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Abstract

Active learning (AL) on deployed devices involves collect-

ing data to improve the performance of machine learning

models beyond their initial version. In this context, the col-

lected data must be uploaded to a remote server for train-

ing the next version of the model. Data collection on de-

ployed devices can pose one of two challenges: (1) if done

naively, large quantities of uninformative data are uploaded

or (2) if complex data selection algorithms are used, care-

ful curation of data introduces a compute overhead that is

unrelated to the main task. In this paper, we introduce a

novel Uncertainty Aware Active Learning (UAAL) method

for semantic segmentation that integrates uncertainty es-

timates into the training process, thereby conditioning the

model for an AL setup before deployment time. This en-

hances the quality of the collected data for an existing se-

lection technique without adding more complexity to the se-

lection algorithm. Essentially, the model outputs provide a

clearer indication to the selection algorithm about its own

uncertainty. We integrate UAAL with five uncertainty AL

methods and demonstrate its efficacy on the CityScapes and

ADE20K datasets using three DeepLabv3+ variants. On

the CityScapes dataset, with a 10 % data budget, UAAL

achieves an average mIoU increase of +1.74 p.p., peaking

at +3.49 p.p. for MobileNetV3 combined with MC-Dropout.

Similarly, on ADE20K, UAAL boosts ResNet-50 with MC-

Dropout by +2.22 p.p. at the same data budget, all while

not adding any complexity to the data selection process.

1. Introduction

Modern deep neural network (DNN) architectures [4, 7, 8]
can achieve impressive prediction capabilities. However,
to unlock the full potential of these models, a substantial
amount of labeled data is required. This is often costly and
labor-intensive to obtain, particularly for complex pixel-
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wise tasks such as semantic segmentation [10, 29]. Active
learning (AL) on deployed devices involves selection algo-
rithms to find and curate the informative data required to
improve the networks beyond their initial deployment [35].
Beginning with a small, labeled data set, AL starts a con-
tinuous loop of cycles that train a model, deploy it, curate
data during operation, upload it to the central server and fi-
nally ask an oracle to label it before starting the next cycle
as depicted on the left side of Fig. 1.

However, collecting data using deployed devices that of-
ten come with constrained memory, computation and band-
width resources poses one of two challenges: (1) naive data
collection has little to no computational overhead but results
in the upload of large data quantities to the central server.
(2) complex data selection algorithms can significantly re-
duce upload quantities but come at the expense of increased
computational overhead. Striking a balance between the
competing interests of minimizing bandwidth requirements
and minimizing computational complexity while improv-
ing model performance as much as possible is a non-trivial
challenge and the optimal solution depends on many factors
including dataset, model and hardware capabilities.

To identify informative data many AL approaches have
proposed data selection algorithms. Generally, for identify-
ing informative data three categories exist: Reconstruction,
Uncertainty, and Diversity. Reconstruction approaches use
an encoder-decoder structure to compress and reconstruct
an image and compare the reconstruction with the orig-
inal one to measure differences [12, 48]. Uncertainty-
based methods evaluate uncertainty in the model prediction
for a given sample and use it as a proxy for informative-
ness [16, 18, 24, 28, 49, 50, 52]. Diversity-based methods
select samples based on their representativeness for the en-
tire, or subsets of the dataset [1, 2, 41]. Hybrid approaches
combine the two former categories [15, 27].

While all the proposed AL algorithms [16, 18, 24, 28,
49, 50, 52] are proficient at identifying informative images,
adding additional or more complex criteria for improved
data informativeness always comes with an increased com-
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Figure 1. Traditional active learning (left) and our Uncertainty-Aware Active Learning (UAAL) (right). Our method conditions the model
with uncertainty-based loss scaling during training (light blue) to improve existing data selection without adding complexity at runtime.

putational overhead [50, 52], which is undesirable when tar-
geting data collection on deployed devices where data col-
lection is usually not the main task purpose.

Hence, instead of adding more selection criteria to the
data collection algorithm, we propose a novel Uncertainty-
Aware Active Learning (UAAL) training scheme to en-
hance existing uncertainty-based selection algorithms with-

out an increased runtime complexity. By utilizing uncer-
tainty estimates from multiple forward passes and loss scal-
ing during training, we condition the model for its data se-
lection task at deployment time (as depicted in the right half
of Fig. 1). This way our UAAL training can be applied
to existing uncertainty-based AL methods, enhancing their
performance without increasing their runtime complexity.
Our key contributions are summarized as follows:

• We introduce a novel training scheme called
Uncertainty-Aware Active Learning (UAAL), which
simultaneously optimizes model parameters and en-
hances data selection by integrating uncertainty estimates
during training. This approach enables the development
of high-accuracy models and is compatible with state-of-
the-art uncertainty-based AL methods without increasing
runtime complexity during deployment.

• Our UAAL method is the first to employ kernel noising
to create robust, pixel-wise scaling factors, rendering the
loss function uncertainty-aware. This innovation leads
to significant improvements in the model’s ability to ex-
press uncertainty, thereby enhancing existing data selec-
tion strategies.

• We demonstrate the effectiveness, scalability, and robust-

ness of UAAL by applying it to five widely-used ac-
tive learning methods for curating training datasets on
prominent semantic segmentation benchmarks, namely
CityScapes and ADE20K.

2. Related Work

Active Learning for Semantic Segmentation. AL focuses
on algorithms that select the most informative subset from
a larger set of data for labeling [39]. This ability to identify
highly informative data makes AL approaches compelling
for selecting which data to upload from distributed edge de-
vices with constrained resources.

For semantic segmentation AL, two bodies of works
must be considered: Pixel-level data selection and image-
level data selection. While the latter focuses on labels for
the entire image, the former has proven to be highly effec-
tive in reducing label costs down to individual pixels or re-
gions [5, 6, 25, 31, 44, 45, 51] and can also incorporate
semi-supervised components to further reduce labeling ex-
penses [19, 38]. However, all pixel and region-based ap-
proaches require access to unlabeled data. This requirement
is apparent for semi-supervised methods, but also applies to
pixel-based methods, as model predictions still depend on
the full image for context, even if only individual pixels or
regions are labeled. Using the context information in the
unlabeled data, pixel- and region-based AL approaches can
reduce label cost far beyond the capabilities of image-level
approaches. However, when using distributed edge devices
to curate and collect data, upload costs must be consid-
ered [40]. Hence, for that purpose, pixel and region-based
AL approaches are prohibitively expensive as labeling few
pixels or regions across many [5, 6, 31, 45] or even all im-
ages [25, 44, 51] incurs upload of large data quantities from
distributed devices, even if only very few labels will be nec-
essary. Differently, image-level methods select few images,
that are labeled completely causing higher label cost but re-
sult in lower upload cost. Hence, in this work, we focus on
image-level methods.
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Within the image-level methods, given the scope of
this work, our focus is on uncertainty-based AL methods.
Within this branch we categorize single and multipass ap-
proaches that rely on predictions of 1 and N passes of data
through the model, respectively. Entropy [24] AL evaluates
the Shannon Entropy on a single model prediction. Gen-
erally, its values are high if no class is dominating in the
prediction. LLAL [52] also only uses a single pass but adds
a module to the model that is trained to estimate the model
loss as an informativeness proxy for any given sample. Sim-
ilarly, DEAL [50] adds a module to predict a difficulty score
for every pixel for the task of semantic segmentation. More
complex approaches require multiple passes of data through
the model. Monte Carlo Dropout (MC-Dropout) AL [16]
uses N forward passes while randomly dropping out a cer-
tain percentage of activations in the forward pass. Subse-
quently, it evaluates how much the predictions differ from
each other to quantify the uncertainty. Recently, Noise Sta-
bility [28] also compares multiple passes, but instead of
dropping out components, it adds a random noise relative
to the kernel weights of each convolutional layer of the
model. EquAL [18] and PCDAL [49] flip transform im-
ages and evaluate the consistency in predictions for driving
and medical data, respectively. BALD [17] enhances model
performance by estimating uncertainty in the model’s poste-
rior distribution. While all of these methods use some form
of uncertainty estimation to identify informative data, none
of them enhances the selection capability of the model with
uncertainty-aware training.

Uncertainty-Aware Training. Models tend to be over-
confident in their predictions [20, 43]. This overconfi-
dence often leads to a discrepancy between the model’s out-
put certainty and the actual uncertainty in its predictions.
To bridge this gap, researchers have explored various ap-
proaches to infuse uncertainty awareness into models dur-
ing training, with a focus on improving confidence calibra-
tion [3, 13, 14, 26, 32, 43, 47] and boost out-of-distribution
detection [23, 30, 42].

Among these works, two have targeted uncertainty-
aware training for semantic segmentation tasks [13, 26].
In [13], a criterion is introduced that maximizes accu-
racy on high-confidence images while deprioritizing lower-
confidence ones. Although prioritizing high-confidence im-
ages may seem counter-intuitive, in their medical use case,
low-confidence images are typically reviewed by a physi-
cian, making it more important to ensure correctness on
high-confidence predictions. The authors of [26] propose an
uncertainty loss scaling technique that utilizes uncertainty
estimates during training to improve calibration error and
overall performance. By incorporating uncertainty into the
loss, the model learns to better understand and quantify its
own uncertainty, leading to more reliable predictions. How-
ever, the contribution of [13] is highly specific to medi-

Categories [16–18, 24, 28, 49, 50, 52] [13, 26] [33, 37] [This Work]

Active Learning ✓ ✗ ✓ ✓

Uncertainty-Aware
✗ ✓ ✓ ✓

Training

Semantic
✓ ✓ ✗ ✓

Segmentation

Table 1. Classification of related works.

cal domain challenges while [26] rely on hyperparameter-
intensive scaling to enhance prediction performance, mak-
ing them ill-suited for a general, robust AL application un-
der varying conditions.

Only two works [33, 37] consider AL. The work in [33]
introduces a loss function that stores and considers the fre-
quency of correct predictions in the last epochs. The ap-
proach in [37] leverages the temporal continuity between
video frames, to estimate uncertainty of predictions leading
to improved performance in video object detection tasks.
However, neither [33] nor [37] do apply to the task of se-
mantic segmentation, as the scaling in [33] would require
storing millions of predictions per image while [37] man-
date the availability of temporal information, which cannot
be assumed in semantic segmentation [53].

Summary. Existing semantic segmentation AL meth-
ods have largely overlooked uncertainty-aware training, re-
sulting in untapped performance potential. The few stud-
ies [13, 26, 33, 37, 53] that do incorporate uncertainty for
segmentation tasks are not applicable or do not scale to
semantic segmentation AL tasks. UAAL addresses this
gap by introducing a robust uncertainty-based scaling fac-
tor that enhances model expressiveness and data selection
efficiency without increasing runtime complexity.

3. Methodology

The field of semantic segmentation AL has largely over-
looked the potential of uncertainty-aware training, result-
ing in untapped performance (Tab. 1). Addressing this gap,
our UAAL approach for semantic segmentation incorpo-
rates uncertainty estimates into the training process, effec-
tively conditioning the model for an AL setup prior to de-
ployment. With UAAL we enhance the data selection qual-
ity of uncertainty-based active learning methods without in-
creasing their runtime complexity.

Our UAAL approach has three distinct components:
(I.) kernel noising for generating uncertainty estimates dur-
ing training, (II.) scaling calculation to translate the uncer-
tainty into scaling factors, and (III.) scheduling to control
the influence of uncertainty during the course of the train-
ing. The components of our approach are illustrated in
Fig. 2.
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Figure 2. UAAL uncertainty-aware training on server before de-
ployment (also shown in top right corner of overview in Fig. 1)
consists of three modules: (I.) Uncertainty estimation using ker-
nel noising with N forward passes, (II.) uncertainty scaling factor
calculation and (III.) uncertainty scheduling.

3.1. Uncertainty Estimation

One key component of our UAAL methodology is uncer-
tainty estimation of the predictions during training. Lit-
erature has explored various ways how to estimate uncer-
tainty [16, 28] in model predictions to understand its un-
certainty and use it for data selection at inference time.
Borrowing from these approaches, we choose to adopt the
idea of weight noising [28] over the more popular MC-
Dropout [16] as it applies subtle modifications across a
broad range of model parameters, instead of inducing large
perturbation at few locations like MC-Dropout. This comes
at the advantage of easy integration as the design choices
collapse from where to place layers and how much distur-

bance for Monte-Carlo to only how much disturbance for
weight noising.

For the weight noising-based uncertainty estimates dur-
ing training we follow [28] and consider the kth convolu-
tional layer with weights θk, for which the noise is calcu-
lated by ∆θk = η∥θk∥n̄k, with noise (i.e. disturbance)
magnitude η ∈ [0, 1] controlling the relative noise and a
random direction n̄k with unit length. The original weights
are then perturbed to θ̃k = θk +∆θk. Using the set of per-
turbed weights θ̃, we get an updated prediction p̃ = f(θ̃, x)
instead of our original prediction p = f(θ, x). Using N
forward passes, we compute N perturbed predictions and
use them to compute their variance as a quantification of
the uncertainty in the predictions:

σ2 = Var(f(θ̃, x)) (1)

For each forward pass n ∈ [0, N) in every training step,
we recompute the weight noise {θ̃(1), ..., θ̃(N)} to account
for the changing model weight magnitude during training.

3.2. Uncertainty Scaling

Building upon the uncertainty estimation framework es-
tablished in the previous section, we introduce a novel
uncertainty-aware loss scaling mechanism, denoted as S ,

which dynamically modulates the contribution of each pixel
during the training process. Our approach is meticulously
designed to fulfill three essential criteria for effective scal-
ing: (1) dependence on uncertainty estimation, (2) amplifi-
cation of pixels exhibiting higher uncertainties, and (3) ro-
bustness to variations in hyperparameters.

To achieve uncertainty-dependent loss scaling, we draw
inspiration from the work of [26] and propose a scaling fac-
tor Si for each pixel i within an image containing a total of
P pixels. The foundation of the scaling factor is based on
the variance σ observed during N stochastic forward passes
of the network, as outlined in Eq. 1. To obtain pixel wise
scaling, we compute the standard deviation σi from the soft-
max class-wise predictions for each pixel and class. Given
that the softmax outputs pi of pixel i are constrained within
the interval [0, 1], the maximum achievable standard devia-
tion for pixels is given by:

σi,max =

√

√

√

√

1

N

N
∑

n=1

(p(n)i − p̄i) ≤ 0.5 (2)

To increase the loss for pixels depending on the standard
deviations, we establish a lower bound of one for the loss.
Consequently, the initial scaling factor is defined as:

Si = 1 + σi (3)

To further emphasize pixels characterized by high uncer-
tainty, we introduce an exponent E , which governs the de-
gree of emphasis placed on pixels with significant standard
deviations. This modification yields the following enhanced
scaling equation:

Si = (1 + σi)
E (4)

While Eq. 4 aligns with our objective of integrating un-
certainty into the scaling process, it is important to note
that only substantial discrepancies between predictions will
result in appreciable scaling effects. Moreover, with stan-
dard deviation approximately proportional to noise magni-
tude σ ∼ η, noise magnitude has a strong effect for the
scaling. Check the supplementary Sec. 6.2.1 for the theo-
retical foundation. To ensure the efficacy of our scaling ap-
proach across a diverse range of noise levels, we therefore
adjust the influence of the standard deviation σ in relation to
the inverse of the noise magnitude η. To highlight relative
differences without runaway losses, we divide by the aver-
age image uncertainty score Ū while setting a lower bound
of one to prevent any pixel’s loss from being diminished.
Thus, the final scaling factor for pixel i in the image is ex-
pressed as:

Ui =

(

1 +
σi

η

)E

(5)
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Figure 3. Qualitative comparison of uncertainty estimates for a
CityScapes [10] image in the beginning (left), and middle (right)
of training. Brighter pixels indicate higher uncertainty.

Si = max[
Ui

Ū
, 1] with Ū =

1

P
·

P
∑

i=1

Ui (6)

Through this adaptive scaling S , we ensure that our
model is not only sensitive to its own uncertainty but also
benefits from an enhanced focus on problematic regions.
This approach leads to a more discriminative learning pro-
cess supporting the model in identifying informative data
points for its next deployment generations.

3.3. Uncertainty Scheduling

As training progresses, the model’s uncertainty estimates
evolve. Initially, the model’s fit to the data is poor, leading
to noisy and less reliable uncertainty estimates. However,
as training continues, these estimates become more refined
and indicative of the model’s confidence in its predictions.
The transformation of uncertainty throughout the training is
illustrated in Fig. 3, which contrasts early and mid-training
uncertainty estimates. To adapt to the changing nature of
uncertainty, we introduce a scheduling function α(epoch)
that modulates the influence of the scaling factor S over the
course of the training:

Sα(epoch) = S · α(epoch) (7)

We explore different scheduling strategies, including a con-

stant schedule that maintains a steady influence of uncer-
tainty, as well as dynamic schedules that adjust the influence
based on the training epoch. Specifically, we implement
linear schedules for both increasing and decreasing influ-
ence, a sine schedule for a smooth increase, and a cosine

schedule for a smooth decrease. Additionally, we propose
a combined sin-cos schedule that smoothly shifts from in-
creasing to decreasing. These varied scheduling strategies
enable us to investigate the impact of changing uncertain-
ties on the model’s training and performance. The linear
increasing schedule αlin, inc is given as an example in Eq. 8.

αlin, inc(epoch) =
epoch

epochmax
(8)

All other scheduling functions may be found in supplemen-
tary material Sec. 6.3.

4. Evaluation

4.1. Experimental Setup

Datasets. For an in-depth analysis of UAAL we evaluate
the performance on the CityScapes [10] and the more chal-
lenging ADE20K [53] dataset. ADE20K comprises 20,210
training and 2,000 validation images of different shapes
across 150 classes, while CityScapes is more homogeneous
with more similar images and static image shapes within
2,975 training and 500 validation images with 19 classes.

Models. We evaluate the DeepLabv3+ architec-
ture [7] with MobileNetV3-Small (MNV3) [22], ResNet-50
(RN50) [21], and Xception-65 (Xc65) [7, 9] backbones, all
pre-trained on the ImageNet [11] dataset. All models are
trained and evaluated with an output stride of 16.

Training Setup. All models are trained using SGD opti-
mizer with a momentum of 0.9 and a weight decay of 4e-4,
excluding batch normalization layers. We use polynomial
learning rate decay starting from 0.01. For CityScapes, we
train the models for 200 epochs with a batch size of 8, ran-
dom resize between 0.5 and 2, and crop size 512x1024 dur-
ing training and full resolution validation. For ADE20K, we
train for 64 epochs with a batch size of 16, resize of longest
image dimension to 512 and then crop 512x512. For val-
idation, we pad outputs to 512x512 after resize instead of
performing crop. For UAAL, we set kernel noise η to 0.01,
set the exponent E to 2 in all cases and use a simple constant
uncertainty schedule α if not stated otherwise.

Active Learning. For the AL experiments, we start
with 2 % randomly selected data and perform 10 AL cycles,
adding 2 % each time, ending with a cumulative budget B
of 20 % (= 10 cycles · 2 %) following [28, 36, 52]. Since
this setting is consistent, specifying both cycle and budget
is redundant. Therefore, we may refer only to budgets: For
example, a 10 % budget B refers to the data accumulated
in 5 cycles of AL. Like [1, 41, 46] we train again from
scratch after adding data in every cycle. All values are av-
erages of three runs that start from the same random subset.
We choose to evaluate our approach on image-level AL ap-
proaches, which, while less efficient in labeling than pixel
and region-based methods, incur significantly lower upload
costs, making them more suitable for distributed data col-
lection use cases. Specifically, we use (1) Entropy [24],
(2) BALD [17], (3) EquAL [18], (4) MC-Dropout [16], and
(5) Noise stability [28] as they represent the category of
image-level uncertainty-based AL well and do not require
hard-to-generalize additional modules like LLAL [52] and
DEAL [50]. We further use 50 % dropout rate for MC-
Dropout AL and small noise η = 0.01 for Noise Stabil-
ity following [34] and [28], respectively. We further add
Random selection and the well-recognized diversity-based
Core-set [41] as non-uncertainty-based reference points.
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Data Selection
Method

Training
Method

CityScapes (B = 10%) CityScapes (B = 20%)

MobileNetV3 ResNet-50 Xception-65 MobileNetV3 ResNet-50 Xception-65

Random selection standard 48.06±0.56 62.72±1.30 62.72±0.75 53.91±0.46 68.52±0.92 68.88±0.99

Core-set [41] standard 49.79±0.38 65.82±0.18 65.61±0.26 55.50±0.18 70.04±0.35 71.52±0.32

Entropy [24]
standard 52.10±0.36 66.87±0.61 67.12±0.68 57.22±0.15 71.17±0.93 71.85±0.71

UAAL (ours) 53.34±0.31 68.60±0.30 68.48±0.17 58.91±0.29 72.27±0.33 72.76±0.41

BALD [17]
standard 49.30±0.24 59.62±0.44 61.39±1.43 54.20±0.29 66.22±0.20 67.84±0.26

UAAL (ours) 51.90±0.21 60.97±0.59 62.02±0.22 57.67±0.34 66.33±0.22 66.39±0.17

EquAL [18]
standard 51.82±0.32 66.50±0.34 67.06±0.26 57.25±0.06 71.12±0.58 71.69±0.53

UAAL (ours) 54.37±0.62 67.88±0.23 67.64±0.77 59.52±0.52 71.34±0.73 72.65±0.31

MC-Dropout [16]
standard 48.19±0.89 64.79±0.63 67.13±0.77 52.92±0.55 69.96±0.69 71.40±0.53

UAAL (ours) 51.68±0.51 66.23±0.59 69.35±0.54 56.51±0.22 70.92±0.73 72.76±0.66

Noise Stability [28]
standard 50.86±0.06 66.05±0.70 67.42±0.92 56.77±0.22 70.86±0.43 71.78±0.31

UAAL (ours) 54.29±0.19 66.52±0.69 69.06±0.24 58.87±0.25 71.03±0.12 72.26±0.90

Table 2. Evaluation of image-level uncertainty AL methods at 10 % and 20 % data budget B for MNV3, RN50 and Xc65 model variants
on the CityScapes dataset with and without our UAAL training.

4.2. Quantitative Analysis

In this section, we present a comprehensive analysis of
the quantitative performance enhancements achieved by our
UAAL approach. The results cover a variety of models, AL
strategies, and datasets. In Tab. 2 we provide results for all
AL methods on all models for CityScapes after 5 and 10
cycles, i.e. for 10 % and 20 % data budget B, respectively.
We further show results for all intermediate budgets B, cov-
ering a broad range from 2 % to 20 % on both ADE20K and
CityScapes for the RN50 model, as depicted in Fig. 4. Ad-
ditional, detailed results for ADE20K are available in the
supplementary material Sec. 7.
We evaluate our UAAL approach with respect to three core
aspects: effectiveness, scalability, and robustness. Each of
these aspects provides a unique perspective on our UAAL.

Effectiveness. To assess the effectiveness of UAAL,
we evaluate it across all models and AL techniques for
the 10 % budget B on the CityScapes dataset (Tab. 2, left).
Starting with a general comparison, most uncertainty AL
methods outperform the random selection reference, with
a clear majority also outperforming the Core-set reference.
Our UAAL approach expands on that, adding a noticeable
mean intersection over union (mIoU) improvement to the
standard training baselines. Specifically, UAAL consis-
tently enhances existing methods by up to 3.49 percentage
points (p.p.) for MNV3 and MC-Dropout, while averag-
ing to 1.74 p.p. across all models and AL techniques. This
improvement is especially noteworthy, given the number
of models and AL methods put to the test, indicating that
UAAL can effectively enhance the data selection capabili-
ties without adding complexity at runtime.

Scalability. In this paragraph, we evaluate the scala-
bility of our approach by analyzing its performance across
varying budget ranges and its application to the challeng-
ing ADE20K dataset. We first analyze the results for RN50
on CityScapes across different budgets, as illustrated in
Fig. 4a. The results demonstrate that UAAL (solid lines)
consistently outperforms the baseline (dashed lines) across
the entire budget B range from 2 % to 20 %, indicating its
robustness across diverse scenarios. Specifically, the aver-
age improvements across all budgets are 0.94 p.p. for En-
tropy and 1.24 p.p. for MC-Dropout, highlighting the ef-
fectiveness of our approach. Focusing on the final 20 %
budget B (Tab. 2), we observe a similar average improve-
ment of 1.20 p.p. across all methods, with a peak en-
hancement of 3.59 p.p. for MNV3 when utilizing MC-
Dropout data selection. This consistent superiority across
the entire budget spectrum underscores UAAL’s capabil-
ity to adapt and deliver performance gains, regardless of
the available data budget. Next, we extend our evaluation
to the ADE20K dataset (Fig. 4b). The superiority across
all budgets observed for CityScapes is consistently repli-
cated, showing noticeable improvements across all bud-
gets B. While UAAL yields a modest average improve-
ment of 0.68 p.p. for Entropy across all budgets, the en-
hancements for MC-Dropout are more pronounced, averag-
ing an increase of 1.68 p.p.. Detailed results for ADE20K
are provided in the supplementary material, Sec. 7. Com-
bining observations from both budget range scalability and
the ADE20K dataset, we demonstrate that UAAL can effec-
tively scale to handle both varying data budgets and com-
plex datasets.
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Figure 4. Performance of RN50 DeepLabv3+ on CityScapes (left)
and ADE20K (right) for both Entropy and MC-Dropout AL and
the respective UAAL variant. UAAL outperforms its vanilla coun-
terpart for all budgets B in both methods and datasets.

Budget B
Increase Decrease

Sin-Cos Constant
Sine Linear Cosine Linear

10 % 67.49 68.15 67.87 68.07 67.58 68.60
20 % 71.69 71.79 72.14 72.00 71.55 72.27

Table 3. Prediction capability (mIoU) of a RN50 variant of
DeepLabv3+ when using our uncertainty scheduling functions α

to train on different budgets B of the CityScapes [10] dataset, se-
lected using Entropy [24].

Robustness. Finally, we assess the robustness of
UAAL. For that, we analyze the impact of different
scheduler functions α, which modulate our uncertainty
scaling factor Sα during training. Our results for the RN50
DeepLabv3+ model on the CityScapes dataset with 10 %
and 20 % data budgets B and all scheduler functions are
summarized in Tab. 3. The results indicate that decreasing
strategies generally outperform increasing ones, suggesting
that uncertainty scores are more influential early in the
training process. Notably, a constant schedule, without any
scaling adjustments throughout the training, achieves the
best mIoU performance. This observation indicates that our
approach is inherently capable of self-regulation, thereby
eliminating the need for manual scaling adjustments.
With self-regulating nature of UAAL the training process
simplifies, which is particularly advantageous in real-world
applications with varying conditions, as it ensures reliable
performance without constant hyperparameter tuning.
For an extended analysis of hyperparameter robustness,
focusing on parameters of our scaling factor S i.e. noise
magnitude η as well as investigations on the exponent E we
refer to the supplementary material Sec. 6.

Method
CityScapes

MobileNetV3 ResNet-50 Xception-65

standard: all data 68.27 (+0.00) 77.62 (+0.00) 78.05 (+0.00)
+UAAL (baseline) 69.34 (+1.07) 77.71 (+0.08) 78.57 (+0.52)

10
%

bu
dg

et
B

Entropy 52.10 (+0.00) 66.87 (+0.00) 67.12 (+0.00)
+UAAL 53.34 (+1.25) 68.60 (+1.73) 68.48 (+1.36)

BALD 49.30 (+0.00) 59.62 (+0.00) 61.39 (+0.00)
+UAAL 51.90 (+2.60) 60.97 (+1.35) 62.02 (+0.63)

EquAL 51.82 (+0.00) 66.50 (+0.00) 67.06 (+0.00)
+UAAL 54.37 (+2.55) 67.88 (+1.38) 67.64 (+0.58)

MC-Dropout 48.19 (+0.00) 64.79 (+0.00) 67.13 (+0.00)
+UAAL 51.68 (+3.49) 66.23 (+1.45) 69.35 (+2.22)

Noise Stability 50.86 (+0.00) 66.05 (+0.00) 67.42 (+0.00)
+UAAL 54.29 (+3.43) 66.52 (+0.47) 69.06 (+1.64)

Table 4. Prediction quality (mIoU) of trainings with and with-
out our UAAL method to assess the contribution of improved
data selection quality and improved training from our UAAL for
MNV3 [22], RN50 [21] and Xc65 [7, 9] DeepLabv3+ [7]. UAAL
contributes to performance uplift through both training and im-
proved data selection.

Overall, UAAL achieves remarkable effectiveness, scal-
ability, and robustness across diverse datasets, models, ac-
tive learning methods, and data budgets B, all without

adding runtime complexity to the data selection process.
It consistently provides significant gains in mIoU perfor-
mance without hyperparameter adjustments. This positions
UAAL as a highly appealing approach for enhancing exist-
ing uncertainty-based data selection algorithms, particularly
in online environments.

4.3. Improved Data Selection vs Improved Training

While UAAL has improved AL methods with high con-
sistency, it is interesting to quantify how much the en-
hanced training methodology contributes to the overall per-
formance gains compared to the contribution of the im-
proved data selection. To disentangle the impact of UAAL’s
training enhancements from the improved data selection,
we isolate the training contribution by training on the en-
tire dataset. This allows us to directly measure the benefits
conferred by UAAL’s training process without the impact
of data selection and compare them with the advantages ob-
served during AL experiments. The results of these experi-
ments are summarized in Tab. 4. The table is organized as
follows: the first row displays the results obtained from the
full dataset, both with and without UAAL training, isolat-
ing the contribution to the training. Afterwards, the results
of the different AL methods for 10 % data budget B with
and without UAAL are given. For each paired comparison
(baseline versus UAAL-enhanced), we provide the absolute
performance delta. In the full data reference scenario out-
lined in the first row, UAAL yields improvements in mIoU
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between 1.07 p.p. for MNV3 and 0.08 p.p. for RN50, estab-
lishing UAAL’s training contribution. When analyzing the
improvements brought by UAAL across each AL method
and model, we observe that the absolute performance gains
(noted in parentheses) in AL consistently exceed the im-
provements seen in our reference scenario. Hence, while a
modest enhancement can be traced back to UAAL’s train-
ing methodology, substantial gains of up to 2.36 p.p. in the
case of Noise Stability with UAAL can be attributed to the
improved data selection facilitated by our UAAL training
approach. This data solidifies that UAAL improves both
training and data selection, showing its overall efficacy in
AL paradigms.

4.4. Qualitative Analysis

In this section, we provide a qualitative analysis to illustrate
the improvements brought by our UAAL approach in terms
of uncertainty map clarity corroborating the quantitative im-
provements found in the previous chapter. For the anal-
ysis, we create uncertainty maps for various images from
the CityScapes validation set. The uncertainty maps are
generated using the uncertainty estimation of Entropy, MC-
Dropout and Noise Stability AL methods. The uncertainty
is estimated on all model variants (MNV3, RN50, Xc65) af-
ter being trained on 10 % budget B i.e. after 5 cycles of AL
for both the standard training and our novel UAAL training
approach. Fig. 5 depicts a comparison between uncertainty
maps generated after using standard training methods and
those produced when using our UAAL training for one im-
age. Examples for MNV3, Xc65 and a second image are
provided in the supplementary material in Sec. 8.

As can be seen, the different uncertainty estimation
methods produce distinct appearances for the uncertainty
maps: MC-Dropout results in blurry maps due to the high
dropout rate employed. In contrast, both Entropy and Noise
Stability produce much sharper lines. Between the two,
Noise Stability generates more homogeneous uncertainties,
while Entropy displays many bright green spots indicat-
ing a wider range of uncertainties. When applying our
method, these differences persist, but with notable improve-
ments. Comparing the uncertainty maps after our UAAL
training to those after vanilla training, our method signif-
icantly enhances the clarity of the maps. We showcase
three key regions with improved uncertainty with red ar-
rows. In general, the improvements are most noticeable
around edges such as sidewalks, cars, and small signs, par-
ticularly in MNV3 (Supplementary Sec. 8). Overall, the
qualitative analysis further highlights the effectiveness of
UAAL: by improving certainty around edges, UAAL en-
hances the quality of the uncertainty maps, ensuring a more
precise and reliable data acquisition process, without adding
overhead to the selection algorithm.

ResNet-50
Entropy Dropout Noise

vanilla
training

UAAL
training
(ours)

Figure 5. Qualitative comparison of uncertainty maps produced by
RN50 DeepLabv3+ on an example CityScapes image using stan-
dard training (top row) and our UAAL enhanced training (bottom
row). UAAL improves the clarity of the uncertainty maps for all
uncertainty methods. Some improvements are pointed out with red
arrows. Images are reshaped to 1:1 aspect ratio.

5. Conclusion

In this work, we introduced UAAL, a novel method that
employs an uncertainty loss scaling factor S during train-
ing, addressing a significant gap in existing semantic seg-
mentation AL methods, which have largely overlooked
uncertainty-aware training. By harnessing kernel noise-
based uncertainty estimates during training, our UAAL
method enhances model expressiveness and improves data
selection efficiency without increasing runtime complex-

ity, making it an attractive solution for data collection in
distributed, deployed devices. Our extensive evaluation
across multiple AL methods, models and datasets estab-
lishes UAAL as a highly effective, scalable, and robust ap-
proach for improving data selection quality in uncertainty-
based AL. By enhancing the selection quality of AL algo-
rithms, UAAL facilitates more accurate data collection, ul-
timately advancing the capabilities of real-world AI appli-
cations.

Future work. Future research could explore integrating
UAAL with various model architectures, including vision
transformers, and applying it to a broader range of tasks.
Additionally, while UAAL introduces no runtime complex-
ity, enhancing its training speed presents a compelling av-
enue for further exploration. Future efforts may focus on
adapting UAAL for post-training fine-tuning, which could
reduce training time while maintaining its effectiveness.
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