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 A B S T R A C T

Semantic segmentation can help gain a deeper understanding of a depicted scene and deliver a variety of 
transformative technologies. However, its application is limited by the covariate shift and the lack of reliable 
detection techniques. In this study, we introduce a trustworthy, sample-efficient, distribution-free and model-
agnostic hypothesis test, named Segmetron, to detect image-level covariate shift in semantic segmentation. 
To assess an unlabelled target domain, Segmetron relies on an existing (but random) pre-trained semantic 
segmentation model and the labelled samples used to train it. The test statistic is based on the sample 
disagreement rate of two ensemble models trained to disagree with the baseline segmenter on unseen samples 
from the training and deployment sets, respectively. To obtain theoretical guarantees on unknown arbitrary 
test distributions, we build on recent work on the PQ learning setting of selective classification and extend 
it to a different discriminative model (i.e. segmenters). To train the enforced disagreement segmenters of 
each ensemble, we innovatively propose loss functions (to agree) which are more apropos to the semantic 
segmentation task and comply with the training of the baseline segmenter. We demonstrate that Segmetron 
outperforms other state-of-the-art techniques in terms of statistical power on two challenging real-world tasks 
from the cardiovascular magnetic resonance imaging field, concerned with two or more semantic classes, given 
access to only one image. This work aligns with ‘‘Responsible AI’’ principles, supporting reliable deployment 
of AI by enhancing robustness. It can potentially enable the widespread adoption of deep learning semantic 

segmentation technologies across various fields.
. Introduction

.1. Background

Semantic segmentation is a central task in computer vision serving 
s the cornerstone of downstream analysis in autonomous driving [1], 
edical decision-making (diagnosis and treatment) [2], vision-enabled 
obots [3], underwater scenarios [4,5] etc. Even though state-of-the-art 
SOTA) deep learning (DL) semantic segmentation models shine out 
ithin the training-data distribution, they completely flop outside of 
t [6]. The disparity in the distribution of the input samples between 
odel training and testing (deployment), also known as covariate 
hift, is the rule (rather than the exception) and a cause of serious 
afety and reliability concerns with respect to real-life operation. The 
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covariate shift is exacerbated in the medical imaging field due to the 
diverse image acquisition protocols, patient population heterogene-
ity, and wide variety of medical conditions among other factors [7]. 
Therefore, automated covariate shift detection techniques for semantic 
segmentation whose results are rigorously guaranteed in the absence 
of labelled target data would be of enormous value for delivering DL 
transformative technologies. Nevertheless, current literature has paid 
limited attention to the development of pertinent techniques [8].

1.2. Related work

There are relatively few papers directly combining semantic seg-
mentation with an image-level reject/abstention option. The authors 
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of [9] formalised the theoretical problem of selective prediction for se-
mantic segmentation and addressed the design of an optimal confidence 
estimator when a specific model is given. The scope of their study is 
nevertheless limited in binary segmentation tasks and single segmenter 
models. However, it is known that the selection functions which are 
based on the statistics of ensembles of multiple models are more robust 
to distribution shifts and are able to produce more accurate results. 
Recently, approaches for detecting (as well as generalising) covariate 
shift in semantic segmentation by leveraging generative models have 
been proposed [10,11]. However, such methods face the fundamental 
limitation that they cannot guarantee detection of arbitrary covariate 
shifts outside the generative prior’s capacity. In practice, the model’s 
ability to detect unseen shifts is tied to the diversity of synthesised 
examples provided during training and the learned invariances. There 
are several interesting works that explore uncertainty quantification in 
semantic segmentation [12–14]. This is a closely related task which 
could be used to implement a kind of ‘‘reject when uncertain’’ logic. 
However, such approaches depend on a rejection threshold that is 
typically determined in an ad-hoc manner [15–17]. Selective semantic 
segmentation works that rely on trainable rejection gates were put for-
ward in [18–20]. However, covariate shift detection is fundamentally 
a statistical inference problem, not a prediction problem. Prediction 
methods offer no theoretical guarantees outside the training distribu-
tion, and will fail on novel covariate shifts. A more principled solution 
is needed.

A fit-for-purpose approach for detecting covariate shift in image 
classification has been to cast the problem as a two-sample statistical 
hypothesis test. The first sample comprises the training data, whereas 
the second sample is the latest deployment data. Then, the null hy-
pothesis, 0, is that the samples were drawn from the same probability 
distribution, as opposed to the alternative hypothesis 1 that the two 
distributions are different. A non-parametric deep kernel-based two-
sample hypothesis test was proposed in [21]. The test statistic was 
based on the maximum mean discrepancy (MMD), which measures 
the differences between the two kernel mean embeddings. The kernels 
were parameterised by deep neural networks trained to optimise the 
test power, rendering this test particularly suited for high-dimensional 
(such as image) data. The authors of [22] designated H-divergence 
as a test statistic for two-sample tests. H-divergence is based on the 
generalised entropy defined by the maximum log-likelihood of readily 
available deep generative models. It allows to take advantage of induc-
tive biases for each type of data, leading to improved test power. A 
baseline alternative for detecting covariate shift is to perform a non-
parametric Kolmogorov–Smirnoff (KS) test directly on the distribution 
of relative Mahalanobis distance (RMD) confidence scores obtained for 
the two samples [23]. The RMD metric was initially introduced to 
improve out-of-distribution (OOD) detection [23]. Lastly, another way 
to conduct a two-sample test for recognising covariate shift is to use a 
classifier-based method. According to this approach, a binary classifier 
is trained to differentiate between source and target samples, and the 
test statistic could be based on the classifier’s accuracy in a held-out 
test sample [24].

All the above hypothesis testing studies looked into domain shift 
complications suffered by DL classification models. Covariate shift in 
the richer semantic segmentation is far less investigated [8]. Even 
though semantic segmentation and classification are related tasks, task-
specific studies are valuable given that learning algorithms may behave 
inconsistently across different tasks. The findings obtained in classi-
fication studies might not be valid for semantic segmentation. As an 
illustration, the calibration methods, that have been proposed in the 
literature to deal with the overconfidence issue in DL classification 
models, behave differently in semantic segmentation [8]. In addi-
tion, semantic segmentation is a task of increased complexity when 
compared to classification, as the dense individual pixel predictions 
must ensure that they are spatially consistent and that they pick up 
adjacent pixel relationships (local context) [25]. Moreover, semantic 
segmentation models have to effectively deal with occlusions [25].
2 
1.3. Our contribution

In this study we make the following pivotal contributions:

• We develop a reliable, sample-efficient, distribution-free and 
model-agnostic hypothesis test, named the Segmetron (Fig.  1), 
to detect image-level covariate shift in semantic segmentation. 
To assess an unlabelled target domain, Segmetron relies on an 
existing (but random) pre-trained semantic segmentation model 
and the labelled samples (pixels) used to train it. The test statistic 
of the one-sided hypothesis test is based on the rate of sample 
disagreement of two ensemble models trained to disagree with 
the baseline segmenter on unseen samples from the training and 
deployment sets, respectively.

• To obtain strong performance theoretical guarantees on unknown 
arbitrary test distributions, we build on recent work on the PQ 
learning setting of selective classification (SC) and extend it to a 
different discriminative model (i.e. segmenters).

• To train the enforced disagreement segmenters (EDSs) of each 
ensemble model to learn the same generalisation region as the 
pre-trained semantic segmentation model, we innovatively pro-
pose loss functions (to agree) which are more apropos to the 
semantic segmentation task and comply with the training of the 
baseline segmenter.

• We examine real-world covariate shifts that arise naturally (i.e.
without human intervention), as opposed to previous studies 
on semantic segmentation robustness which relied on synthetic 
domain shifts, obtained by injecting noise/blur or crafting ad-
versaries [26]. In particular, we analyse two covariate shifts 
from the cardiovascular magnetic resonance imaging (CMR) field, 
concerned with both binary (aorta, background) and multi-class 
(left ventricle, right ventricle, myocardium, background) seman-
tic segmentation tasks, ensuring diversity of set-ups.

• We demonstrate that Segmetron outperforms other SOTA tech-
niques in terms of statistical power on the two semantic segmen-
tation tasks, given access to only one image.

2. Materials and methods

2.1. Covariate shift

Definition 1: Let 𝑋 and 𝑌  be the input and output (label) spaces, 
respectively, defining the semantic segmentation task. Then, the input 
and output data are simply random variables. Labels are discrete (𝐶
classes). Assume that the marginal distributions of 𝑋 and 𝑌  in the 
training (source) and testing/deployment (target) domains are denoted 
by 𝑃𝑠(𝑋), 𝑃𝑠(𝑌 ) and 𝑃𝑡(𝑋), 𝑃𝑡(𝑌 ), respectively. Similarly, the conditional 
distributions of the output variables given the input variables in the 
two domains are denoted by 𝑃𝑠(𝑌 |𝑋) and 𝑃𝑡(𝑌 |𝑋). Covariate shift refers 
to the situation where the marginal distribution of the input variables 
varies across the source and target domains (i.e. (𝑃𝑠(𝑋) ≠ 𝑃𝑡(𝑋))), 
whereas the conditional distribution of the output variables given the 
inputs remains unaltered (i.e. 𝑃𝑠(𝑌 |𝑋) = 𝑃𝑡(𝑌 |𝑋)) [27]. To put it 
simply, this type of shift means that the input data distribution is 
different between the source and target domains, but the relationship 
between the input and output variables is the same.

2.2. The PQ learning setting of selective classification

The goal of SC (a.k.a. classification with a reject option) is to learn 
a classifier model which is allowed to abstain from making predictions 
when it is not adequately confident [28]. Unlike standard classifiers, 
which are forced to provide a prediction for every input, a selective 
classifier can choose to not classify specific examples if it deems the pre-
dictions unreliable. This allows SC models to achieve higher accuracy 
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Fig. 1. The Segmetron hypothesis test.
by reducing the number of misclassifications at the expense of coverage 
(i.e. the fraction of inputs on which predictions are made).

The PQ learning setting of SC has permitted to obtain strong theo-
retical guarantees on learning with arbitrary and potentially adversarial 
future test examples [28]. Their work represented a great leap forward, 
since the specific problem was considered intractable up until then. 
The authors showed that both the finite-sample error on the random 
and unknown test distribution 𝑄 and the rejection rate on the training 
3 
distribution 𝑃  can jointly remain bounded within an acceptable limit 𝜖
with high probability 1-𝛿.

Formally, in the PQ learning setting of SC, we are given: (i) a 
training set of 𝑛 samples (𝑥1, 𝑥2,… , 𝑥𝑛), drawn i.i.d. from 𝑃  over the 
input space 𝑋, (ii) the labels (𝑓 (𝑥1), 𝑓 (𝑥2),… , 𝑓 (𝑥𝑛)) for some unknown 
target function 𝑓 ∈ 𝐹  of Vapnik–Chervonenkis (VC) dimension 𝑑, (iii) 
an unlabelled test set of 𝑛 samples (𝑥̇1, 𝑥̇2,… , 𝑥̇𝑛) (i.i.d. from 𝑄), and (iv) 
the bound parameter 𝜖, which also controls the trade-off between errors 
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and rejections. The output is a selective classifier ℎ|𝑆 , which is allowed 
to only predict on certain examples in a subset 𝑆 ⊂ 𝑋, and otherwise 
abstain from predicting (𝑆 is also an output). The theoretical bound is 
given by the below definition [28].
Definition 2: Learner 𝐿(𝜖, 𝛿, 𝑛) PQ-learns a function class 𝐹  if, for any 
distributions 𝑃  and 𝑄 over the input space 𝑋 and any target function 
𝑓 ∈ 𝐹 , the output ℎ|𝑆 , = 𝐿(𝑃 , 𝑓 (𝑃 ), 𝑄) satisfies: 

Pr
𝑥∼𝑃 𝑛 , 𝑥̇∼𝑄𝑛

[

𝚁𝚎𝚓𝚎𝚌𝚝𝑃 + 𝙴𝚛𝚛𝑄 ≤ 𝜖
]

≥ 1 − 𝛿, (1)

where 𝚁𝚎𝚓𝚎𝚌𝚝𝑃  is the rejection rate of the classifier on the training 
distribution 𝑃 , and 𝙴𝚛𝚛𝑄 is the error rate on the test distribution 𝑄. 
Learner 𝐿 PQ-learns 𝐹  if it runs in non-exponential time and there 
is a polynomial 𝑝 such that 𝐿(𝜖, 𝛿, 𝑛) PQ-learns 𝐹  for every 𝜖, 𝛿 >
0, 𝑛 ≥ 𝑝(1∕𝜖, 1∕𝛿). A recent implementation of the PQ learning setting 
of SC is Rejectron [28]. It is shown that Rejectron achieves an error 
bound of ̃(

√

𝑑∕𝑛), for any class F of functions with a bounded VC 
dimension 𝑑, where the ̃ notation hides logarithmic factors including 
the dependence on the failure probability 𝛿.

2.3. Problem set-up: Semantic segmentation with a trustworthy reject option

Problem 1: Let 𝑓𝐵 ∶ 𝑋 → 𝑌  be a semantic segmentation model 
from a function class F that maps from space X to a discrete set of 
classes 𝑌 = {1,… , 𝐶}. Suppose 𝑓𝐵 was trained on a dataset of labelled 
pixel samples (𝑥𝑖, 𝑦𝑖) for 𝑖 = 1,… , 𝑛 where each 𝑥𝑖 is drawn identically 
from a distribution 𝑃  over X. During testing/deployment, 𝑓𝐵 is asked 
to predict on new unlabelled samples from an arbitrary distribution 𝑄
over 𝑋.

We define as ‘‘semantic segmentation with a trustworthy reject 
option’’ the problem of building an automated segmenter that abstains 
from predicting on those samples of 𝑄 for which there is covariate 
shift and predicts otherwise. The goal is that the algorithm does so 
with strong guarantees. Even though samples are individual pixels, the 
decision whether to predict or not (or, equivalently, whether there is 
covariate shift or not) is taken at image-level.

2.4. Enforced disagreement segmenter

The EDS is a modification of the standard segmenter, designed to 
enhance the model’s sensitivity to shifts in data distribution. Unlike typ-
ical segmenters that aim for accurate predictions across all examples, an 
EDS is tailored to maximise disagreement on specific out-of-distribution 
data while maintaining consistent predictions on in-distribution image-
level data. This approach leverages the inherent variability in the 
model’s response to different data distributions to detect shifts.

An EDS is characterised by the following properties: (i) Model Con-
sistency: It belongs to the same model class as the base segmenter and 
is trained using the same algorithm, ensuring that it does not deviate in 
fundamental learning capabilities. (ii) In-Distribution Performance:
It achieves similar performance on unseen samples that follow the 
in-distribution, verifying that the model’s utility is retained for famil-
iar data. (iii) Maximal Disagreement: On elements of a dataset Q, 
representing a potential out-of-distribution set, the EDS is trained to 
disagree maximally with the predictions of the base segmenter, without 
compromising its performance on in-distribution data.

The operational mechanism of an EDS involves training the model 
to identify and emphasise discrepancies between the predicted and 
actual semantic segmentations on new unseen datasets. This is achieved 
by: (i) Training the base segmenter on a labelled dataset from dis-
tribution 𝑃 . (ii) Developing the EDS by further training on a subset 
from distribution 𝑄, tweaking it to maximise prediction disagreement 
specifically on 𝑄 while ensuring it agrees with the base segmenter’s 
predictions on 𝑃 . (iii) Applying early stopping in the EDS training, if 
validation performance drops by a certain amount to avoid catastrophic 
overfitting in small sample regimes.
4 
The primary utility of an EDS lies in its ability to act as a diagnostic 
tool for flagging up shifts in data distribution that might affect the 
model’s performance, providing an early warning system for poten-
tial degradation in model accuracy due to distribution changes. The 
development of the EDS represents a strategic shift in handling data 
distribution changes in semantic segmentation. By focusing on the dis-
agreement in predictions between known and new data distributions, 
EDS offers a robust mechanism for enhancing the reliability of deployed 
semantic segmentation systems.

2.5. Learning to agree and disagree

The goal of an EDS is to agree on elements of a dataset P∗ from dis-
tribution 𝑃 . In addition, the training of the EDS should not deviate from 
the learning of the baseline segmenter. To this end, and unlike [29], we 
innovatively propose to use loss functions (Focal Tversky loss or Dice 
loss) that are better suited for semantic segmentation tasks with highly 
unbalanced data.

The Focal Tversky loss is an enhancement of the Tversky loss, 
aimed at addressing class imbalances in image segmentation tasks. It 
is defined as: 
Focal Tversky Loss = (1 − Tversky Loss)𝛾 (2)

Where 𝛾 is a focusing parameter that controls the contribution of 
hard-to-segment pixels, and the Tversky loss is given by: 

Tversky Loss =
∑𝑁

𝑖 𝑝0𝑖𝑔0𝑖
∑𝑁

𝑖 𝑝0𝑖𝑔0𝑖 + 𝛼̃
∑𝑁

𝑖 𝑝0𝑖𝑔1𝑖 + 𝛽
∑𝑁

𝑖 𝑝1𝑖𝑔0𝑖
. (3)

In this formula, 𝑁 is the total number of pixels, 𝑝0𝑖 is the predicted 
probability that pixel 𝑖 belongs to the target class, and 𝑝1𝑖 is the 
probability that pixel 𝑖 is part of the background. Similarly, 𝑔0𝑖 is 1 if 
pixel 𝑖 belongs to the target class, and 0 otherwise, while 𝑔1𝑖 represents 
the opposite. The parameters 𝛼̃ and 𝛽 balance the penalties for false 
positives and false negatives, respectively. The Focal Tversky loss helps 
control class imbalances and focuses on difficult cases.

The Dice loss is another popular loss function for image segmen-
tation tasks. It is based on the Dice coefficient, which measures the 
overlap between the predicted segmentation and the ground truth. The 
Dice loss is defined as: 

Dice Loss = 1 −
2
∑𝑁

𝑖 𝑝0𝑖𝑔0𝑖
∑𝑁

𝑖 𝑝0𝑖 +
∑𝑁

𝑖 𝑔0𝑖
. (4)

Here, 𝑝0𝑖 is the predicted probability that pixel 𝑖 belongs to the target 
class, and 𝑔0𝑖 is 1 if the pixel is correctly segmented as part of the target 
class, and 0 otherwise.

The Dice loss directly optimises for the overlap between predicted 
and actual segments. Maximising this overlap helps reduce false pos-
itives and false negatives, leading to improved segmentation perfor-
mance.

Inspired by the work of [29], we relied on the disagreement cross 
entropy (DCE) to train segmenters that maximise disagreement on 
out-of-distribution data. This loss function extends the classical cross 
entropy loss by encouraging pixel predictions to diverge from the 
true class label on new, unseen data distributions, thereby effectively 
identifying distribution shifts.

The DCE loss for a segmenter predicting a distribution over 𝐶 classes 
is defined as: 

𝐿𝐷𝐶𝐸 (𝑦, 𝑓𝐵(𝑥𝑖)) =
1

1 − 𝐶

𝐶
∑

𝑐=1
1𝑓𝐵 (𝑥𝑖)≠𝑐 log 𝑝(𝑐|𝑥𝑖), (5)

where 𝑦 is the predictive distribution by the ensemble segmenter over 
𝐶 classes, 𝑓𝐵(𝑥𝑖) is the predicted pixel label by the baseline segmenter, 
and 𝑝(𝑐|𝑥𝑖) is the probability that the ensemble segmenter predicts class 
𝑐 on pixel 𝑖. The indicator function 1𝑓𝐵 (𝑥𝑖)≠𝑐 equals 1 when 𝑓𝐵(𝑥𝑖)
is not equal to 𝑐, pushing the ensemble segmenter to assign higher 
probabilities to incorrect classes.
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The DCE has many attractive properties such as being very stable 
to optimise using gradient descent methods, having a bounded global 
minimum, and satisfying 

∀𝑝 ∈ 𝑃 min
𝑞∈𝑄

𝐿𝐷𝐶𝐸 (𝑞; 𝑦) ≤ 𝐿𝐷𝐶𝐸 (𝑝; 𝑦) (6)

meaning that for each probability vector in 𝑃 , there is a corresponding 
probability vector in 𝑄 that attains a score that is at least as low [29].

Then, the overall training objective 𝐿𝐸𝐷𝑆 can be obtained by com-
bining one of the two losses proposed above that enforce agreement on 
𝑃 , and the 𝐿𝐷𝐶𝐸 for samples from the new distribution 𝑄: 

𝐿𝐸𝐷𝑆 (𝑃 ,𝑄) =
∑

(𝑥𝑖 ,𝑦𝑖)∈𝑃
𝐿𝑎𝑔𝑟(𝑦, 𝑦𝑖) + 𝜆

∑

𝑥𝑖∈𝑄
𝐿𝐷𝐶𝐸 (𝑦, 𝑓𝐵(𝑥𝑖)), (7)

where 𝐿𝑎𝑔𝑟 is either the Focal Tversky or Dice loss and 𝜆 is a tuning 
parameter that balances fitting to 𝑃  and learning to disagree on 𝑄.

2.6. Segmetron

To detect covariate shift in semantic segmentation, Segmetron ex-
pands on [29], which in turn had built on earlier work [28]. Segmetron 
conducts a statistical hypothesis test between the distributions of a 
potentially shifted new dataset Q and a dataset P⋆ which was not seen 
during training but it is known to be from the same distribution as the 
training data. It adopts a transductive approach in the sense that it is 
constructed by: (i) training segmenters using LEDS on observed training 
(and test) cases, (ii) performing reasoning to the specific test data.

Let 𝑓𝐵 be a baseline segmenter trained on dataset P𝑡𝑟𝑎𝑖𝑛 comprising 
input data (pixels) sampled from 𝑃  and the corresponding masks. 
Assume 𝑓𝑄 is a segmenter which agrees (i.e. segments alike) with 
𝑓𝐵 on P𝑡𝑟𝑎𝑖𝑛 and disagrees on a dataset Q sampled from an unknown 
arbitrary 𝑄. We use 𝜉𝑄 to denote the rate at which 𝑓𝑄 disagrees with 
𝑓𝐵 on 𝑛 unseen pixels from 𝑄, and 𝜉𝑃  to denote the rate at which 𝑓𝑄
disagrees with 𝑓𝐵 on 𝑛 unseen pixels from 𝑃 . Then, by viewing semantic 
segmentation as a pixel-wise classification problem outputting a dense 
mask with a predicted class for every pixel, we argue that 𝜉𝑄 being 
greater than 𝜉𝑃 , implies a covariate shift. The proof for the above is 
based on the fact that under the null hypothesis (𝑃 = 𝑄), the upper 
bound of the probability that 𝑓𝑄 is more likely to disagree on Q than
P is 0.5 [29]: 

𝑃 = 𝑄 ⇒ P(𝜉𝑄 > 𝜉𝑃 ) ≤
1
2

(

1 − 4−𝑛
(

2𝑛
𝑛

))

< 1
2
. (8)

Segmetron trains two EDS ensembles 𝑓𝑃  and 𝑓𝑄. 𝑓𝑃  is trained to 
disagree on unseen P⋆ from P, and 𝑓𝑄 is trained to disagree on Q. After 
the training is completed, 𝜉𝑃  and 𝜉𝑄 are calculated. If 𝜉𝑄 > 𝜉𝑃 , then 
there is a covariate shift in the data (alternative hypothesis). If 𝜉𝑃 ≥ 𝜉𝑄, 
then Q dataset is in 𝑃  distribution (null hypothesis). Segmetron is 
distribution-free which means no assumptions about P and Q are made.

Two-sample hypothesis tests are associated with Type I errors 
(i.e. rejecting the true 0) and Type II errors (i.e. failing to reject a false 
0). The upper bound of the probability of Type I error is controlled 
by choosing an appropriate significance level. The probability of not 
making a Type II error is called test power, and is regarded the main 
efficacy measure in null hypothesis testing. In this study, in order 
to test for shift on a set Q, we follow the typical setup [30] by: (i) 
performing a permutation test to guarantee a significance level (or, 
else, a bounded Type I error), and (ii) empirically measuring the test 
power. To obtain the Segmetron result at a significance level 𝛼 (=0.05), 
we train Segmetron for 𝐶𝑅 (=100) calibration rounds with random 
P⋆. Then, the Segmetron result is significant at the 5% level if 𝜉𝑄 is 
greater than the (1-𝛼) percentile of 𝜉𝑃 . The pseudocode for Segmetron 
algorithm is given below (Algorithm 1). The flowchart is illustrated in 
Fig.  1.
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Algorithm 1 The Segmetron algorithm
1: Input: P: labelled dataset, (𝑥𝑖, 𝑦𝑖), Q: unlabelled dataset, (𝑥𝑖), 𝐿𝐴: 
learning algorithm, 𝐶𝑅: calibration rounds = 100, E: ensemble 
size = 5, 𝛼: significance level = 0.05, 𝑀𝑒: evaluation metric (Dice 
accuracy), 𝜖: tolerance (=0.05), 𝑒𝑚: max epochs (=4).

2: Output: test result for covariate shift at significance level 𝛼.
3: Partition P into Ptrain,Pval,P⋆

4: 𝑁𝑆 ← |𝑄|, 𝜉𝑃 ← [ ]
5: 𝑓𝐵 ← 𝐿𝐴(𝑃train, 𝑃val)
6: for 𝐶𝑅 ≤ 100 do
7:  P⋆ ← RandomSampling(P⋆, 𝑁𝑆 )
8:  while 𝑛 > 0 and epochs ≤ 𝑁𝑆 do // Train ensembles of EDSs 
on P⋆

9:  P̂∗ ← {(𝑥, 𝑓𝐵(𝑥)) ∣ 𝑥 ∈ P∗} // Infer pseudo labels on P∗ using 
𝑓𝐵

//Dataloader using P𝑡𝑟𝑎𝑖𝑛 and P∗

10:  P,P∗ ← Batched({(𝑥, 𝑦) ∣ (𝑥, 𝑦) ∈ P𝑡𝑟𝑎𝑖𝑛 ∧ (𝑥, 𝑓𝐵(𝑥) ∈ P∗})
11:  Initialise 𝑓𝑃 ← 𝑓𝐵
12:  𝑚0 ← 𝑀𝑒(𝑓𝐵 ,Pval) // Compute the validation performance 

of 𝑓𝐵
13:  while 𝑀𝑒(𝑓𝐵 ,Pval) > 𝑚0 − 𝜖 and iterations < 𝑒𝑚 do
14:  for batch in P,P∗ do
15:  𝑥𝑃 , 𝑦𝑃 ← {(𝑥, 𝑦) ∣ (𝑥, 𝑦) ∈ batch and (𝑥, 𝑦) ∈ Ptrain}
16:  𝑥𝑃 ∗ , 𝑦𝑃 ∗ ← {(𝑥, 𝑓𝐵(𝑥)) ∣ 𝑥 ∈ batch ∧ 𝑥 ∈ P̂∗}
17:  Update 𝑓𝑃  using 𝐿𝐴 for (𝑥𝑃 , 𝑦𝑃 ) and disagreement 

update for (𝑥𝑃 ∗ , 𝑦𝑃 ∗ )
18:  end for
19:  end while
20:  return 𝑓𝑃
21:  Filter out agreed pixels P⋆ ← {𝑥 | 𝑥 ∈ P⋆ and 𝑓𝐵(𝑥) = 𝑓𝑃 (𝑥)}
22:  Update disagreement rate: 𝜉𝑃 ← 1 − |P⋆|

𝑁𝑆
23:  end while
24:  Append 𝜉𝑃  to [𝜉𝑃 ] list
25: end for
26: while 𝑛 > 0 and epochs ≤ 𝑁𝑆 do
27:  Q̂ ← {(𝑥, 𝑓𝐵(𝑥)) ∣ 𝑥 ∈ Q} // Infer pseudo labels on Q using 𝑓𝐵
28:  P,Q ← Batched({(𝑥, 𝑦) ∣ (𝑥, 𝑦) ∈ P𝑡𝑟𝑎𝑖𝑛 ∧ (𝑥, 𝑦) ∈ Q}) //Dataloader 

using P𝑡𝑟𝑎𝑖𝑛 and Q
29:  Initialise 𝑓𝑄 ← 𝑓𝐵
30:  𝑚0 ← 𝑀𝑒(𝑓𝐵 ,Pval) // Compute the validation performance of 𝑓𝐵
31:  while 𝑀𝑒(𝑓𝐵 ,Pval) > 𝑚0 − 𝜖 and iterations < 𝑒𝑚 do
32:  for batch in P,Q do
33:  𝑥𝑃 , 𝑦𝑃 ← {(𝑥, 𝑦) ∣ (𝑥, 𝑦) ∈ batch and (𝑥, 𝑦) ∈ Ptrain}
34:  𝑥𝑄, 𝑦𝑄 ← {(𝑥, 𝑓𝐵(𝑥)) ∣ 𝑥 ∈ batch ∧ 𝑥 ∈ 𝑄}
35:  Update 𝑓𝑄 with 𝐿𝐴 for (𝑥𝑃 , 𝑦𝑃 ) and disagreement update 

for (𝑥𝑄, 𝑦𝑄)
36:  end for
37:  end while
38:  return 𝑓𝑄
39:  Filter out agreed pixels Q ← {𝑥 | 𝑥 ∈ Q and 𝑓𝐵(𝑥) = 𝑓𝑄(𝑥)}
40:  Update disagreement rate: 𝜉𝑄 ← 1 − |𝑄|

𝑁𝑆
41: end while
42: return 𝜉𝑄 > (1 − 𝛼) quantile of 𝜉𝑃

2.7. Experiments

2.7.1. Datasets
Segmetron was validated in binary and multi-class semantic seg-

mentation tasks, both from the CMR medical imaging field. The former 
task involved segmenting aorta (both ascending and descending) from 
steady-state free precession (SSFP) cine CMR images. The initial (un-
shifted) dataset (Fig.  2(a)) is described in [31]. It consists of 340 3D 
(2D space + time) training datasets and 84 testing datasets from the 
same distribution. Each patient dataset comprised 30 time points (2D 
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(a) Binary Segmentation

  
(b) Multi-class Segmentation

 

Fig. 2. The binary (a) and multi-class (b) semantic segmentation tasks analysed in this study. The two classes of the former task are (ascending and descending) 
aorta (brown) and background. The latter task involves four semantic classes: left ventricle (yellow), myocardium (blue), right ventricle (red), and background. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
images). All patients had aortic stiffness-related diseases. To assess 
covariate shift detection, 280 additional (unlabelled) patient datasets 
were acquired by the same clinical institution, for which the base 
segmenter failed due to covariate shift caused by acquisition hardware 
variability, elevated flow velocity in the aortic valve, and different 
patient demographics.

The multi-class segmentation task involved four classes, namely left 
ventricle, right ventricle, myocardium, and background. The dataset 
(Fig.  2(b)) from the Automated Cardiac Diagnosis Challenge (ACDC) 
served as the initial dataset sampled from P [32]. It consists of 100 
training 3D (spatial) datasets (namely, 20 healthy volunteers, 20 pa-
tients with previous myocardial infarction, 20 patients with dilated 
cardiomyopathy, 20 patients with hypertrophic cardiomyopathy, 20 pa-
tients with abnormal right ventricle) and 50 testing 3D datasets. These 
are all 3D CMR data obtained using the SSFP sequence. The shifted 
dataset, acquired using different CMR sequences (namely late gadolin-
ium enhancement (LGE) or T2), comes from the 2019 Multi-sequence 
Cardiac MR Segmentation Challenge (MS-CMRSeg 2019) [33], and 
involves 45 3D datasets from cardiomyopathy patients.

2.7.2. Base segmenters
The binary base semantic segmentation model is described in [31]. 

It is a UNet-based model, equipped with 2D Bi-directional ConvLSTM 
layers with densely connected convolutions, dropout and batch normal-
isation layers. This architecture carries out concurrent spatio-temporal 
learning of the video inputs, and employs non-linear functions to couple 
the feature maps from the encoder.

The multi-class base segmentation model was by [34], and it
achieved the overall 3rd place winner award in the ACDC challenge 
in 2019. It is a modified version of the 2D UNet by setting the total 
of feature maps in the upsampling path transpose convolutions to be 
equal to the number of classes (=4).

2.7.3. State-of-the-art approaches and evaluation
Segmetron was juxtaposed with SOTA two-sample tests that are 

based on MMD [21], H-divergence [22], RMD [23], as well as other 
mainstream uncertainty quantification and OOD detection criteria. To 
report performance, the True Positive Rate at a 5% Significance Level 
(TPR@5) was employed. This metric indicates the frequency with 
which a method correctly detects covariate shift (𝑃 ≠ 𝑄), while 
maintaining a false positive rate of only 5%. It is equivalent to the 
statistical power of a test with a significance level (𝛼) of 5%.
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2.8. Implementation

For detecting covariate shift in the binary semantic segmentation 
task, P𝑡𝑟𝑎𝑖𝑛, P𝑣𝑎𝑙, P∗, and Q were randomly selected. P∗ was obtained 
from the test set of the respective study. Each of the four datasets 
involved 3D (i.e. 2D+time) data from a single patient, comprising 
1966080 (=30 × 256 × 256) pixels (samples). Each ensemble comprised 
five EDSs. 𝑓𝑃  and 𝑓𝑄 were both initialised using the weights of 𝑓𝐵 . 
Each EDS was trained for five epochs, with early stopping if validation 
performance dropped by 5%. The Focal Tversky loss was employed 
to enforce agreement on 𝑃 , and also to mirror the base training. We 
set 𝛼̃ = 0.8, 𝛽 = 0.8 and 𝛾 = 1 to improve model convergence and 
recall [31]. The recommended learning rates and batch sizes by the 
authors of the original study [31] were utilised. The 𝐿𝐸𝐷𝑆 tuning 
parameter 𝜆 was chosen to be equal to 1

|Q|+1 , as suggested by [28]. P∗

datasets from 𝑃  were permuted across 100 random calibration runs to 
generate 100 𝑓𝑃  ensemble models, from which we obtained 100 pixel 
disagreement rate values. 𝜉𝑃  was calculated as the 95th percentile of 
these rates. One test run was used to produce 𝑓𝑄 which gave the pixel 
disagreement rate value 𝜉𝑄. The permutation test allowed to deliver 
strong statistical guarantees. To enhance the presentation of the results, 
the number of disagreement pixels (rather than the rate values) is 
purposefully illustrated. The above experiments were executed for 100 
randomly selected Q sets, and the TPR@5 is reported. To validate the 
usefulness of the chosen loss function, the pixel disagreement and in-
distribution accuracy are also plotted, both as functions of the ensemble 
size.

For the multi-class cardiac semantic segmentation task, all the 
details were the same as above, except that each dataset involved 3D 
spatial image data, comprising 719,104 (=16 × 212 × 212) pixels. In 
addition, the Dice loss function was chosen to agree on 𝑃 , following 
the training of the base segmenter. The learning rates and batch sizes 
that were utilised in the experiments were those recommended by the 
authors of the baseline study [34].

The penultimate layer of the pre-trained base models was used to 
test for covariate shift using the RMD approach [23]. The Kolmogorov–
Smirnov (KS) test [35] was performed on the distribution of RMD 
confidence scores derived from P∗ and Q for both binary and multi-
class semantic segmentation tasks. The scipy.stats.ks_2samp
implementation of the KS test was employed, providing directly the 
𝑝-values.

For the MMD test, the feature extraction network 𝜙𝜔 was a five-
layer fully-connected neural network using soft-plus activations. The 
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number of neurons in hidden and output layers was set to 50. The 
Adam optimiser was used and the dropout rate was set to 0 during 
training. The original source code provided by the authors at https:
//github.com/fengliu90/DK-for-TST was employed.

The H-Divergence implementation involved training variational au-
toencoder models on both P∗ and Q datasets individually, and on their 
uniform mixture (P∗+Q)

2 . The variational autoencoder loss, comprising 
reconstruction loss and a Kullback–Leibler divergence term, was used 
to compute a test statistic that quantifies the difference between the 
distributions by comparing the entropy of the mixture to the individual 
datasets. To realise the H-Divergence, the following general class of 
continuous functions was chosen

𝜙(𝜃, 𝜆) =
(𝜃𝑠 + 𝜆𝑠)

1
𝑠

2
(9)

for 𝑠 > 1, which generalises the H-Jensen Shannon divergence for 
𝑠=1 and the H-Min divergence for 𝑠 = ∞. The loss function 𝑙(𝑥, 𝑎)
was chosen as the negative log-likelihood of 𝑥 under a distribution 
𝑎, where 𝑎 belongs to a model family 𝐴. The implementation was 
validated through a permutation testing scheme to compute the test 
power, which conducted 100 permutations for each experiment while 
maintaining an overall significance level at 𝛼=0.05. The source code at 
https://github.com/a7b23/H-Divergence [22] was employed.

In addition, more mainstream baselines, which are based on un-
certainty quantification and OOD detection, were adjusted to semantic 
segmentation with an image-level reject option. To produce pixel-wise 
uncertainty maps using single deterministic segmentation models, the 
Monte-Carlo Dropout strategy was exploited by adding a dropout layer 
at the end of each convolution block. Ten feed-forward stochastic 
passes through the network were run with dropout active. In addition, 
given their widely known sensitivity to input distribution shifts, post-
hoc OOD detectors were also implemented. The aggregated pixel-level 
uncertainty score (predictive entropy, mutual information, variance) 
or confidence score (maximum softmax probability (MSP), energy-
based [36], soft Dice confidence (SDC) [9]) was used to compute the 
test statistic for the two-sample hypothesis testing. The KS test was per-
formed on the distribution of uncertainty scores and confidence scores 
derived from P∗ and Q for both binary and semantic segmentation 
tasks.

We also performed experiments that evaluate the effect of different 
choices in the Segmetron rule. The analysis included study of: (i) 
the impact of the ensemble size, (ii) the agreement loss function (by 
comparing the chosen loss functions with the classical cross-entropy) 
to show why segmentation-specific losses yield superior calibration and 
maintain in-distribution performance, (iii) the disagreement loss weight 
𝜆 to justify our choice, (iv) the test sample size to show robustness, and 
(v) using pseudo labels vs. ground truth for training the EDSs to prove 
that pseudo-labels suffice.

Finally, we carried out a detailed quantitative comparison on in-
ference times, GPU/CPU and RAM memory usage, as well as the 
associated energy usage and carbon emissions for Segmetron and each 
baseline under identical hardware to objectively evaluate deployment 
feasibility.

All the experiments in this study were conducted on an Intel(R) 
Core(TM) i9-10900K CPU and an NVIDIA RTX A6000 48 GB GPU. 
Segmetron and the SOTA methods were compiled in a Python 3.8.5 de-
velopment environment.1 All model training associated with Segmetron 
was performed using the TensorFlow 2.4.0 framework.

1 https://github.com/tuanaqeelbohoran/Segmetron
7 
Table 1
True positive rates at a 5% significance level for detecting natural covariate 
shifts for binary and multi-class semantic segmentation tasks from the CMR 
medical imaging field. Boldface indicates best performance. CMR: Cardio-
vascular Magnetic Resonance Imaging, TPR@5: True Positive Rate at 5% 
significance, RMD: Relative Mahalanobis Distance, MMD: Maximum Mean 
Discrepancy .
 Method TPR@5

 Binary Multi-class 
 Segmetron 1.0 1.0  
 RMD 0.95 0.95  
 MMD 0.24 0.88  
 H-Divergence 0.46 0.49  
 Predictive Entropy 0 0.17  
 Variance 0 0.62  
 Mutual Information 0 0.59  
 Maximum Softmax Probability 0 0.11  
 Energy Score 0 1.0  
 Soft Dice Confidence 0.89 N/A  

3. Results

3.1. Statistical power comparison

Table  1 presents the TPR@5 comparison between Segmetron and 
the baseline methods for both the binary and multi-class cardiac se-
mantic segmentation tasks. This metric essentially gives how often each 
method correctly detects covariate shift while maintaining a false alarm 
rate of only 5%. Out of 100 test cases with actual covariate shift, 
Segmetron detected 100. This perfect detection rate occurred for both 
the binary and multi-class semantic segmentation tasks.

Meanwhile, competing methods exhibited varied performance. RMD 
achieved 95% detection rate missing only 5 out of 100 cases. MMD 
showed a highly variable behaviour, detecting 24% of cases for binary 
and 88% of cases for multi-class. H-Divergence missed over half the 
shifts achieving 46%–49% detection rates. Of note, all methods that 
are based in uncertainty quantification and OOD detection (except the 
SDC) achieved a detection rate of 0% for the binary segmentation task, 
indicating a complete failure to identify covariate shift using only 1 test 
image. It was found that in order these approaches to achieve TPR@5 
= 1, at least 50 test images were required. The results were variable for 
the multi-class task, ranging from 17% for Predictive Entropy to 100% 
for the Energy Score. Finally, the SDC confidence score-based method 
achieved 89% detection rate for the binary task, however, it cannot be 
applied to the multi-class setting, as it is limited to binary segmentation.

The above performance gap between Segmetron and the baselines 
can be explained by the fact that the traditional methods (MMD, H-
Divergence) try to measure distributional differences directly in the 
high-dimensional space. Therefore, these methods struggle as dimen-
sionality increase. On the other hand, feature-distance methods (RMD) 
operate on latent spaces which may not capture the distribution shifts at 
the pixel space. Last, the failure of traditional uncertainty or OOD-based 
metrics can be justified by factors such as the MC Dropout unreliability 
in high-dimensional tasks and the common statistical power decay of 
uncertainty-based tests as the ambient dimension increases.

3.2. Core finding breakdown

Figs.  3 and 4 provide visual evidence that Segmetron successfully 
identifies when data has shifted away from the training distribution 
for the binary cardiovascular semantic segmentation task. These two 
figures act as a quality control system that can tell when the images it 
receives are fundamentally different from what it was trained on.

Fig.  3 shows the calibration phase, where Segmetron essentially 
learns what normal variation looks like. The histogram depicts how 
many disagreement pixels occurred in each round. The red line marks 

https://github.com/fengliu90/DK-for-TST
https://github.com/fengliu90/DK-for-TST
https://github.com/fengliu90/DK-for-TST
https://github.com/a7b23/H-Divergence
https://github.com/tuanaqeelbohoran/Segmetron
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Fig. 3. The Segmetron hypothesis test: Shown is the distribution of the 
number of calibration rounds as a function of the number of disagreement 
pixels on P∗. A different random seed for P∗ was used for each calibration 
round. Also shown in red is the 95th percentile. The plot is taken from the 
binary cardiovascular semantic segmentation task. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Fig. 4. The Segmetron hypothesis test: Shown is the distribution of the number 
of test rounds as a function of the number of disagreement pixels on Q. A 
different random seed for Q was used for each test round. Also shown in red 
is the 95th percentile of the 100 calibration rounds on P∗. The plot is taken 
from the binary cardiovascular semantic segmentation task. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the 
web version of this article.)

the 95th percentile, meaning only 5% of the time one would expect to 
see disagreement levels above this threshold by random chance alone. 
It establishes the baseline of disagreement when there is no shift.

Fig.  4 illustrates the detection capability. 100 different shifted
datasets (Q) were tested, that is images with actual covariate shift. 
The key result is that in all 100 cases, the disagreement pixel count 
exceeded the 95th percentile from calibration. This means Segmetron 
correctly identified the shift 100% of the time. The separation between 
the distributions is clear and substantial.

3.3. Validation of decision choices

We first show the results of the analysis of the ensemble size. Fig.  5 
illustrates the Dice (validation) accuracy as the ensemble size increases 
for the binary semantic segmentation task. Plotted are graphs for both 
shifted and unshifted datasets from 𝑄. Both curves maintain high 
Dice accuracy (≥0.95) for the various ensemble sizes. It can be seen 
that enforcing disagreement training does not accidentally compromise 
in-distribution performance.

Figs.  6 and 7 depict the relationship between the number of dis-
agreed pixels and the ensemble size for shifted and unshifted data, 
respectively. These two images actually reveal the mechanism that 
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Fig. 5. Plot of the in-distribution Dice coefficient as a function of the ensemble 
size. Plotted are graphs for both shifted (blue) and unshifted (red) datasets 
from 𝑄 for the binary semantic segmentation task. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Table 2
Lambda constant sensitivity results.
 𝜆 TPR Setting 
 @5  
 1 1 shift  
 1/101 1 shift  
 1/1001 1 shift  
 1/10001 1 shift  
 1/100001 1 shift  

makes Segmetron work. It can be observed that the number of dis-
agreement pixels increases substantially faster in the 𝑓𝑄 curve (from 
32,486 to 93,942) as the number of EDSs rises than in the 𝑓𝑃  curve 
(from 6870 to 8292). The rapid increase in 6 indicates that the models 
are collectively identifying substantial differences in shifted data, as 
opposed to 7 where the nearly flat trajectory indicates a baseline 
disagreement level expected from random variation. To sum up, the dis-
agreement gap between shifted and unshifted data widens dramatically 
with the ensemble size. This divergence creates a powerful signal for 
covariate shift detection. Apart from studying the ensemble size effect, 
the findings in these three figures also corroborate our loss function 
choices (DCE and Focal Tversky) as the learning objective used in the 
EDS training. In separate experiments conducted concerning the binary 
semantic segmentation task, it was found that Segmetron’s covariate 
shift detection ability drops dramatically, when binary cross entropy 
(rather than Focal Tverksky) was used for an EDS to learn to agree. This 
finding is in line with the need that the EDS training should mirror the 
base segmenter model training scheme.

Table  2 lists the sensitivity analysis study of the 𝜆 as a function 
of covariate shift detection performance (TPR@5). It was found that 
Segmetron remarkably maintains its sensitivity (TPR@5=1.0) to covari-
ate shift detection for a wide range of the tuning parameter 𝜆. It was 
chosen for 𝜆 to equal the value 1

|Q|+1 , to better balance the two distinct 
objectives and also to be consistent with theoretical literature on the 
PQ learning setting.

We further observed that, in the binary segmentation task, training 
the EDSs with ground-truth labels yielded the same covariate shift 
detection performance (TPR@5=1.0) as training with pseudo-labels 
produced by the base segmenter, indicating that the pseudo-labels are 
sufficient. Finally, Segmetron maintained equally strong covariate shift 
detection performance (TPR@5=1.0) across different test set sizes (1, 
2, 5, and 10 images).
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Fig. 6. Plot of the number of disagreement pixels as a function of the ensemble 
size. Plotted is the graph for shifted data from 𝑄 for the binary semantic 
segmentation task.

Fig. 7. Plot of the number of disagreement pixels as a function of the ensemble 
size. Plotted is the graph for unshifted data from 𝑄 for the binary semantic 
segmentation task.

3.4. Computational efficiency considerations

Table  3 reports inference runtime, carbon emissions, energy con-
sumption, and hardware utilisation for all evaluated covariate shift 
detection methods using one test patient worth data. While Segmetron 
is not the fastest method in absolute terms, the results highlight a 
clear trade-off between computational cost and detection reliability, 
with Segmetron occupying a distinctive and justified position in this 
spectrum.

Segmetron incurs a higher inference time (27.57 s) compared to 
lightweight statistical baselines such as MMD or RMD; however, this 
cost is accompanied by very low GPU (1%) and CPU (2.2%) utilisation, 
indicating that the method is not hardware-intensive and does not rely 
on continuous accelerator usage. Importantly, its energy consumption 
(0.001 kWh) and carbon emissions (0.27 g) remain comparable to, 
or lower than, many alternative approaches, demonstrating that the 
increased runtime does not translate into disproportionate environ-
mental cost. In contrast, uncertainty-based methods such as Predictive 
Entropy, Variance, and Mutual Information exhibit substantially higher 
inference times (up to 105.31 s) and sustained GPU utilisation (≈
82%), reflecting the need for multiple stochastic forward passes. These 
methods are therefore considerably more expensive in practice, both 
in terms of runtime and hardware load, despite offering weaker or less 
principled guarantees for covariate shift detection. Segmetron’s infer-
ence cost is instead dominated by statistical aggregation and hypothesis 
testing at the image level, rather than repeated model evaluations. This 
design choice explains its moderate runtime while keeping energy and 
resource usage low.
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4. Discussion

Semantic segmentation enables a higher level of understanding of a 
depicted scene. It also forms an essential capability towards delivering 
a plethora of life-changing technologies. However, the covariate shift 
itself, as well as the lack of trustworthy methods for detecting it, 
limit the applicability of semantic segmentation. In this study, the 
image-level covariate shift detection in semantic segmentation was in-
vestigated through the lens of statistical hypothesis testing. Segmetron 
was introduced as a segmenter with a trustworthy reject option that 
abstains from predicting on test images when semantic segmentation 
should not be made due to covariate shift. To detect covariate shift, two 
ensembles of segmenters were enforced to agree on training data and 
disagree on test data from their set. For training these ensemble models, 
ways of agreeing (i.e. loss function components) were innovatively 
put forward that are better suited to the semantic segmentation task 
and also mirror the base training. The average pixel disagreement 
rate between each EDS and the base segmenter was chosen as the 
discriminative test statistic upon which the Segmetron hypothesis test 
was built.

Importantly, Segmetron is able to deal with unforeseeable covariate 
shifts of any unknown arbitrary distribution that may occur during 
deployment. Therefore, this work is valuable because it aligns with 
‘‘Responsible AI’’ principles and it happens at a time when the ma-
chine learning community is striving to increase society’s willingness 
to accept AI. To obtain strong theoretical guarantees for arbitrary 
distributions, we extended recent theoretical work on the PQ learning 
setting of SC to the richer semantic segmentation task [28,29] Also 
markedly, Segmetron is sample-efficient being able to identify covariate 
shifts from a single image. Therefore, it could be useful for isolating 
shifted cases and removing them from automated semantic segmenta-
tion pipelines. Last, another favourable characteristic of Segmetron is 
that it is model-agnostic, since it recognises covariate shifts regardless 
of the baseline segmentation model that had been used in the initial 
training.

The ability of Segmetron to detect covariate shift was showcased 
in two real-world semantic segmentation tasks from the CMR field, 
involving two (aorta and background) or more (left ventricle, right 
ventricle, myocardium, background) semantic classes. The shifts in 
both tasks are malignant (rather than benign) [37], given that they 
resulted in gross baseline model inaccuracies. Our approach was found 
to have superior statistical power (TPR@5) to nine SOTA approaches 
(RMD, H-Divergence, Deep Kernel MMD, Predictive Entropy, Mutual 
Information, Variance, Maximum Softmax Probability, Energy Score, 
Soft Dice Confidence) on both tasks. An explanation of these results 
might be that the kernel-based and uncertainty-based multivariate 
two-sample tests have been shown to scale badly and their statistical 
power to decay with the dataset ambient dimension [38]. Moreover, 
estimating the discrepancy between two probability distributions using 
the H-divergence has been shown to be prone to underestimations, even 
if the two distributions are significantly different [39]. The fact that the 
data of our experiments was 3D is valuable also because established 
anomaly detection methods in 2D have been shown to not provide 
reliable performance on 3D data [40].

The validity of our design choices was corroborated by plotting 
graphs of the relationship between the ensemble size versus number of 
disagreement pixels and in-distribution accuracy. It was found that the 
disagreement level manifested a substantially more rapidly increasing 
trend for shifted than unshifted data from Q. In addition, the EDSs of 
both ensembles were found to preserve high accuracy on data from 
the training distribution, also validating the loss function choices. A 
justification for the choice of the tuning parameter 𝜆 was provided. The 
pseudo-labels produced by the base segmenters were found sufficient 
for training the EDSs.

Segmetron has higher computational complexity than the SOTA 
approaches, and is similar in complexity to other ensemble approaches
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Table 3
Inference runtime, carbon emissions, energy, and resource utilisation (All Methods).
 Method Inference Carbon Energy GPU Avg CPU Avg RAM Avg 
 (s) (g) (kWh) (%) (%) (%)  
 Segmetron 27.57 0.27 0.001 1 2.2 1.6  
 RMD 0.50 1.31 0.012 12 33.3 1.6  
 H-Divergence 2.28 2.71 0.001 7 37.9 1.6  
 MMD 0.33 1.33 0.006 0 1.9 1.6  
 Predictive Entropy 60.47 1.19 0.001 82 2.0 1.6  
 Variance 68.53 1.30 0.001 82 9.1 1.6  
 Mutual Information 105.31 1.78 0.001 82 2.3 1.6  
 Maximum Softmax Probability 4.21 0.10 0.001 79 2.3 1.6  
 Energy Score 7.53 0.13 0.001 46 2.4 1.6  
 Soft Dice Confidence 17.54 0.25 0.001 25 2.3 1.6  
[41]. It achieves favourable energy efficiency and resource utilisa-
tion, making it suitable for deployment scenarios where computa-
tional sustainability and reliability are both critical [42,43], even if 
inference latency is moderate. Potential strategies to speed up Seg-
metron inference time might include pixel subsampling, simplifying 
the EDS architectures, and more efficient execution through CPU core 
parallelisation.

In this study, we dealt with the problem of ‘‘semantic segmentation 
with a trustworthy reject option’’. This problem is closely related to the 
‘’segmentation quality assessment’’ problem [44,45], since they both 
make image-level decisions. In addition, given that it was demonstrated 
that the proposed method is able to identify covariate shift given just a 
single test dataset, the term could also be simplified to ‘‘anomaly detec-
tion’’ [46]. Image enhancement techniques could also have a significant 
impact on the semantic segmentation results through improving the 
quality of the images [47,48].

Segmetron offers a straight-forward way to assess the intensity of 
a covariate shift. The severity ordering could be based on the relative 
disagreement gap between the in-distribution and out-of-distribution 
samples. The more harsh the domain drift, the larger the gap between 
𝜉𝑄 and the 95th percentile of 𝜉𝑃  will be. Following this line of argu-
ment, it was found in our experiments that the covariate shift in the 
multi-class cardiac semantic segmentation problem was more severe 
than in the binary one. In a similar manner, the disagreement rate 
values could also be used to localise (and isolate) the failure regions 
in an image, a.k.a. ‘‘anomaly segmentation’’ [49].

The PQ learning framework assumes that the samples are indepen-
dent identically distributed, but such an assumption does not hold for 
semantic segmentation. However, this has been handled by design-
ing modern DL semantic segmentation architectures that capture spa-
tial correlations and multi-scale representations, and by incorporating 
appropriate training strategies and loss functions.

The theoretical guarantees of the PQ learning setting, that both the 
selective segmenter’s error on the unknown test distribution Q and the 
rejection rate on the training distribution P are jointly bounded with 
high probability, rely on the function class having finite VC dimension. 
In practice, deep neural networks (segmenters) have very high (often 
exponential in the number of parameters) or even unbounded VC di-
mension. This is a well-known limitation of classical learning-theoretic 
analyses. However, this does not invalidate PQ learning. The role of 
this assumption is to provide insight into the statistical properties of PQ 
learning under standard finite-capacity models, not to describe modern 
deep networks exactly. From empirical results, one can safely claim that 
this does not harm Segmetron’s practical usefulness.

In the proposed framework, we aim to detect covariate shift from 
as few test samples as possible. Therefore, we propose to estimate dis-
agreement on the same patient dataset that had been used to train the 
ensemble 𝑓𝑄. While this could result in high variance and low statistical 
power, we dealt with this issue by estimating the relative increase 
in disagreement between the EDSs on Q and P. In this study, and 
similar to previous research [50], we treated semantic segmentation 
as a pixel-wise classification problem. Even though such an approach 
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seems to disregard for the structured semantic layout, it was found to 
lead to a powerful discriminative test statistic for detecting the image-
level covariate shift in semantic segmentation. Last, Segmetron detects 
covariate shift but it does not correct it. Test-time unsupervised domain 
adaptation methods could come to our rescue in this aspect [51,52], 
and this will be a topic of future work.

5. Conclusions

In this study, Segmetron, a semantic segmenter with an image-
level reject option, was introduced. The proposed hypothesis test is 
sample-efficient, distribution-free, model-agnostic and provides theo-
retical guarantees through PQ learning. It was found to outperform 
nine existing baselines on real-world CMR shifts that arose in both 
binary and multi-class semantic segmentation tasks. Segmetron treats 
semantic segmentation as pixel-wise classification which might lead to 
not capturing contextual cues. The PQ learning assumptions on finite 
VC dimension and i.i.d. samples may not hold for deep segmenters and 
real images, respectively. Training EDSs is computationally expensive, 
and the current evaluation is limited to two CMR datasets. The method 
detects covariate shift but does not adapt the model to new domains. 
Future work should focus on exploring test-time unsupervised domain 
adaptation to correct for detected shifts, validating the method to other 
imaging modalities and natural-scene datasets, and investigating ways 
to reduce computational cost. As the pattern recognition community 
continues to focus on building trust and acceptance of AI in society, 
Segmetron stands as a critical step forward in enhancing the robustness 
and reliability of semantic segmentation models. It can potentially 
enable the widespread adoption of semantic segmentation-based DL 
technologies across various fields.
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