response ef-
forts. Understanding model outcomes and having a notion which
predictions are reliable and can be acted upon is a necessary
prerequisite to enhance the trust in the automatic analysis of
remote sensing imagery in such applications.

III. UNCERTAINTY QUANTIFICATION

The uncertainty of predicting the label y from the input x
based on a model with trainable parameters θ that have been
optimized on a dataset D can be modeled as

p(y|x, D) =

∫
p(y|x, θ)︸ ︷︷ ︸

Aleatoric

p(θ|D)︸ ︷︷ ︸
Epistemic

dθ (1)

where the aleatoric and epistemic aspects of uncertainty cover
uncertainty based on the randomness of the data itself (e.g.,
due to noise) that cannot be reduced and uncertainty based on
the model itself that can be reduced, e.g., with using more data,
stronger optimization, or a model with more capacity [11]. Most

approaches of UQ address either epistemic uncertainty or the
overall predictive uncertainty (see Table I).

In the following we briefly discuss standard approaches to
estimate uncertainty, i.e., MC Dropout (see Section III-B),
Weight Noise (see Section III-C), and TTDA (see Section III-D),
before introducing student ensembles (see Section III-E) as an
additional method enabling to use deep ensembles in a post hoc
setting. Most of these approaches model uncertainty as variation
of the posterior. Different ways to quantify uncertainty based on
this variation are discussed in Section III-F.

A. Softmax Baseline

This method simply uses the estimated posterior p(y|x) based
on a softmax transform over the logits of the neural network.

B. MC Dropout

This method falls into the variational inference category.
The epistemic uncertainty p(θ|D) within the overall prediction
p(y|x, D) [see (1)] is intractable, but can be approximated with
a family of variational distributions with support of variational
inference [11], [75]. MC dropout achieves the family of distri-
butions by dropout layers within the network that set the output
of randomly selected units to zero during training and test time.

C. Weight Noise

Srivastava et al. [36] introduced dropout, but generalize the
technique to multiplicative Gaussian noise as well. The weight
noise uncertainty estimation method follows this idea but uses
Gaussian additive noise instead. For one sampling run we add
the noise ε to the network parameters θ by

θ̃i = θi + α · ε, ε ∼ N (0, 1) (2)

where α ≥ 0 controls the amount of noise ε to be added. Weight
noise is a light variant of dropout, where just a small amount of
noise is perturbing the weights and therefore achieves varying
model outputs for multiple inference runs.

D. Test-Time Data Augmentation

TTDA [14] aims at simulating artificial variations of the signal
to model data uncertainty. For each query sample, multiple
inference runs are performed where variations are created by
deterministically applying a combination of data augmentations
to the input image. We use a combination of horizontal and
vertical flips, rotation, additive Gaussian noise, and multiplica-
tion by a constant [76].

E. Deep Student Ensemble

Ensemble learning aims to increase accuracy while providing
improved uncertainty estimates by creating multiple models and
fusing their output instead of relying on a single instance [77]. In
particular deep ensembles have been shown to be able to quantify
model uncertainty with high accuracy [13]. We combine the idea
of deep ensembles and knowledge distillation to obtain a post
hoc UQ method that can be applied to any given trained model
with access to data.
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Fig. 2. Training process for an ensemble of students. The main training step consists of minimizing the distillation losses L(zT , zSe ) per student model e. For
informative purposes, the student models can be validated with reference annotations.

In the following, fT
θ is such a trained model with parameters θ.

Let zT ∈ R be the logit output of the model for a given sample
x, i.e., the model output before applying the final activation
function (usually softmax in the case of a categorical target
variable).

As illustrated in Fig. 2, we create a set of E new neural
networks fS

θe
(with 1 ≤ e ≤ E) with randomly initialized model

weights θe. There are different typical architectural choices for
student models, e.g., smaller networks that distill knowledge
from a large teacher model into a more efficient architecture [54].
For simplicity, we choose to work with the same model archi-
tecture of the teacher [78], [79].

In contrast to standard deep ensembles, the goal of these
models is not to estimate the target variabley for which the given
model fT was trained. Instead, they are supposed to match the
logits zT of fT for a given input image x (note that this also
means that ensemble training does not require reference data y
but only input images x).

While there are various types of knowledge distillation
schemes [54], we focus on response-based knowledge combined
with offline distillation: During training of the ensemble, the
trained model fT is applied to an input sample x leading to
logits zT and eventually the model estimate yT .

We apply the mean-squared-error between the logits zT of
the model and the output of the E ensemble members zSe over
all M samples as distillation loss, i.e.,

L =
1

M · E
M∑

m=1

E∑
e=1

||zTm − zSe
m ||22. (3)

For validation purposes during training, the student model qual-
ity can be examined with standard performance metrics (e.g.,
the cross-entropy loss for categorical variables) with respect to
the target variable, which we note as student loss L(ySe ,y) in
Fig. 2. Note, however, that this loss is purely informative and
not used during optimization.

Due to random initialization of the ensemble weights θe and
the independent shuffling of training samples, each ensemble
member is slightly different after training despite being opti-
mized on the same task. Thus, when presented with a query
sample, each ensemble member will provide a slightly different
output. The remaining steps (illustrated in Fig. 3) are virtually
identical to any sampling-based UQ approach, such as TTDA
and MC dropout: The computed logits zSe are converted into
probabilities p(y|zSe) via softmax and leveraged to estimate
the model uncertainty by applying an uncertainty metric (see
Section III-F).

Unrelated to the uncertainty results, we are also able to obtain
the final class prediction of the whole ensemble. While there
are multiple combination approaches [13], we use the ensemble
average due to its simplicity and good performance

p(y|x) = 1

E

E∑
e=1

pθe(y|x). (4)

F. UQ Metrics

Given the model estimate of the class posterior p(y|x) (either
the softmax output of a single model or the averaged softmax
output of the ensemble), there are several metrics to obtain a
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Fig. 3. Schema of the UQ process for an ensemble of students. Prerequisites are E trained student models fS
θe . After obtaining logit samples, the softmax function

σ(ze) is applied. Per sample, we receive a probabilistic distribution.

measure of uncertainty

Misclass.: uMis = 1−max
y

p(y|x) (5)

Gap: uGap = 1−
(
max
y

p(y|x)−max2yp(y|x)
)

(6)

Entropy: uEnt = H(p(y|x)) (7)

Margin: uMar = max
y

p(y|x)− p(yR|x) (8)

where max2 represents the second largest value. In addition,
p(yR|x) is the probability of the true class according to the
reference data, andH is the entropy of the class posterior p(y|x)
estimated for sample x.

The first metric, i.e., uMis in (5) uses the probability of mis-
classification, i.e., if the largest entry in the posterior is 1 (and
the others accordingly 0), the uncertainty is measured as 0. Note,
that the smallest maximal value in the posterior is 1/C where
C is the number of classes, i.e., uMis ∈ [0, C−1

C ]. This metric
does not account for the distribution of the remaining probability
mass that is not contained in the maximal value. This is taken
into account by the second metric, i.e., uGap in (6), which uses
the difference between the first and second maximal values in
the posterior. Thus, if two (or more) classes are estimated with
the same, maximal probability the uncertainty is the largest.
However, this metric does not distinguish between cases where
the confusion is between different numbers of classes, i.e.,
posterior vectors of [1/3, 1/3, 1/3] and [0, 1/2, 1/2] would lead
to the same uncertainty value (i.e., 1). This is accounted for in
the third metric, i.e., uEnt in (7), which computes the entropy
of the class posterior, which is 0 if one class is estimated with
100% and 1 only if all classes obtained the same probability.

The last metric, i.e., uMar in (8), uses the margin of the posterior
as defined by ensemble learning [80], i.e., the difference of the
probability of the class with the maximum probability and the
probability of the true class. This metric is strongly related to
accuracy (i.e., it is 0 if the correct decision is made with 100%
and 1 if the wrong decision is made with 100%) and can only be
evaluated if reference data are available for the query sample. As
such, it is of little use during the actual deployment of a method
and can only be applied during evaluation, model selection, etc.

If sampling-based methods, such as the student ensemble are
used, another alternative is to measure the variation in the set of
estimates, e.g., via their standard variation

uV ar =
1

C

C∑
k=1

√√√√√√√ 1

E − 1

∑E

e=1

⎛
⎜⎜⎝zSe

k − 1

E

∑E

e=1
zSe

k︸ ︷︷ ︸
Mean

⎞
⎟⎟⎠

2

(9)

for output logits zsk of a class k and E number of estimates. In
contrast to the measures above [see (5)–(8)], this measure is not
necessarily in [0,1] but lies within the range of the logit values
of the model.

As a final step, we linearly scale all uncertainty measures to
[0,1] for better comparability.

IV. EXPERIMENTS

In the experiments, we focus on semantic segmentation as a
frequent application in remote sensing and in particular flood
detection from SAR images, i.e., a use case where knowledge
about the reliability of a prediction is of particular importance.
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TABLE II
ATTRIBUTES OF THE SEN1FLOODS11 DATASET [81]

Fig. 4. U-Net architecture used during evaluation. Bold numbers under blocks
represent the dimensions of the resulting tensor after a convolution or pooling
operation. Other numbers in block captions depict the number of channels. Green
arrows depict the max-pooling operation. Blue and up-facing arrows are bilinear
filters, side-facing arrows skip-connections. The figure was created with the
“PlotNeuralNet” library [82].

Network training and UQ utilize an Nvidia A100 SXM4 GPU
with 40 GB of GPU memory and an AMD EPYC 7662 CPU
with 64 cores, 128 threads, and 1008 GB of RAM. The code
is implemented in Python 3.10 and uses PyTorch for the deep
learning parts. All software incl. demo scripts and sample data
is available at the project’s webpage.1

A. Dataset, Network Architecture, and Baseline Results

We use SAR imagery from the Sen1Floods11 dataset [81]
that contains Sentinel-1 amplitude images of 11 flood events
(see Table II for more detailed information).

Fig. 4 shows the architecture of the employed U-Net. The
main difference compared to the vanilla architecture [83] are the
3× 3 convolution layers with a padding of one between upsam-
pling and downsampling layers. Downsampling max-pooling
layers have a kernel size of 2× 2. Additional dropout layers
are added after each double block of standard convolutions.
A group normalization layer [81] follows each convolution
within the double block. Table III states the hyperparameters
for the (teacher / reference) model training on the flood event
dataset. The optimized loss function is a standard pixel-wise
cross-entropy loss while prediction performance is measured as

1[Online]. Available: https://github.com/jakob0246/w2-implementation

TABLE III
HYPERPARAMETERS FOR THE MODEL TRAINING PROCESS (TEACHER /

REFERENCE MODEL)

intersection of union (IoU) and balanced accuracy (BA, i.e., the
average class-wise accuracy).

While the Sen1Floods11 dataset provides SAR imagery of
512× 512 pixels, we follow the original setup [81] and use ran-
dom cropping to 256× 256 pixels as data augmentation during
training. During inference, the input image is thus divided into
four quadrants that are processed individually. The predictions
are subsequently patched to the full 512× 512 map.

The above described model and training procedure achieved
an IoU of 42.30 / 51.60 / 45.07 and a BA of 77.20 / 81.92 / 80.17
on the training / validation / test sets.

The student ensemble’s hyperparameters are identical to the
model described above,which serves as the teacher model but
with disabled dropout as it acts as regularization decreasing
variance between models. We suggest to use this heuristic when
training a student ensemble with the same model architecture.
We use E = 50 models in the ensemble. The hyperparameter
was chosen based on the grid-search approach when models
were validated on the training and validation split. Generally,
smaller datasets or inaccurate teacher models require a higher
E. Experiments based on more accurate models only needed a
value as low as E = 3 students.

B. Qualitative UQ Results

For the qualitative evaluation we concentrate on five typical
sources of uncertainty as follows:

1) Borders of homogeneous segmentation areas for specific
classes.

2) Image boundaries.
3) Regions with image artifacts.
4) Out-of-distribution areas or regions with unusual appear-

ance.
5) Inaccurate or imbalanced class labels.
Fig. 5 shows estimated uncertainty heatmaps for three dif-

ferent SAR images. Boundaries of semantic segments as well
as patch boundaries are clearly visible in every map. At seg-
ment boundaries the receptive field of a neural network covers
areas of different classes, leading to increased uncertainty. Patch
boundaries are problematic due to the loss of information caused
by downscaling and upscaling within a U-Net architecture (see
Fig. 4) and handling cases when the convolution kernel goes
beyond the image boundary (i.e., padding). While there are
strategies to mitigate these effects, we deliberately selected a
model and processing pipeline that is affected by it. On the one

https://github.com/jakob0246/w2-implementation
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Fig. 5. Example SAR images, reference labels, predictions, and their uncertainty heatmaps for the student ensemble method. The uncertainty metric is uVar.

hand, this paper evaluates post hoc approaches, i.e., methods that
leave the underlying model unchanged and need to deal with its
peculiarities. On the other hand, it is informative to observe
that the predicted semantic maps barely show patch boundaries
while they are very dominantly present in the uncertainty maps.
The third image shows an example, where a misclassified area,
i.e., the small island within the river at the bottom left corner, is
marked by high uncertainty values. Interesting is also the role of
spatial context: The top-left quadrant of the third image shows
mainly water with very little land. While the network makes a
correct prediction, the uncertainty is rather high, illustrating that
the network struggles to analyze such a large homogeneous area.
The top-right quadrant shows basically the same but together
with a large portion of land which appears to help the model to
put the homogeneous water region into context. The uncertainty
values over the water region are visibly reduced, leading to a
clear edge between both patches.

Fig. 6 compares the different UQ metrics (all based on the
outcome of the student ensemble approach).

Segmentation boundaries between classes are visible for all
metrics but the least clearly for uMar and uEnt. While the former
generally results in sparse uncertainty estimates since all pixels
with correct predictions are assigned an uncertainty value of
zero, the latter shows very broad segment borders and generally
leads to rather uniform distributed uncertainty values. On the
other hand, uMis, uGap, and uVar mark segment boundaries with
very distinct and fine lines. Patch boundaries are the most
prominent within these three metrics.

The fourth row SAR image shows a line artifact at the bottom
of the image which is best highlighted by uVar. While it is also
visible in uMis and uGap, it is overshadowed by the generally
higher uncertainty values of these metrics within the water
region. Areas with increased VV response (shown as red area
in the pseudo-RGB) have a tendency to be falsely predicted.
The associated uncertainty is most prominently shown by the
uEnt, uMis, and uGap. Other patterns that are difficult to segment
or inaccurate flood segmentation results are best highlighted
by uVar.

In summary, uEnt provides generally rather uniformly dis-
tributed uncertainty estimates, which make it hard to distinguish
finer details. The uMar metric behaves more as a measure of
accuracy than uncertainty. Furthermore, it relies on the actual
class label rendering it only applicable during evaluation of a
method but not during deployment. For a binary classification
problem, umis and uGap are identical up to a scaling factor but
provide complementary information to uVar. The former shows
high uncertainty values if there is a considerable confusion
among the classes in the estimated posterior. In the case of an
ensemble and other sampling-based UQ approaches, there are
two possible reasons for this: either, each ensemble member esti-
mates a class posterior with the same confusion among different
classes, or each ensemble member estimates different posterior
distributions, which only in the combined average show a strong
confusion among classes. In the first case, uVar would be low
(even if all estimated posteriors would be the uniform distribu-
tion, their standard deviation would be minimal), while it would
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Fig. 6. Example SAR images, reference labels, predictions, and their uncertainty heatmaps for various uncertainty metrics and the student ensemble method.

be large in the second case. Thus, the combined use of both
metrics is to some extent able to illustrate the contributions of
different uncertainty sources.

Fig. 7 shows example results of the various uncertainty
estimation methods. As it appears to be most informative, we
leverage uVar apart from the simple softmax baseline (for which
it cannot be applied and we use uMis instead). While all methods
are able to observe uncertainty at semantic boundaries, the
student ensemble shows the most distinct lines. Patch borders
are visible within all uncertainty maps. The student ensemble
and the MC dropout method highlight the artifact in the fourth
row SAR image the most. Areas with high VV response (shown
as red in the pseudo-RGB SAR images) that have a tendency
to be misclassified as water are highlighted by all methods. All
methods have large regions of high uncertainty within the flood
pixels. In particular, TTDA that estimates aleatoric uncertainty
shows the highest uncertainty there. This is in-line with the in-
tuition that errors in the training dataset tend to lead to increased
data uncertainty.

In summary, all presented UQ methods and metrics capture
the spatial distribution of uncertainty. While different in the esti-
mation of the spatial variation of the uncertainty, most methods
are consistent for several types of underlying image content, e.g.,
boundaries of class segments. However, there are also significant
differences among the methods as for example the interior of
class regions. In general, the student ensemble in combination

with the standard deviation appears to return the most distinct
uncertainty maps.

C. Quantitative Results

A quantitative evaluation of uncertainty estimation is a chal-
lenging task since there exist no reference uncertainty values. A
first approach are calibration curves: a machine learning model
is well calibrated if the distribution of the model’s decision
probabilities does correspond to the fraction of actual correct
predictions. This relationship leads to a calibration curve (or
reliability diagram [84], [85]) where a model with perfect cali-
bration would show a straight, diagonal line: a model estimate of
the class posterior with 0% (100%) for the positive class should
never (always) happen for samples of this class. On the other
hand, if the class posterior is 50%, the model should be correct
half of the time.

In Fig. 8(a), all uncertainty estimation methods show a rela-
tively high calibration. This is surprising in particular for using
the softmax of the model as it goes against the common assump-
tion that deep learning models are generally badly calibrated.
The student ensemble is slightly better calibrated especially
for probability values smaller than 0.6, but only by a small
margin.

The high calibration when directly using the softmax proba-
bility is rather uncommon. To test whether the student ensemble
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Fig. 7. Example SAR images, reference labels, predictions and their uncertainty heatmaps for various methods. The uncertainty metric is uVar for all methods
apart from the softmax baseline where it is uMis.

Fig. 8. Calibration curves illustrating the relation between estimated class probability and actual occurrence of the class for samples with this probability. The
gray diagonals represent perfect model calibration. Other traces correspond to the uncertainty estimators. (a) Softmax not temperature scaled, i.e., T = 1.0. The
student ensemble is trained on the logits of the teacher model. (b) Softmax of the teacher model is temperature scaled with T = 0.2. The student ensemble is
trained on the temperature scaled output values of the teacher.
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Fig. 9. Uncertainty versus error rate plots for different uncertainty estimation metrics. The curves for uGap are identical to the ones of uMis and thus not shown.
The gray diagonal refers to the optimal case when the uncertainty score is directly proportional to the average error. (a) uVar (Note: Not applicable to simple
softmax). (b) uMis. (c) uMar. (d) uEnt.

will lead to an improvement in the case of a less well cali-
brated model, we artificially decreased the teachers calibration
by changing the temperature scaling in the softmax function
and training the students on the softmax output instead of the
logits. The resulting calibration curves are shown in Fig. 8(b)
and indicate that the student ensemble uncertainty estimation
method is able to achieve a better calibration.

As a second approach to quantify the performance of un-
certainty estimation, we propose to relate uncertainty estimates
directly with error rates. Intuitively, larger error rates should
occur more frequently with larger uncertainty scores, i.e., if the
model is very certain, it should be correct with higher probability,
and if it is uncertain, more errors should exist on average. The
value range of the uncertainty is divided into linearly spaced
bins. For each bin, the average error rate of the base model is
computed over samples with this uncertainty value. In compar-
ison to calibration curves where the “raw” decision probability
values of the uncertainty estimation methods are assessed, we
measure here the quality of the processed, final uncertainty
scores. The optimum is again a straight diagonal line: If the
model is completely certain in its decision (u = 0), it should
never be wrong while if it is completely uncertain (u = 1),

any class assignment should be more or less random leading
to the maximum error rate (e.g., 0.5 for a binary classification
problem).

Fig. 9 shows the corresponding uncertainty-error curves for
different uncertainty metrics. For the uVar [i.e., Fig. 9(a)] the
curve of the student ensemble is the most distant from the
diagonal showing the worst performance despite the overall
good qualitative performance discussed above. For this metric,
a high uncertainty value refers to a large variance across model
predictions. A possible reason for the discrepancy between the
quantitative and qualitative results of the student ensemble with
uVar is that the variance of the probabilistic predictions in the
ensemble can be small (i.e., in the worst case every member
estimates a uniform class distribution), yet still lead to wrong
class estimates (i.e., high error rates). This differs from the
other approaches, where variations in the model (MC dropout,
parameter noise) or data (data augmentation) create predictions
that assign more or less probability mass to one of the possible
classes, i.e., create outputs with higher variance that shift the
erroneous samples to the right side of the plot.

Using the margin metric uMar [see Fig. 9(c)] does not lead to
very meaning full error curves: As soon as the probability of the
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true class is smaller than the maximum probability, errors are
unavoidable.2 The entropy metric uEnt [see Fig. 9(d)] shows a
narrow range of low error rates over a wide range of uncertainty
values and a wide range of error rates for a narrow range of high
uncertainty values. Thus, it overpredicts uncertainty since even
for moderate to slightly high uncertainty values, the actual error
rate is low. The best behavior shows uMis where all curves lie
closest to the diagonal with a small advantage for the student
ensemble.

V. CONCLUSION

Machine learning and in particular deep learning has long
shown its advantages across multiple domains and applications.
Yet, corresponding approaches are usually treated as black-box
models that given a certain input provide a prediction but without
much further insights in, e.g., why this particular prediction is
made or how reliable it is.

UQ aims to provide an answer for the second point. While
there are models that offer an inherent uncertainty estimate
together with their prediction (e.g., BNNs), post hoc approaches
that can be applied to an already trained model allow to use
the best model for a given task, yet still obtain an uncertainty
estimate of its prediction.

For the use case of flood detection from SAR images, we
implement and evaluate several post hoc approaches. Results
show that nearly all methods produce similar results in terms
of both qualitative and quantitative measures. This includes
directly using the softmax of the model as basis to quantify
uncertainty, which is in contrast to common assumptions of deep
learning models and warrants further analysis. An exception is
using metrics based on the decision margin and entropy of the
posterior. The former cannot be applied during deployment and
is more related to accuracy than uncertainty. The latter does not
provide sufficiently distinct uncertainty values, i.e., the same
error rate range is spread over a wide range of uncertainty values.
At least qualitatively, the student ensemble provides the best
results if only by a small margin. In particular in combina-
tion with the variation or misclassification metric, it produces
uncertainty maps of fine granularity, highlights regions where
high uncertainty is expected (false classifications, boundaries
of patches and semantic segments, image artifacts, etc.), and is
otherwise homogeneous.

While differences to other methods are small, student ensem-
bles offer several advantages. For example, it is a true post hoc
method, i.e., it can be applied to any kind of model and makes no
assumptions about the architecture or the data. This is in contrast
to for example MC dropout and TTDA: The former can only be
applied as a post hoc approach if the original model already in-
cludes dropout layers. The latter leverages data transformations,
which require domain knowledge since not all transformations
are reasonable or physically plausible (e.g., image rotation is a
questionable transformation for SAR data, which comes with an
inherent orientation due to the image acquisition geometry). A

2Note, that the error is computed for a single model instance while the
uncertainty is computed via sampling and thus based on the posterior estimate
averaged over all models.

disadvantage of student ensembles is that they need to be trained
before usage with all the limitations of general neural network
training (e.g., appropriate tuning of hyperparameters, etc.). That
also means that there needs to be a training dataset for the student
ensembles. While this dataset does not need to include reference
data of the target variable (since the students are trained on
the logits of the teacher) and could be the training dataset of
the teacher, it is a requirement that other methods do not have.
Since all evaluated approaches are sampling based, the multiple
inference runs of student ensembles are a disadvantage shared
with all methods. Thus, run time during inference is mainly
proportional to the number of runs but otherwise very similar
among the approaches. TTDA has a small additional overhead
due to applying image transformations that are not required by
the other methods. The student ensemble offers some flexibility
as the student model can be simpler or more complex than the
teacher model, requiring potentially less or more time during
inference. Our recommendation, however, is to use the same
architecture as the teacher model to ensure that the students can
adequately mimic its behavior.

Existing real-world applications leveraging deep neural
network-based segmentation for flood monitoring greatly ben-
efit from post hoc uncertainty estimation methods. By incor-
porating a final uncertainty estimation step in a plug-and-play
fashion within the flood prediction pipeline, system users gain
additional insights into which floodplains should be prioritized
with higher confidence. This enhances decision-making by help-
ing authorities allocate resources efficiently while reducing the
risk of misclassification.

UQ improves model reliability by indicating when and where
predictions can be trusted, supporting adaptive data collection
to refine model performance, especially in regions with domain
shifts or varying environmental conditions. In addition, uncer-
tainty estimates can be integrated with model predictions to en-
hance overall accuracy. This approach not only aids in risk man-
agement and policy planning by identifying areas prone to false
positives or negatives but also ensures scientific transparency
and compliance with regulatory standards [86]. By embedding
uncertainty into flood detection models, decision-makers can act
with greater confidence, improving disaster response efficiency
and system robustness.

Future work should reevaluate whether the assumption that
deep neural networks are in general badly calibrated still holds
for modern approaches. Also, the relationship between the vari-
ation and misclassification metrics should be further analyzed
as it has the potential to disentangle different aspects of the
predictive uncertainty. Last but not least, there are a variety of
options to further improve student ensembles, e.g., optimizing
the students with additional uncertainty losses [19] or sacrificing
some estimation performance for a better runtime (e.g., via
BatchEnsembles [42], [43], [44], [45]).

In summary, this article empirically shows that different UQ
approaches behave very similarly in the use case of flood de-
tection from SAR images and differences are much stronger
for different metrics. In general, however, all approaches lead to
rather consistent results indicating the maturity of the field. Users
should prioritize methods based on their individual advantages:
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TTDA for requiring aleatoric uncertainty, softmax for quick
evaluation, student ensembles for a slight lead in epistemic
estimations.
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