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Abstract

Active learning aims to reduce the high labeling cost involved in training machine learning models on large datasets by
efficiently labeling only the most informative samples. Recently, deep active learning has shown success on various tasks.
However, the conventional evaluation schemes are either incomplete or below par. This study critically assesses various active
learning approaches, identifying key factors essential for choosing the most effective active learning method. It includes a
comprehensive guide to obtain the best performance for each case, in image classification and semantic segmentation. For
image classification, the AL methods improve by a large-margin when integrated with data augmentation and semi-supervised
learning, but barely perform better than the random baseline. In this work, we evaluate them under more realistic settings
and propose a more suitable evaluation protocol. For semantic segmentation, previous academic studies focused on diverse
datasets with substantial annotation resources. In contrast, data collected in many driving scenarios is highly redundant, and
most medical applications are subject to very constrained annotation budgets. The study evaluates active learning techniques
under various conditions including data redundancy, the use of semi-supervised learning, and differing annotation budgets.
As an outcome of our study, we provide a comprehensive usage guide to obtain the best performance for each case.
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1 Introduction
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across studies, which differ in architectures, augmentation
strategies, and optimization techniques. Also the effective-
ness of the AL acquisition methods w.r.t task difficulty and
data distributions remains unclear. Semi-supervised learning,
besides active learning, is a way to deal with this situation
of high annotation cost. Semi-supervised learning (SSL) and
AL share a common objective of obtaining maximum perfor-
mance from minimum supervision. Therefore, it is sensible
to integrate both ideas, yet the combination of active learn-
ing with semi-supervised learning is understudied. We aim
to study this combination and provide clarity on the above-
mentioned inconsistencies.

In this work, we systematically assess the state of the field
and challenge the principal hypothesis behind active learn-
ing: active selection of the samples to be labeled leads to
a significant reduction in the annotation effort compared to
random selection. We systematically study the behavior of
active learning methods under different training conditions
in order to present a realistic perspective. Our study identi-
fies that existing works are effective, but only under certain
training conditions. They are not consistent across differ-
ent model variables like data distribution, annotation budget,
supervision type, and regularization. This work provides an
extensive analysis of existing active learning methods under
these diverse variables.

We conduct a detailed two-part analysis of active learning
(AL) methods for image classification and semantic segmen-
tation. For image classification, we evaluate the consistency
of AL methods across similar datasets like CIFAR-10 and
CIFAR-100, then examine their performance under the
influence of strong augmentations, semi-supervised learn-
ing objectives, and varying annotation budgets. For the
dense semantic segmentation task, data is often collected as
video streams, especially for navigation applications such
as autonomous driving. Such video stream data is very dif-
ferent from previously tested benchmarks in active learning
literature; it is highly redundant. We assess AL methods for
segmentation with varying levels of data redundancy, across
different annotation budgets, and in conjunction with semi-
supervised learning, to understand their behavior under these
conditions.

1.1 Active Learning for Image Classification

Our first study seeks answers to the following scientific ques-
tions about active learning for image classification:

1. Since a widely accepted evaluation protocol is missing,
methods are often tested under incompatible circum-
stances. We evaluate the effect of compatible experi-
mental settings on the ranking of methods. In particular,
do AL methods work consistently well in conjunction
with data augmentation?

2. Contemporary papers on active learning largely ignore
the progress of the closely related field of semi-supervised
learning, where approaches effectively operate under the
same assumptions with regard to the used data. What is
the effect as concepts from semi-supervised learning
are integrated into active learning?

3. Existing methods are typically not evaluated in a low-
budget setting - a mode crucially important to kick-start
network training on a new dataset. How do active learn-
ing concepts work in such a low-budget regime?

We conducted an extensive comparison of existing active
learning approaches for image classification, revealing that
recent progress is negligible under realistic conditions, see
Fig. la. Integration of modern semi-supervised learning into
active learning gives a significant boost to the acquisition
functions. However, the difference w.r.t. random baseline
with SSL becomes negligible.

1.2 Active Learning for Semantic Segmentation

In the second part of the study, we conduct analysis for
semantic segmentation. As a result, we show that the findings
for image classification only hold under certain conditions
for semantic segmentation. We noticed that the state-of-the-
art AL methods for segmentation had been evaluated only
in a particular experimental setup— highly diverse bench-
mark datasets with a comparatively large annotation budget;
see Table 1b. Its applicability in other settings with different
data distribution and annotation budgets is highly relevant but
an unstudied topic. Additionally, we do not know how active
learning methods integrate with semi-supervised learning. In
this work, we also seek answers to specific missing questions.
1. How do different active learning methods perform
when the dataset has many redundant samples? Samples
with highly overlapping information are referred to as redun-
dant samples, for example, the consecutive frames of a video.
Many commonly used segmentation datasets were originally
collected as videos for practical reasons, e.g., Cityscapes,
CamVid, BDD100k (Yu et al., 2018). Since active learn-
ing methods were only tested on filtered versions of these
datasets, their applicability on redundant datasets is open and
highly relevant.
2. What happens when the initial unlabeled pool is also
used for training along with annotated samples using
semi-supervised learning (SSL)? For image classifica-
tion, few have shown that integration of SSL into AL is
advantageous for different tasks. However, for semantic seg-
mentation, this combination is not well studied.
3. What happens when the annotation budget is low?
Which methods scale best in such low-budget settings?
Semantic segmentation annotations can be expensive for
specific applications, especially in the medical domain.
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Fig. 1 a State-of-the-art active learning methods for image classifica-
tion do not consistently use modern data augmentation techniques or
advances in the closely related field of semi-supervised learning, which
leads to the wrong impression about the current state of the field. The fig-
ure shows the results for image classification using CIFAR 10. It shows
that AL methods with data augmentation significantly outperform state-
of-the-art AL methods usually tested in the literature. Random sampling
with semi-supervised learning, which is overlooked in AL evaluations

Therefore, it is critical to understand the behavior of the var-
ious active learning methods in low-budget settings.

In this work, we report the results of an empirical study
designed to find answers to the above-raised questions. The
outcome of this study yields new insights and provides, as
the major contribution of this work, a guideline for the best
selection of available techniques under the various tested con-
ditions. We also propose a new exemplary evaluation task
(A2D2-3K) for driving scenarios based on the highly redun-
dant A2D?2 dataset, which is closer to the raw data collection
scheme in a driving case.

2 Related Work

Many previous works provide a comprehensive survey,
which usually includes definitions, taxonomy, dataset bench-
marks and methodologies. Our work is different from prior
surveys on deep active learning in numerous ways. While
prior surveys (Li et al., 2024; Ren et al., 2021) focus on
summarizing the existing active learning methods and high-
lighting their strengths and weaknesses, our work focuses
on providing a quantitative comparison between these prior
methods. Some works (Zhan et al., 2022) also include com-
parative analysis, however they are limited to a few standard
settings where datasets have an i.i.d. and diverse data dis-
tribution. In this work, we not only aim to provide a fair
comparison across existing methods, but also show that active
learning methods show different behaviors based on exper-
iment properties like distributional property of the datasets,
nature of the AL method, different levels of task difficulty
and different training objectives. Below, we categorize prior
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(b) Semantic Segmentation

even outperforms AL methods trained with data augmentation. b We
study current active learning (AL) methods for semantic segmentation
over 3 dimensions - dataset distribution, annotation budget, and integra-
tion of semi-supervised learning (SSL-AL). Green cells denote newly
studied settings in this work. Previous AL works correspond to the
grey cells. This work provides a guide to use AL under all the above
conditions

work based on these important properties that play a signifi-
cant role on the performance of AL methods.

2.1 Acquisition Objective: Uncertainty vs.
Representation

Here, we discuss the works divided by the measure of the
value of a sample.

Uncertainty-based methods try to find the samples which
are hard to learn. In these methods, samples with the
most predictive uncertainty are considered as most infor-
mative for labeling purposes. Several methods have been
proposed to estimate uncertainty for neural networks using
Bayesian (Blundell et al., 2015; Gal & Ghahramani, 2016a, b;
Kendall & Gal, 2017) and non-Bayesian approaches (Lak-
shminarayanan et al., 2017; Osband et al., 2016). Gal et
al. (2017) proposed to estimate posterior uncertainty using
Monte Carlo dropout for active learning. Wang et al. (2017)
used the entropy of the softmax output in a neural network
as a proxy uncertainty measure. Beluch et al. (2018) used
the ensemble method to estimate prediction uncertainty and
select new samples based on a statistical measure of com-
mittee disagreement called variation ratio (Johnson, 1966).
They show this method outperforms all other uncertainty-
based methods.

Representation-based methods (Sener & Savarese, 2017;
Yang et al., 2017), also referred to as density-based methods,
try to find a diverse set of samples that optimally represents
the complete dataset distribution. Sener and Savarese (2017)
formulated the active learning problem as core-set selection
and showed effectiveness for CNNs. This method utilizes the
geometry of data points using Euclidean distances and selects
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samples that maximize the coverage of all samples. Learning-
based approaches (Sinha et al., 2019; Yoo & Kweon, 2019)
use an auxiliary network module and loss function to learn
a measure of information gain from new samples. Yoo and
Kweon (2019) proposed to learn a loss prediction module to
predict target losses of unlabeled samples and select samples
with the highest predicted loss. It can also be considered a
pseudo-uncertainty heuristic. Sinha et al. (2019) proposed a
semi-supervised active learning approach that learns a VAE-
GAN hybrid network to select unlabeled samples that are not
well represented in the labeled set. It can also be considered
a representation-type method.

2.2 Acquisition Type: Single-sample vs. Batch
Acquisition

The acquisition methods can be categorized into single-
sample-based and batch-based approaches. They assess the
value of new samples for selecting individually and collec-
tively as a batch, respectively.

Single sample acquisition takes the top b samples accord-
ing to the score of the acquisition function to select a
batch of size b. Several methods follow this selection
scheme based on either epistemic uncertainty or represen-
tation score. For example, uncertainty-based methods try
to select the most uncertain samples to acquire a batch.
Many methods, such as EqualAL (Golestaneh & Kitani,
2020) Ensemble+AT (Lakshminarayanan et al., 2017), and
CEAL (Wang et al., 2017), estimate uncertainty based on the
output probabilities. Epistemic uncertainty, estimated using
Entropy (Shannon, 1948), is often used as a strong base-
line in several active learning works (Golestaneh & Kitani,
2020; Shin et al., 2021; Rangnekar et al., 2022). Some meth-
ods, namely BALD (Houlsby et al., 2011) and DBAL (Gal
et al., 2017) employed a Bayesian approach using Monte
Carlo Dropout (Gal & Ghahramani, 2016b) to measure the
epistemic uncertainty. Representation-based methods aim to
select the most representative samples of the dataset that are
not yet covered by the labeled samples. Numerous adversarial
learning-based methods utilize an auxiliary network to score
samples based on this measure, including DAAL (Wang et
al., 2020), VAAL (Sinha et al., 2019), and WAAL (Shui et
al., 2020). For our study, we employ Entropy, EqualAL, and
BALD to represent single-sample acquisition methods due
to their direct applicability to segmentation tasks. We did not
include deep ensemble-based methods due to their limited
scalability and adversarial methods due to their hyperpa-
rameter sensitivity. In general, single-sample acquisition
approaches select individually very informative samples but
do not optimize the joint improvement obtained with the
whole batch.

Batch-based acquisition methods acquire the whole batch
of size b to maximize cumulative information gain. Sener

and Savarese (2017) formulated the acquisition function as
a core-set selection approach based on the feature represen-
tations. It is a representation-based approach that selects the
batch of samples jointly to represent the whole data distribu-
tion. BatchBALD (Kirsch et al., 2019) is a greedy algorithm
that selects a batch of points by estimating the joint mutual
information between the whole batch and the model param-
eters. This method was also proposed to remedy the mode
collapse issue, where the acquisition function collapses into
selecting only similar samples (see Sect.4.3.1 for details).
However, it is limited to simple image classification datasets
like MNIST (Deng, 2012) since its computation complex-
ity grows exponentially with the batch size. Some more
recent batch-based methods include k-MEANS++ (Zhdanov,
2019), GLISTER (Killamsetty et al., 2021), ADS (Jia et
al., 2019), but these methods only evaluate on image clas-
sification tasks. For the study, we selected the Coreset
method (Sener & Savarese, 2017) to represent batch-based
methods due to its effectiveness, simplicity, and easy scala-
bility to the segmentation task.

2.3 Active Learning for Semantic Segmentation

Along with the task of active learning for image classifica-
tion, we also focus on semantic segmentation. Suggestive
Annotation (Yang et al., 2017), Cereals (Mackowiak et al.,
2018), and VAAL (Sinha et al., 2019) are a few previous
works that have shown the applicability of deep active learn-
ing for semantic segmentation.

When applied to semantic segmentation, active learn-
ing methods must choose which area of the image is to be
considered for the acquisition: the full image (Sinha et al.,
2019), superpixels (Cai et al., 2021), polygons (Golestaneh
& Kitani, 2020), or each pixel (Shin et al., 2021). There is no
common understanding so far of which approach is cheaper
and more effective. Thus, our study uses the straightfor-
ward image-wise selection and annotation procedure. Most
existing methods for segmentation are based on the model’s
uncertainty for the input image, where the average score
over all pixels in the image is used to select top-k images.
Entropy (Shannon, 1948) (estimated uncertainty) is a widely
used active learning baseline for selection. This function
computes per-pixel entropy for the predicted output and uses
the averaged entropy as the final score. EqualAL (Golestaneh
& Kitani, 2020) determines the uncertainty based on the
consistency of the prediction on the original image and its
horizontally flipped version. The average value over all the
pixels is used as the final score. BALD (Houlsby et al.,
2011) is often used as a baseline in existing works. It is
employed for segmentation by adding dropout layers in the
decoder module of the segmentation model and then comput-
ing the pixel-wise mutual information using multiple forward
passes. Coreset (Sener & Savarese, 2017) is a batch-based

@ Springer



4298

International Journal of Computer Vision (2025) 133:4294-4316

approach that was initially proposed for image classifica-
tion, but it can be easily modified for segmentation. For e.g.,
the pooled output of the ASPP (Chen et al., 2018) mod-
ule in the DeepLabv3+ (Chen et al., 2018) model can be
used as the feature representation for computing distance
between the samples. Our study includes Entropy, EqualAL,
BALD, and Coreset approaches for the analysis, along with
the random sampling baseline. Most AL methods for seman-
tic segmentation use single-sample acquisition and show
superior performance over batch acquisition function Core-
set. This chapter also studies the integration of these methods
with semi-supervised learning.

2.4 Semi-supervised Active Learning

Most representation-based AL methods use unlabeled sam-
ples to learn the underlying distribution, but only a few
methods use semi-supervised learning to improve their selec-
tion criteria (Sinha et al., 2019; Sener & Savarese, 2017,
Ravanbakhsh et al., 2019; Wang et al., 2022). Sinha et al.
(2019) used an unlabeled pool to learn its distribution against
the distribution of labeled samples. Still, they did not take
advantage to improve the feature representation of the target
model itself. Sener and Savarese (2017) have also previ-
ously shown the advantage of using the unlabeled pool for
learning the target model. Wang et al. (2022) also explored
the usage of the most-certain samples from the un-labeled
pool using pseudo-labeling, but the pseudo-labeling process
can easily propagate erroneous labels if not tuned properly.
Ravanbakhsh et al. (2019) proposed a GAN-based approach
to use the unlabelled pool and utilize the discriminator score
to query low-confident samples for active learning. Two con-
current open-source works (Gao et al., 2020; Anonymous,
2020) have also shown some similar findings to our work.
However, they are restricted to only image classification.

Some recent works have also studied active learning meth-
ods with the integration of SSL for segmentation, but their
scope is limited only to special cases like subsampled driv-
ing datasets (Rangnekar et al., 2022) or low labeling budget,
both cases with only single-sample acquisition methods. Our
work provides an overview of the integration of SSL and
active learning for the image classification and semantic seg-
mentation task.

2.5 Current Benchmarks

Current AL methods for image classification are mostly
tested on CIFAR-10 and CIFAR-100 datasets, which are per-
fectly balanced. Some recent works (Kim et al., 2021) have
also tested on higher resolution datasets like Caltech101,
which is naturally imbalanced. In this work, we also use
CIFAR-10 and CIFAR-100 for our study on image classi-
fication. However, we evaluate the AL methods with various
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new settings like strong augmentation, integration of SSL,
and low-annotation budget. Current AL methods for seman-
tic segmentation are usually evaluated on driving datasets due
to the industrial focus on autonomous driving. These datasets
include Cityscapes (Cordts et al., 2016), BDD100K (Yu et
al., 2018) and CamVid (Brostow et al., 2008). Some works
evaluate more generic datasets like PASCAL-VOC (Ever-
ingham et al., 2010). Medical datasets (Zhang et al., 2016;
Codella et al., 2018; Simpson et al., 2019) are also common
for the AL studies due to extremely high annotation cost. In
this work, we focus on driving datasets and introduce a more
realistic driving AL task. We also provide a case-study for
medical data domain fitting to one the studied cases.

3 Active Learning for Image Classification

In this section, we assess the performance of state-of-the-art
AL methods for image classification and compare them with
the integration of data regularization and a state-of-the-art
semi-supervised learning approach. We also challenge the
previously proposed methods under a low annotation budget
where the initial model is trained with fewer labeled samples,
followed by a few new sample selections at each AL cycle.

3.1 Integration of AL with Label-efficient Learning

Active Learning with Data Augmentation. Recently, various
regularization techniques have been proposed to improve
model generalization with minimal labeled data. Although
these methods show consistent success in various applica-
tions, they have been ignored by the works on active learning.
In this section, we study the effect of one such regular-
ization: data augmentation. Data augmentation is a widely
accepted regularization technique, which increases the power
of machine learning models, particularly when there is little
labeled data. Nevertheless, several latest AL works (Beluch
et al., 2018; Sinha et al., 2019) resort to either not using any
augmentation during training or only doing simplistic aug-
mentations like horizontal flipping. The behavior of active
learning under the influence of strong data augmentation is
largely unknown. In the experiments, we apply strong aug-
mentations, including color and geometric augmentations,
during the training phase of the model. The acquisition func-
tion selects samples based on this model.

Integration of Active Learning with Semi-supervised
Learning. A largely common practice in the previous works
has been to utilize the unlabeled pool only for sampling,
although it is available throughout the learning process (oth-
erwise, one could not sample from it) and could be used
more rigorously. Using semi-supervised learning, we can uti-
lize this unlabeled pool for training the model itself and thus
learn an improved query function using unlabeled samples.
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To this end, we employed the UDA (Xie et al., 2019) semi-
supervised learning method. UDA applies a consistency loss
between differently augmented unlabeled samples to learn
from unlabeled samples. We integrated SSL into the AL
methods by training the model using the UDA objective and
defining the query function based on this model. In each
cycle, the target model is trained using UDA instead of the
standard supervised training.

Active Learning under Low-annotation Budget. We obser-
ved in the literature that there is an inconsistency in
the methods’ behavior when switching from CIFAR-10 to
CIFAR-100. This challenges the principal assumption of
active learning that a dedicated selection strategy always
improves over a random selection of samples. We ask whether
active learning benefits from a low-budget setting, where
every sample is particularly crucial. In certain applications,
such as medical image analysis, already 10000 annotated
samples can be very costly. Thus, training with only a few
labeled samples in the beginning is attractive. We study the
behavior of active learning methods where the initial and
sampling annotations budget is 10 to 20 times smaller than
usually studied in previous works.

3.2 Experiment Setup

We evaluate and compare following baseline methods:

e Random: A new set of samples is selected randomly from
the unlabeled pool and is added to the labeled pool with
annotations.

e Entropy: Shannon (1948) is an information-theoretic
measure used as an uncertainty metric for sampling. This
method naively selects samples for which the pseudo-
probabilities predicted by the softmax classifier have the
highest entropy. For the entropy method, we use the soft-
max output of the final fully-connected layer to calculate
the entropy of the prediction.

e Ensemble with Variation Ratio (ENS-varR): The second
method, which selects samples based on an uncertainty
criterion, relies on using ensembles. It has been shown
to consistently outperform all other uncertainty-based
approaches for active learning by Beluch et al. (2018).
The core of the method is to calculate the variation ratio
(varR) metric given as the proportion of predicted class
labels that are not the modal class prediction:

I
T bl

varR=1—

ey

where f,, is the frequency of the modal class and T is the
number of ensemble members. This heuristic is motivated
by the query-by-committee algorithm proposed by Seung
etal. (1992). The query function selects the samples with

larger varR values. The ensemble is only used for sample
querying - the target performance is still reported for a
single model. Similar to Beluch et al. (2018), we use an
ensemble of 5 models for our experiments.

e Core-set: This type of method selects a batch of sam-
ples such that the performance of the model trained on
the labeled set matches the performance of the model
trained on the whole dataset (Paul et al., 2014). The recent
core-set approach proposed by Sener and Savarese (2017)
casts the core-set selection problem as a k-center problem
and proposes a robust k-center approach. The proposed
approach chooses a subset such that the largest distance
between the chosen point and unlabeled points is mini-
mized in the feature space. For the core-set approach, we
make use of the k-center greedy implementation since it
is much faster and only performs marginally worse than
the robust version.

e Learning Loss (LL): This method (Yoo & Kweon, 2019)
proposes a loss prediction module that is attached to the
target network to estimate the loss value of the unlabeled
samples. The samples with the largest predicted loss are
selected for annotation. This auxiliary module is trained
to preserve the pairwise ranking of the original loss val-
ues, which is imposed using a hinge loss function over
random pairs of samples in a minibatch.

e Unsupervised Data Augmentation (UDA). UDA (Xie
et al., 2019) is a semi-supervised learning method for
image classification. It uses consistency regularization to
learn from unlabeled samples along with AutoAugment
(Cubuk et al., 2019) and other augmentation techniques
to reduce overfitting. We selected this method because:
1) it shows state-of-the-art performance, 2) it is based on
a simple idea and is easy to implement. Also, the method
performs well even when the number of labeled samples
is very small. Our implementation used online data aug-
mentation instead of the offline one in the original work
(Xie et al., 2019).

Datasets. We evaluate the methods on the CIFAR-10 and
CIFAR-100 datasets. Both datasets contain the same set of
60,000 images, assigned to 10 and 100 classes, respectively.
The training and test set contains 50,000 and 10,000 images,
respectively. CIFAR-10 is the most commonly tested dataset
in the field of active learning. CIFAR-100 is an extension
with 100 classes, which makes the task more challenging.
The initial labeling budget is B; = 5000, and the sampling
budget is By = 2500 labels for each cycle. We tested this
configuration for 6 sampling cycles (i.e. going from 10% to
40% labeled samples). In the first step, we randomly sampled
a class-balanced subset of samples from the unlabeled pool.

Evaluation metrics. We evaluate AL methods in different
data budget settings, referred to as the B;-B; setting, where
B; is the initial label budget, B; is the sampling-label budget,
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Fig. 2 Using data augmentation on CIFAR-10 significantly improves
the performance of active learning methods and makes the relative
difference between them less pronounced. The performance of AL
methods on CIFAR-100 improves significantly when using up-to-date
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Fig. 3 Combining AL methods with semi-supervised learning leads
to significant performance improvement on CIFAR-10 compared to
the raw AL case. Results shown in the large-budget setting with
B; = 5000, B; = 2500. Integrating SSL and AL leads to overall per-
formance improvement on CIFAR-100, however, not all combinations

and B;,B; refer to the number of labeled images. Images are
sampled randomly to fulfill the initial label budget. For the
subsequent steps, images are sampled using the AL acquisi-
tion function with the sampling-label budget. We test these
datasets with 5K —2.5K, 500 — 500, and 250 — 250 settings.

We use final accuracy to evaluate the performance of the
model at each AL cycle step. For the evaluation of the active
learning method, we use two metrics: Area Under the Budget
Curve (AUC@J5) and final accuracy(Acc).

e AUC@B is the area under the performance curves,
shown in Figs.2 and 3. It captures a cumulative score
of the AL performance curve up to a budget 53, where
B is the number of labeled images. We use a total bud-
get of B=20K in the 5K-2.5K setting for CIFAR-10 and
CIFAR-100 datasets. We use 3=2K for CIFAR-10in 250-
250 setting and B=4K for CIFAR-100 in 500-500 setting.
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image augmentation. Results without augmentation are denoted as *X-
wo-Aug’. These results show that active learning methods when used
with latest data augmentation during training lose their significance
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consistently outperform random sampling. Results shown in the large-
budget setting with B; = 5000, B; = 2500. These results show that
using semi-supervised learning during training further reduces the sig-
nificance of AL methods. Some methods even underperform the random
sampling baseline

We use the following formula to compute the Area Under
the Budget Curve(AUC) at a total budget 3, where B is
the percentage of the labeled dataset:

(bit1 = bi)(pi + pit1)
2

i=N
AUC@B=)"

i=1

©))

where N is the number of AL acquisition steps, b; is the
percentage of the labeled dataset from the whole dataset
at step i, and p; is the performance of the model in
mloU(%) at step i.

e Accreports the Accuracy of the model after using the total
labeling budget 3. We report performance at an interme-
diate labeling budget to clearly see the ranking of the AL
methods.
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Fig.4 When evaluated in the 100

low-budget regime

(B; = By = 250) on CIFAR-10,
integrated SSL-AL methods are
still better than their raw
counterparts, however, SSL with
random sampling shows the best
performance. When evaluated in
the low-budget regime

(B; = B; = 500) on
CIFAR-100, most integrated
SSL-AL methods are still better

Accuracy(%)

Accuracy (%)

than their raw counterparts but 35 7 B
nothing beats SSL with random 250 500
sampling

3.3 Results

Integration with Data Augmentation In this experiment, we
validated the importance of elaborate up-to-date image aug-
mentation for the performance of AL methods. We first
evaluated all methods without any augmentation. Subse-
quently, we evaluated the same methods with augmentation,
which includes using the AutoAugment policies found by
Cubuk et al. (2019), cutout (DeVries & Taylor, 2017), hori-
zontal random flipping, and random cropping. Figure 2 shows
that without using any augmentation, all AL methods clearly
perform better than the random baseline. The LL. method
shows distinct improvement over other methods (matching
the results from Yoo and Kweon (2019)) and an over-
all improvement of 3.2% over the random baseline on the
CIFAR-10 dataset. When the same experiment is performed
with augmentation, all the methods improve drastically in
absolute performance. However, the relative effect of using
different AL methods becomes far less pronounced: all the
AL methods show similar performance within a range of
0.4%. In conclusion, AL works well with data augmenta-
tion, but data augmentation blurs the differences between
AL strategies: they all perform largely the same.

For completion, we further validate the importance of
using up-to-date augmentation for AL methods on the
CIFAR-100 dataset. We evaluate all methods with and with-
out augmentation, similar to the CIFAR-10 experiment. The
overall conclusion is also very similar: Without augmenta-
tion, the LL method shows a distinct improvement of 1.4%
over the random baseline; with augmentation, all the meth-
ods improve by a large margin in absolute performance, but
the relative difference between different methods becomes
insignificant and the relative ranking of different methods
changes. Performance curves are shown in Fig. 2b.

Integration with Semi-supervised Learning We refer to
the integrated methods as SSL-X, where X is the name of the
AL method. Figures 3a and b show a remarkably strong per-
formance of the SSL method (SSL-Random) on CIFAR10

T T T T T 1
750 1000 1250 1500 1750 2000 500
Number of Labeled Images

(a) CIFAR-10

T T T T T T 1
1000 1500 2000 2500 3000 3500 4000
Number of Labeled Images

(b) CIFAR-100

and CIFAR100: when using 5K random labeled samples,
SSL almost reaches the same performance which AL meth-
ods achieved on 20K samples picked by the corresponding
query functions. Also, for the remaining data ratios, there is
alarge performance gap between semi-supervised and active
learning, both on CIFAR-10 and CIFAR-100. Clearly, semi-
supervised learning makes much better use of the same data
than active learning.

SSL and AL can be combined, which yields an improve-
ment over raw SSL on CIFAR-10. The SSL-LL method
performs best and shows an improvement over the random
baseline by 0.7% after 6 cycles. However, on CIFAR-100,
the relative ranking of the AL methods changes completely;
SSL-LL performs worse than the other methods and struggles
even to compete with the random selection method.

The same is true for raw active learning without SSL: on
CIFAR-100, some active learning methods do not reach the
performance of randomly drawing the samples to be labeled,
shown in Fig. 3b.

High-budget vs Low-budget. We explored such low-
budget settings with 53; and ; for each cycle set to 250 labels
for CIFAR-10 and 500 labels for CIFAR-100. We tested this
setting for 7 sampling cycles with a total budget of 2000
and 4000 labels for CIFAR-10 and CIFAR-100, respectively.
We kept all the augmentation techniques from the previous
experiments.

The results are shown in Figs.4a and b. None of the
active learning methods consistently outperforms the ran-
dom baseline, neither on CIFAR-10 nor on CIFAR-100. This
always holds for the combination of active learning and semi-
supervised learning, whereas for raw active learning, only
ENS-varR could marginally outperform the random baseline.
In fact, some techniques perform considerably worse than
the random baseline, especially in conjunction with semi-
supervised learning, showing that their selection strategy is
counter-productive in the low-budget regime.
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3.4 Proposed Evaluation Protocol

Based on our observations, we formulate a more appropriate
evaluation protocol and recommend using it for benchmark-
ing future active learning methods for image classification.

1. AL methods should be evaluated on a broader range of
datasets to assess their general robustness.

2. Evaluating AL methods with up-to-date network archi-
tectures and up-to-date augmentation techniques is vital.

3. There should always be a direct comparison between AL
methods and SSL methods.

4. With the existing large-budget regime, AL methods
should also be evaluated in the low-budget regime.

4 Active Learning for Semantic
Segmentation

In this section, we assess the performance of state-of-the-art
AL methods for semantic segmentation and compare them
with the integration of semi-supervised learning. All methods
are tested on datasets with different levels of redundancy and
various levels of annotation budgets.

4.1 Conceptual Considerations

Our experiments show that the presence of redundant sam-
ples in the data distribution influences the choice of the
acquisition function and the training regime that achieve the
best performance. The main cause for this is the mode col-
lapse issue, where the acquisition function collapses into
selecting only similar samples. Here, we first discuss why
and when this mode collapse occurs and how to remedy this
issue. Then, we discuss ideal conditions for the successful
integration of semi-supervised learning with active learning
acquisition functions.

4.1.1 Redundancy Can Cause Mode Collapse

Mode collapse in active learning refers to the circumstance
that acquisition functions tend to select similar (redundant)
samples when acquiring batches of data (Kirsch et al., 2019).
Since the selected similar samples contain highly redundant
information, their annotation does not add much new value
to the model performance. Figure 7 illustrates this mode col-
lapse issue for a driving dataset case, where samples are
selected from dense local feature space clusters using an
epistemic uncertainty-based acquisition function. The mode
collapse occurs when the dataset contains redundant sam-
ples, and the acquisition function is designed to select single
samples based on some independent sample scores. Here,
redundant samples tend to get similar scores from the acqui-
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sition function due to their similarity, i. e., their large overlap
in information. Therefore, if one of those samples is selected
due to a high score, other similar samples are also selected.
This mode collapse effect occurs especially in Deep Active
Learning scenarios since the acquisition of big batches is
necessary to reduce the overall number of active learning
cycles.

Existing deep active learning methods for semantic seg-
mentation show that epistemic uncertainty is a good heuristic
to select samples for annotation in common benchmarks.
These strategies utilize single-sample acquisition functions
and select the set of most valuable samples from the unla-
beled pool based on the sampling budget. Since such methods
were only tested on diverse datasets which are already curated
for diversity, the mode collapse problem does not have a
strong effect on their evaluation. However, this is not the case
for many real-world applications. Redundancy occurs when
there are repeated recordings of similar scenes or when the
data is collected in a video format, like driving scenarios. A
good acquisition function for such a redundant dataset must
be aware of the batch’s diversity to address the mode col-
lapse issue. Intuitively, clustering-type approaches are ideal
in redundant datasets since they select one sample from each
local cluster avoiding single-sample selection traps like the
mode collapse issue.

In this section, we argue that mode collapse is a common
issue in real-world datasets and is largely ignored due to
poor active learning benchmarks, which only cover diverse
datasets. We probe previous AL methods for semantic seg-
mentation over different diverse and redundant datasets. We
design various redundant datasets based on the driving video
dataset A2D2 (Geyer et al., 2020) to reveal how the behavior
of active learning methods changes with the level of redun-
dancy in the dataset.

4.1.2 Requirements for Integration of Semi-supervised
Learning and Active Learning

Active learning methods use a pool of unlabeled samples
only for selecting new samples for annotation. However, this
pool can also be used by semi-supervised learning, where
the objective is to learn jointly from labeled and unlabeled
samples. In this work, we integrate semi-supervised learning
with active learning in the context of semantic segmentation,
an idea that was previously proposed for classification (Sener
& Savarese, 2017; Gao et al., 2020; Munjal et al., 2022).
In particular, we train the model using a semi-supervised
learning objective, which impacts the resulting model and
hence the acquisition function.

Successful integration can also be conceptually explained
based on the underlying assumption of semi-supervised
learning and the selection principle of the active learning
approach. According to the clustering assumption of SSL,
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if two points belong to the same cluster, then their out-
puts are likely to be close and can be connected by a short
curve (Chapelle et al., 2006). In this regard, when labeled
samples align with the clusters of unlabeled samples, the
cluster assumption of SSL is satisfied, resulting in a good
performance. Consequently, to maximize semi-supervised
learning performance, newly selected samples must cover
the unlabeled clusters that are not already covered by labeled
samples. Only acquisition functions that foster this cover-
age requirement have the potential to leverage the additional
benefits that arise from the integration of semi-supervised
learning. A batch-based method, e.g., Coreset, selects sam-
ples for annotations to minimize the distance to the farthest
neighbor. By transitivity, such labeled samples would have a
higher tendency to propagate the knowledge to neighboring
unlabeled samples in the cluster and utilize the knowledge of
unlabeled samples using a semi-supervised learning objec-
tive and help boost the model performance. Similar behavior
can also be attained using other clustering approaches that
optimize for coverage.

4.2 Experiment Setup
4.2.1 Tested Approaches

In our study, we test five active learning acquisition func-
tions, including Random, Entropy, EqualAL, BALD, and
Coreset. Here Entropy, EqualAL, and BALD approach rep-
resent single-sample, and Coreset represents the batch-based
approach. All methods select the whole image for annotation.
These methods are further described below, along with the
segmentation-specific changes.

e Random: The samples are selected randomly for annota-
tion from the unlabeled pool.

e Entropy (Shannon, 1948): This acquisition function uses
per-pixel entropy as an estimation of the epistemic uncer-
tainty (U) for the predicted output p. The entropy is
computed over the class predictions p. j, where ¢ € C
are the possible classes.

C
H(pj) == pejlogpe.; A3

c=1

The final score for selection is the average entropy over
the number of pixels j € N.

1 N
Up) =5 ) H®p) )
j=1

This method selects all top-scoring images.

e EqualAL (Golestaneh & Kitani, 2020): The EqualAL
approach determines the uncertainty (U) based on the
self-consistency between the prediction on the original
image p and the prediction on its horizontally flipped ver-
sion p. The average uncertainty value over all the pixels
is used as the final score.

C C
Ulpj, j) =Y _ H(pej)+ Y H(pej) (5)

c=1 c=1

We use the EqualAL implementation, which trains using
only cross-entropy loss to keep the baselines comparable.

e BALD: Houlsby et al. (2011) The BALD approach is
based on a Monte Carlo Dropout network to compute
the pixel-wise Mutual Information of the classification.
In our implementation, we employ dropout layers with
a dropout ratio of 10% in the decoder layer and, during
inference, compute 10 passes that result in p’ (where t =
1...10) predictions per image. The Mutual Information
(M) is then computed as follows:

MI(p") = H (E(p")) —E (H(p") (6)

where E(p’) is the is the expected predicted probability
over the ¢ stochastic forward passes and E(H (p")) is the
expected entropy over the individual forward passes.

e Coreset: Sener and Savarese (2017) The Coreset approach
selects a batch of samples that cover the whole data dis-
tribution. It formulates this batch selection as a robust
k-center selection problem. Coreset implements a greedy
algorithm that iteratively selects unlabeled samples with
maximum distance to the nearest neighbor of the so far
selected samples. We utilize the k-center greedy approach
since it is much faster and only performs slightly worse
than the robust formulation. We use the ASPP module
output in the DeepLabv3+ (Chen et al., 2018) model as
the feature representation. Formally the selection of a
new sample x* from the set of unlabeled images can be
defined as:

x; = arg max min d(f(x), f(x) 0

xiEXU XsEAS

whered (f (x;), f(xs))isthe distance between the feature
representations f(x;) and f(xs). The set x; € X is
represents the already selected images and x,, € Xy the
unlabeled images.

e MCD setting: Since the BALD method requires the
introduction of Dropout layers into the architecture, we
segregate the methods into two categories: With Monte
Carlo Dropout (MCD) and without Monte Carlo Dropout
layers. Random, Entropy, EqualAL, and Coreset are
without MCD. BALD and Coreset-MCD are based on

@ Springer



4304

International Journal of Computer Vision (2025) 133:4294-4316

MCD. We compare methods in each category separately
due to different architectures. We show fully-supervised
performance, referred to as ‘100%’ in the result tables,
both with (100% MCD) and without MCD (100%) archi-
tectures.

Semi-supervised Learning To leverage the unlabeled sam-
ples, we use the semi-supervised learning s4GAN method
(Mittal et al., 2019). It uses adversarial training to align
the labeled and unlabeled data distribution and further uses
self-training based on the GAN discriminator score. We
pair all the used active learning approaches with SSL using
this approach. This is marked by the suffix ‘-SSL’ in the
experiments. In particular, we train the model using an SSL
objective, which impacts the resulting model and hence the
acquisition function.

4.2.2 Datasets

Active learning methods are often evaluated on PASCAL-
VOC and Cityscapes datasets, where PASCAL-VOC is
naturally diverse while Cityscapes is diversified by subsam-
pling from videos. In this section, we test on an additional
driving dataset, A2D2, which is highly redundant. We eval-
uate the methods on these three datasets. To understand
the nature of active learning methods over varying levels
of redundancy in the dataset, we curate 5 smaller dataset
pools from the large, original A2D2 dataset, described fur-
ther below as A2D2-Pools.

e Cityscapes (Cordts et al., 2016) is a driving dataset used
to benchmark semantic segmentation tasks. The dataset
was originally collected as videos from 27 cities, where
a diverse set of images were selected for annotation. Due
to the selection, Cityscapes cannot cover the redundant
data scenario in our evaluation, although it was derived
from videos. As we will see in the results, the nature of
the active learning method changes when considering the
raw form of data in a driving scenario, and pre-filtering, as
done in Cityscapes, is sub-optimal compared to directly
applying active learning on the raw data (see Sect.4.4).

e PASCAL-VOC (Everingham et al., 2010) is another
widely used segmentation dataset. We use the extended
dataset (Hariharan et al., 2011), which consists of 10582
training and 1449 validation images. It contains a wide
spectrum of natural images with mixed categories like
vehicles, animals, furniture, etc. It is the most diverse
dataset in this study.

e A2D2 (Geyer et al., 2020) is a large-scale driving dataset
consisting of 41277 annotated images with a resolution of
1920 x 1208 from 23 sequences. It covers an urban setting
from highways, country roads, and three cities. It contains
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labels for 38 categories. We map them to the 19 classes of
Cityscapes for our experiments. A2D2 provides annota-
tions for every ~ 10’" frame in the sequence and contains
a lot of overlapping information between frames. Some
consecutive frames are shown in Fig. 9. We utilize 40135
frames from 22 sequences for creating our training sets
and one sequence consisting of 1142 images for vali-
dation. The validation sequence ‘20180925_112730’ is
selected based on the maximum class balance. A2D2 rep-
resents the most redundant raw dataset in our study.

e A2D2 Pools. To obtain a more continuous spectrum
between diverse and redundant datasets, we created five
smaller dataset pools by subsampling the large A2D2
datasets. Each pool comprises 2640 images, which is
comparable in size to the Cityscapes training set. Four
pools are curated by subsampling the original dataset,
while the fifth pool is created by augmentation. The first
four pools, denoted by Pool-Xf (where X is 0, 5, 11,
and 21), were created by randomly selecting samples
and X consecutive frames for each randomly selected
sample from the original A2D2 dataset. Pool-0f contains
only randomly selected images. We assume that the con-
secutive frames contain highly redundant information.
Therefore, the pool with more consecutive frames has
higher redundancy and lower diversity. The fifth pool,
Pool-Aug, contains augmented duplicates in place of the
consecutive frames. We create five duplicates of each ran-
domly selected frame by randomly cropping 85% of the
image area and adding color augmentation (see Fig. 10).

e BCSS (Amgad et al., 2019) Breast Cancer Semantic Seg-
mentation is a dataset comprised of tissue regions from
breast cancer images obtained from The Cancer Genome
Atlas (TCGA). For annotation, 151 whole-slide images
(WSIs) were used, which were cropped into RGB images
with a resolution of 512x512 pixels for our experiments.
The resulting training set consists of 6,000 images, and
the validation set comprises 2,768 images. The training
datasetincludes 22 initial classes that we map to 5 classes,
a common practice due to the sparse representation of
many categories. The final classes are Tumor, Stroma,
Inflammatory, Necrosis, and Other. Given that the dataset
is derived from only 151 WSIimages, the resulting distri-
bution is redundant. This redundancy is a typical scenario
in medical datasets, where data pools for annotation are
often obtained from only a few patients and generally
show little variation in anatomy.

Which dataset is diverse or redundant? We would like
to clarify how we tag a dataset as diverse or redundant.
Extreme cases like PASCAL-VOC can be easily tagged
as diverse, and BCSS, A2D2 original and A2D2-Pool-
5f/11f/21f can be tagged as redundant. However, it is hard
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Zibéeitlsclzggsvzr;ei;gzg results AL Method SSL Cityscapes A2D2 Pool-0f

Pool-0f Metric — mloU AUC mloU AUC
S Random X 58.90 23.29 +£0.07 48.48 19.20 &+ 0.07
S Entropy X 61.83 24.25 £ 0.06 52.40 20.37 £0.11
S EqualAL X 62.41 2432+ 0.12 52.50 20.35 £ 0.04
B Coreset X 60.89 23.89 £ 0.26 51.14 19.88 &+ 0.08
S Random-SSL v 60.72 23.85+0.22 49.69 19.60 £ 0.08
S Entropy-SSL v 60.61 23.93 £ 0.09 50.80 19.90 + 0.27
S EqualAL-SSL v 60.26 23.96 £ 0.27 51.08 20.02 + 0.04
B Coreset-SSL v 63.14 2447 £ 0.07 51.49 20.02 +0.15
- 100% X 68.42 27.37 £0.07 56.87 22.75
With MC-Dropout decoder
S BALD X 61.87 2428 +£0.19 52.82 20.32 £0.17
S BALD-SSL v 61.13 23.839 £ 0.16 52.29 20.14 £ 0.12
B Coreset-MCD X 60.60 23.78 £ 0.10 49.99 19.45 +0.17
B Coreset-MCD-SSL v 62.24 24.37 £ 0.10 51.76 19.97 +0.10
- 100%-MCD X 67.07 26.83 56.47 22.59

AUC@50 and mloU @30 metrics are reported. A denotes the Acquisition method type. S and B denote the
single-sample and batch-based acquisition, respectively. We observe that single-sample based methods work
better for diverse datasets. Standard deviation over 3 runs are included with the AUC values

to put a redundant/diverse tag for many datasets in the mid-
dle of the spectrum. Cityscapes and A2D2-Pool-0f fall in
this spectrum since they are curated by sparsely selecting
from large video stream data. We consider them as non-
redundant/diverse for our study since they behave more like
diverse datasets.

Evaluation metrics We use mean Intersection over Union
(mlIoU) to evaluate the performance of the model at each AL
cycle step. For the evaluation of the active learning method,
we use two metrics: Area Under the Budget Curve (AUC @)
and mean Intersection over Union at a budget 5 (mloU @ B).
AUC@B is the area under the performance curves, shown in
Figs. 5 and 12. It captures a cumulative score of the AL perfor-
mance curve up to abudget B, where B is the percentage of the
labeled dataset size. For the experiments on A2D2 pools, we
use a total budget of B=50 in the 10-10 setting. For PASCAL-
VOC, we run three experiments with 5=10, 25, and 50 in
2-2, 5-5, and 10-10 settings, respectively. For Cityscapes,
we experiment with B=50 in the 10-10 setting. mIoU@B
reports the performance of the model after using a certain
labeling budget B. We report performance at an intermediate
labeling budget to clearly see the ranking of the AL methods.
Dataset-pools / code for all experiments are available here -
https://github.com/sud0301/best_practices_ ALSS

4.3 Results

Here, we answer the three questions raised in the introduc-
tion of the chapter concerning the behavior of active learning
methods w.r.t data distribution in terms of redundancy, inte-

gration of semi-supervised learning, and different labeling
budgets. For each experiment, we compare random sampling,
single-sample, or batch-based acquisition approaches.

4.3.1 Impact of Dataset Redundancy

Table 1 and Fig.5 show the results on Cityscapes and A2D2
Pool-0f. For both datasets, the single-sample (S) method,
EqualAL, performs the best in the supervised-only set-
ting. Table 2 and Fig. 11 shows the results obtained on the
PASCAL-VOC dataset in 5-5 and 10-10 settings. Single-
sample-based methods perform the best in the 10-10 setting,
whereas Coreset performs the best in the 5-5 AL setting by
a marginal gap w.r.t. random baseline. Table 3, 4 and Fig. 12
show the results for the redundant datasets. The batch-based
Coreset method consistently performs the best in all four
datasets in the supervised-only setting.

Diverse datasets need a single-sample method, and
redundant datasets need a batch-based method. We
observe that the order of best-performing models changes
based on the level of redundancy in the dataset. Single-
sample-based acquisition functions perform best on diverse
datasets, whereas batch-based acquisition functions perform
best on redundant datasets. We attribute this reversed effect
to the mode collapse problem, where, for redundant datasets,
single-sample acquisition methods select local clusters of
similar samples. Diverse datasets are devoid of this issue as
they do not possess local clusters due to high diversity across
samples. Therefore, diversity-driven acquisition is not criti-
cal for diverse datasets.
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Table2 Active Learning results

on PASCAL-VOC dataset in 5-5 A AL Method SSL PASCAL: 5-5 PASCAL: 10-10

and 10-10 settings Metric — mloU AUC mloU AUC
S Random X 70.70 13.92 £0.17 72.13 28.85 +£0.21
S Entropy X 70.38 13.94 +£0.17 73.72 29.17 £ 0.26
S EqualAL X 69.14 13.82 +0.11 73.40 29.03 £ 0.09
B Coreset X 70.85 13.96 £ 0.05 73.63 29.06 +0.11
S Random-SSL v 72.57 14.36 £ 0.07 75.33 29.87 £ 0.08
S Entropy-SSL v 73.36 14.51 £ 0.07 76.08 30.01 £0.11
S EqualAL-SSL v 73.39 14.55 £ 0.02 75.89 30.06 £ 0.05
B Coreset-SSL v 72.88 14.46 £ 0.09 7591 30.03 £ 0.01
- 100% X 77.00 15.40 77.00 30.80

AUC@50 and mloU @30 metric are reported. S and B denotes the single-sample and batch-based acquisition,
respectively. We observe all methods show similar performance. Single-sample methods with SSL show
marginally better performance than batch-based methods. Standard deviation over 3 runs are included with

the AUC values

Zibli‘j)ﬁféiovl‘;f%earm“g results A" AL Method SSL  Pool-5f Pool-11f

A2D2-Pooll 1f Metric — mloU AUC mloU AUC
S Random X 47.58 18.69 £+ 0.14 44.61 17.76 £ 0.07
S Entropy X 49.96 19.48 £+ 0.04 47.43 18.52 £ 0.06
S EqualAL X 49.50 19.29 £ 0.08 47.14 18.44 + 0.20
B Coreset X 50.08 19.44 £0.21 47.72 18.69 £ 0.06
S Random-SSL v 47.92 19.03 + 0.21 45.25 18.02 + 0.24
S Entropy-SSL v 48.78 19.31 £ 0.16 47.53 18.56 &+ 0.06
S EqualAL-SSL v 48.80 19.28 +0.09 46.50 18.39 +0.16
B Coreset-SSL v 50.44 19.69 + 0.03 48.99 19.01 £ 0.12
- 100% X 53.25 21.30 £ 0.14 48.85 19.54
With MC-Dropout decoder
S BALD X 50.40 19.29 + 0.07 47.85 18.74 £ 0.15
S BALD-SSL v 50.33 19.62 + 0.06 47.34 18.61 +0.12
B Coreset-MCD X 50.40 19.49 +0.19 47.67 18.61 &+ 0.08
B Coreset-MCD-SSL v 50.28 19.65 £+ 0.09 48.60 18.96 £+ 0.06
- 100%-MCD X 53.82 21.53 50.86 20.34

AUC@50 and mloU @30 metrics are reported. S and B denotes the single-sample and batch-based acquisi-
tion, respectively. We observe that batch-based methods consistently outperform single-sample methods on
redundant datasets. Standard deviation over 3 runs are included with the AUC values

This observation is consistent for PASCAL-VOC, where
single-sample-based uncertainty-type methods perform bet-
ter than batch-based and random methods in the high-budget
setting. The difference between the methods is only marginal
here since most acquired samples add ample new information
due to the highly diverse nature of the dataset. This differ-
ence further diminishes w.r.t. random baseline with a lower
labeling budget (e.g. 5-5) since any learned useful bias also
becomes weaker. The observations for the 5-5 setting tend
towards a very low-budget setting which is further analyzed
later in this section.
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Mode collapse analysis. Here, we analyze and visualize
the above-mentioned mode collapse issue. We provide a qual-
itative analysis of the mode collapse issue on the redundant
A2D2 Pool-21f. We plot the feature representations using t-
SNE to show the selection process for a single-sample-based
Entropy function and batch-based Coreset function, shown in
Fig. 6. It shows that Entropy acquisition selects many sam-
ples within local clusters, which are similar samples with
overlapping information. This yields a suboptimal use of the
annotation budget. In contrast, Coreset acquisition has a good
selection coverage and avoids this mode collapse.

We argue that mode collapse is a common issue in many
real-world datasets, containing similar samples. A good
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Zﬁbfzﬁﬁéﬁiﬁ?ﬁg results AL Method SSL Pool-21f Pool-Aug

A2D2-PoolAug Metric — mloU AUC mloU AUC
S Random X 44.52 17.67 + 0.30 43.80 17.15+£0.15
S Entropy X 46.08 18.21 £ 0.12 44.51 1733 £0.24
S EqualAL X 46.32 18.18 £ 0.16 44.24 17.29 +0.20
B Coreset X 46.68 1838 £0.11 44.70 17.54 £ 0.15
S Random-SSL v 46.27 18.19 +0.18 44.17 17.29 +0.29
S Entropy-SSL v 46.93 18.43 £0.05 44.50 17.47 £ 0.09
S EqualAL-SSL v 47.11 18.54 + 0.01 4481 17.56 +0.13
B Coreset-SSL v 47.62 18.69 +0.14 45.81 17.74 £ 0.04
- 100% X 49.23 19.69 46.03 18.41
With MC-Dropout decoder
S BALD X 46.78 18.57 £ 0.13 45.53 17.80 £+ 0.07
S BALD-SSL v 47.06 18.57 £ 0.24 45.16 17.72 £ 0.21
B Coreset-MCD X 46.86 18.35 + 0.09 44.74 17.50 + 0.08
B Coreset-MCD-SSL v 47.73 18.75 £ 0.06 45.37 17.75 £ 0.14
- 100%-MCD X 50.43 20.17 46.62 18.65

AUC@50 and mloU @30 metrics are reported. S and B denotes the single-sample and batch-based acquisi-
tion, respectively. We observe that batch-based methods consistently outperform single-sample methods on
redundant datasets. Standard deviation over 3 runs are included with the AUC values

Fig.5 Results on diverse
driving datasets. Active learning 68 -1
performance curves on
Cityscapes and A2D2:Pool-0f. . 64
X-axis shows the percentage of > 60
labeled dataset. The methods E
which utilize MC-dropout in = 56
their network architecture are
marked with %, and are only 52 5
comparable to other methods

. 48
with MC-dropout 10

(a) Cityscapes

£ F
(a) Coreset (Batch- (b) Entropy (Single-
based AL) sample AL)

Fig. 6 TSNE plots of a Coreset and b Entropy functions for A2D2
Pool-21f. The yellow points are feature representation from the unla-
beled set, the violet points are the acquired points. The batch-based
approach has good selection coverage, whereas the single-sample acqui-

online)

mloU(%)

(¢) Mode collapse (Single-sample AL)

sition approach selects similar samples from clusters. Figure ¢ shows
acquired redundant samples from the violet clusters in (b) (Color figure
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Table5 Active Learning results

on the PASCAL-VOC and A AL Method SSL Cityscapes: 2-2 PASCAL: 2-2
Cityscapes dataset in low-budget Metric — mloU@6 AUC@10 mloU@6 AUC@10
2-2 setting. AUC@10 and
mloU @6 metric are reported. S Random X 46.05 3.65 66.41 522
S Entropy X 51.24 4.00 66.33 5.11
B Coreset X 47.26 3.74 66.24 5.19
S Random-SSL v 47.46 3.72 68.60 5.37
S Entropy-SSL v 49.99 393 67.26 5.31
B Coreset-SSL v 48.51 3.82 68.03 5.35
- 100% X 68.42 5.47 77.00 6.16
A denotes Acquisition method type. S and B denotes the single-sample and batch-based acquisition, respec-
tively
Zibzg ﬁ,ﬁgﬁeolgfﬁr;“;i éf;;‘lgts A AL Method SSL A2D2 Pool-11£2-2 BCSS 1-1
and on the BCSS dataset in 1-1 Metric — mloU@6 AUC@10 mloU@3 AUC@5
setting
S Random X 37.74 2.93 56.29 2.24
S Entropy X 36.37 2.92 53.67 2.15
S EqualAL X 37.28 297 53.72 2.15
B Coreset X 39.63 310 56.68 2.37
S Random-SSL v 36.46 2.90 58.93 2.34
S Entropy-SSL v 36.70 2.93 57.96 2.28
S EqualAL-SSL v 36.31 3.06 58.75 2.32
B Coreset-SSL v 39.20 3.06 60.1 2.38
- 100% X 48.85 391 65.71 2.63

AUC@10/AUC@5 and mloU@6/mloU @3 metrics are reported. A denotes Acquisition method type. S and
B denotes the single-sample and batch-based acquisition, respectively

mlIoU(%)

(a) A2D2:Pool-11f

Fig. 7 Results on redundant datasets. Active Learning performance
curves on A2D2 dataset: Pool-11f and Pool-Aug. The X-axis shows the
percentage of labeled datasets. The methods which utilize MC-Dropout

acquisition function for such datasets must be aware of the
batch’s diversity to address the mode collapse issue. It is
largely ignored due to the narrow scope of existing AL bench-
marks like PASCAL-VOC and Cityscapes, which only cover
diverse datasets.
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41

mlIoU(%)

39

(b) A2D2:Pool-Aug

in their network architecture are marked with %, and are only comparable
to other methods with MC-Dropout

4.3.2 Systematic Integration of SSL

For all redundant datasets, the Coreset-SSL approach consis-
tently performs the best; see results in Table 3, 4 and Figs. 7,
12. For diverse datasets, SSL integration is also helpful, but
there is no consistent best approach. For the PASCAL-VOC
dataset, single-sample-based methods with SSL show the
best performance, shown in Table 2. For Cityscapes, Coreset-
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SSL outperforms all other approaches; see Table 1 and Fig. 5.
For A2D2-Pool0f, Coreset-SSL improves over Coreset, but
the single-sample acquisition method BALD approach shows
the best performance.

Redundant datasets favor the integration of batch-
based active learning and semi-supervised learning. The
batch-based acquisition function Coreset always profits from
the integration of SSL. Coreset aligns well with the SSL
objective since Coreset selects samples from each local clus-
ter, thus covering the whole data distribution. This assists SSL
in obtaining maximum information from the unlabeled sam-
ples, as discussed in Sect.4.1. This effect is especially strong
in the redundant A2D2 pools, where Coreset-SSL always
improves over Coreset and also shows the best performance.
In contrast, SSL integration for single-sample methods is
either harmful or ineffective, except for the PASCAL-VOC
dataset. Interestingly, in Pool-11f, some Coreset-SSL meth-
ods even outperform the 100% baseline with less than 30%
labeled data. This indicates that some labeled redundant sam-
ples can even harm the model (see Fig.12), possibly due
to data imbalance. For Cityscapes, SSL with Coreset yields
significant improvement, and SSL even changes the ranking
of the methods. We see that EqualAL performs the best in
the supervised-only setting, whereas Coreset-SSL surpasses
all methods. This slight anomaly in the case of Cityscapes
happens because the advantage due to the combination of
SSL and batch-based method is greater than the advantage
of using single-sample methods in non-redundant datasets.
For diverse PASCAL-VOC, all methods align well with SSL.
All methods perform well with no clear winner method since
all selection criteria select samples that provide good cover-
age of the data distribution.

4.3.3 Low Annotation Budget

Active learning is volatile with a low budget. Experimenting
with PASCAL-VOC in the 2-2 budget setting, Random-SSL
performs the best, i.e., semi-supervised learning without an
active learning component (see Table 5 and Fig.11). We
believe that active learning fails in this setting because it
fails to capture any helpful bias for selection in such a low-
data regime with diverse samples. Our observations in this
low-budget setting confirm and provide stronger empirical
support for similar behavior observed in the case of image
classification in Sect.3. For A2D2 Pool-0f and Cityscapes
in the 2-2 setting (see Table 5 and 12), the single-sample
acquisition performs the best, while its SSL integration is
detrimental. These methods possibly learn some useful bias
due to the specialized driving domain. For redundant datasets
in low-budget settings, the batch-based acquisition is still the
most effective way. However, SSL does not contribute any
additional improvements for the A2D2 Pool-11f (Table 6)
due to insufficient labeled samples to support learning from

Table7 AL results on the proposed A2D2-3k task

A AL Method SSL mloU AUC
B Uniform X 57.75 -

S Random X 56.14 5.35
S Entropy X 60.16 5.53
B Coreset X 60.30 5.55
S Uniform (@5) + Entropy X 60.40 5.66
B Uniform-SSL v 58.93 -

S Random-SSL v 57.57 5.53
S Entropy-SSL 4 59.91 5.61
B Coreset-SSL v 61.13 5.72
S Uniform (@5) + Ent-SSL v 59.63 5.59
- 100% X 66.65 6.64

mloU@7.5 and AUC@7.5 are reported. S and B denote the single-
sample and batch-based acquisition, respectively. Uniform refers to
the temporal subsampling selection process and (@5) means every 5"
frame. This result shows that batch-based methods with SSL is the best
AL strategy for realistic redundant datasets

Table 8 Overview showing the best performing AL method for each
scenario

Dataset |, Annotation Budget

Low High
Diverse Random-SSL Single-SSL
Redundant Batch Batch-SSL

Single and Batch refer to single-sample and batch-based method, and
Random refers to random selection. Suffix -SSL refers to the usage
of semi-supervised learning, otherwise refers that standard supervised
learning performed better than SSL based approach

unlabeled samples. In medical image processing this use case
of having a low budget due to the high cost of professionals
for annotation and redundant data distributions is especially
common. For the medical BCSS dataset the integration of
coreset and SSL yields the best results. The two single sam-
ple acquisition methods (Entropy and Equal) yield worse
results than the random acquisition. This indicates the mode
collapse issue caused by the redundant distribution. This
results indicates that batch based AL approaches are espe-
cially important in the medical domain. Overall, we observe
a highly volatile nature of active learning in conjunction
with a low budget. The ideal policy transitions from ran-
dom selection towards batch-based acquisition, as the dataset
redundancy goes from low to high.

4.4 An Exemplar Case Study: A2D2-3K Task

Previous active learning works on semantic segmentation
cover only the combination of a diverse dataset and a high
annotation budget. In contrast, the collected raw data can be
quite redundant, like in video datasets. To study this miss-
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ing redundant setting, we propose a new active learning task
A2D2-3K for segmentation based on the A2D2 dataset. The
aim of the new task is to select 3K images (similar size to
Cityscapes) from the original A2D2 dataset (~40K images)
to achieve the best performance. We select 3K images using
active learning in 3 cycles with 1K images each. We com-
pare 5 acquisition functions, including Random, Entropy, and
Coreset, along with SSL integration. Such video datasets are
often manually subsampled based on some prior informa-
tion like time or location and then used for active learning.
Therefore, we also include two such baselines - (a) where
3K samples are uniformly selected based on time informa-
tion, denoted as Uniform, and (b) where every fifth sample
is first selected uniformly to select ~ 8K samples and
then applied with Entropy acquisition function, denoted as
Uniform(@5)+Entropy. The second approach is closer to
previously used active learning benchmarks in the driving
context. Results are shown in Table 7. We find that the batch-
based Coreset-SSL method performs the best, discussed in
Sect.4.3.2, while the subsampling-based approaches are sub-
optimal. This makes an excellent case for active learning in
datasets with high redundancy, as active learning filters the
data better than time-based subsampling methods.

5 Conclusion

In Sect. 3, we only studied active learning models for image
classification under the influence of data augmentation, with
the integration of semi-supervised learning under different
annotation budgets. Our experiments provide strong evidence
that the current evaluation protocol used in active learning for
image classification is sub-optimal, leading to wrong con-
clusions about the methods’ performance and the state of the
field in general. Evaluating CIFAR-100, which is marginally
different from CIFAR-10, dramatically changes the ranking
of the methods. Applying state-of-the-art data augmenta-
tion significantly increases the scores of all methods, making
them virtually indistinguishable in terms of the final perfor-
mance. Modern semi-supervised learning algorithms applied
in the conventional active learning setting show a higher
relative performance increase than any of the active learn-
ing methods proposed in recent years. State-of-the-art active
learning approaches often fail to outperform simple random
sampling, especially when the labeling budget is small - a
setting crucial for many real-world applications.

Our experiments in Sect.4 shows that active learning is
indeed a useful tool for semantic segmentation. However, it
is vital to understand the behavior of different active learning
methods in various application scenarios. Table 8 provides an
overview of the best-performing methods for each scenario
for the semantic segmentation task. Our findings indicate
that single-sample-based uncertainty is a suitable measure for
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sample selection in diverse datasets. In contrast, batch-based
diversity-driven measures are better suited for datasets with
high levels of redundancy. SSL is successfully integrated with
batch-based diversity-driven methods. However, it can have
a detrimental impact when combined with single-sample-
based uncertainty acquisition functions. Active learning with
a high annotation budget always performs better than ran-
dom sampling and is further improved with the integration of
semi-supervised learning. The batch-based methods are suc-
cessful when there is a certain presence of redundancy in the
dataset. Active learning with low annotation budgets is highly
sensitive to the level of redundancy in the dataset. The opti-
mal active learning policy changes from random selection
to single-sample selection and then to batch-based selection
based on the level of redundancy in the dataset. These find-
ings have been missing in method development, which is
usually optimized only for a few scenarios. The results of
this study facilitate a broader view of the task with presum-
ably positive effects in many applications.

A AL for Image classification
A.1 Experiment Details

Training details. For the network architecture, we consis-

tently use the Wide-Resnet-Network (Zagoruyko & Komodakis,

2016) with depth=28 and width=2 (WRN-28-2). We select
WRN due to its efficiency and widespread adoption. WRN-
28-2 contains only 1.5M parameters showing close-to-state-
of-the-art performance on CIFAR datasets. The WRN-28-2
classification network is optimized using an SGD optimizer
with a base learning rate of 3e-2, momentum of 0.9, and
weight decay rate of 5e-4. We use a cosine learning rate
schedule for training each model. We trained all AL methods
(without SSL methods) for 150 epochs per sampling cycle
with a batch size of 64. We train the semi-supervised AL
methods for 50k iterations per sampling cycle with a batch
size of 64 for the labeled loss and a batch size of 320 for
the unlabeled loss. We mask out unlabeled examples whose
highest probabilities across categories are less than 0.6 and
set the softmax-temperature scaling constant to 0.5. Other
hyperparameters are used exactly as proposed in Xie et al.
(2019). Our implementation is based on the open-source tool-
box Pytorch (Paszke et al., 2017).

All results are shown as performance curves. We report the
mean performance over 3 trials with different initial labeled
sets for all single model-based methods and over 2 trials for
ensemble-based methods due to higher computation cost and
lower variance.

LL method usually starts with a higher initial performance
due to the extra regularization effect from the loss-prediction
module. All other methods start from similar initial perfor-
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Table9 Active Learning results

on CIFAR-10 and CIFAR-100 AL Method Strong CIFAR-10 CIFAR-100

datasets. AUC@20K and Metric — Aug. Acc AUC Acc AUC

Acc@12.5K metrics are

reported. The table compares Random w/o Aug X 76.43 44.87 34.35 20.59

AL results with and without the Entropy w/o Aug X 76.11 45.28 34.16 20.27

usage of strong data LL w/o Aug X 7871 46.09 35.28 20.77

augmentation during the

training of the model Coreset w/o Aug X 76.94 45.39 35.57 20.98
ENS-varR w/o Aug X 77.39 45.51 35.03 20.68
Random w/ Aug v 89.55 53.27 61.67 35.99
Entropy w/ Aug v 90.76 53.96 60.01 35.31
LL w/ Aug v 90.88 54.06 60.04 35.31
Coreset w/ Aug 4 90.63 53.89 62.13 36.21
ENS-varR w/ Aug 4 90.58 53.94 62.15 36.25
100% 4 95.80 57.48 75.82 45.49

Table 10 Active Learning

results on CIFAR-10 and AL Method Strong SSL CIFAR-10 CIFAR-100

CIFAR-100. AUC@20K and Metric — Aug. Acc AUC Acc AUC

mloU@12.5K metrics are

reported. The table compares Random w/ Aug 4 X 89.55 53.27 61.67 35.99

AL methods with and without Entropy w/ Aug v X 90.76 53.96 60.01 35.31

semi-supervised learning LL w/ Aug v X 90.88 54.06 60.04 35.31
Coreset w/ Aug 4 X 90.63 53.89 62.13 36.21
ENS-varR w/ Aug 4 X 90.58 53.84 62.15 36.25
Random-SSL 4 4 94.11 56.33 68.14 40.19
Entropy-SSL 4 4 94.32 56.43 67.54 40.02
LL-SSL 4 4 94.58 56.58 66.99 39.70
Coreset-SSL v v 94.27 56.41 67.17 39.94
ENS-varR-SSL v 4 94.21 56.44 68.42 40.40
100% 4 X 95.80 57.48 75.82 45.49

Table 11 Active Learning

results on CIFAR-10 and AL Method Strong SSL CIFAR-10 CIFAR-100

CIFAR-100. AUC@2K and Metric — Aug. Acc AUC Acc AUC

mloU@ 1K metrics are reported.

The table compares AL methods Random w/ Aug 4 X 61.93 1.91 24.13 1.68

with and without Entropy w/ Aug v X 55.79 1.76 20.98 1.43

semi-supervised learning in a LL w/ Aug v X 55.75 1.79 21.27 1.50

low-annotation budget setting
Coreset w/ Aug v X 59.64 1.85 25.11 1.72
ENS-varR w/ Aug v X 61.00 1.91 2431 1.73
Random-SSL v 4 88.78 2.67 44.42 2.80
Entropy-SSL v 4 76.30 2.35 27.46 1.84
LL-SSL v 4 78.90 2.44 40.36 2.57
Coreset-SSL v v 84.93 2.55 38.37 2.50
ENS-varR-SSL v 4 86.07 2.60 4091 2.65
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Fig.8 The SSL-Random
baseline clearly outperforms a
fine-tuned network pre-trained
on ImageNet in the low-budget
setting. Results shown on
CIFAR-10. The SSL-Random
baseline clearly outperforms a
fine-tuned network pre-trained
on ImageNet in the large-budget
setting. Results shown on
CIFAR-10

Fig.9 Consecutive images from
the Cityscapes and A2D2
datasets. This shows even the
consecutive images in the
Cityscapes dataset are different
and diverse, whereas
consecutive frames in the A2D2
dataset are very similar,
containing redundant
information. The bottom row
shows examples from the
medical BCSS dataset

Fig. 10 A2D2 Pool-Aug. Left:
the original image. Right: the
duplication through color
augmentation and random
cropping of the original image
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Fig. 11 Active learning 78
performance curves on 76 1= s S
PASCAL-VOC and T
A2D2:Pool-0f. X-axis shows the T4 e
percentage of labeled dataset. X pa
The methods which utilize io) [
MC-Dropout in their network g 7 1//
architecture are marked with *,
and are only comparable to other 68
methods with MC-Dropout 66 | |
10 20 30

mloU(%)

(a) PASCAL-VOC: 10-10

mloU(%)

mloU(%)
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Fig. 12 Results on redundant

datasets. Active Learning
performance curves on A2D2
dataset: Pool-5f and Pool-21f.
The X-axis shows the
percentage of labeled datasets.
The methods which utilize
MC-Dropout in their network
architecture are marked with x*,

mloU(%)

and are only comparable to other
methods with MC-Dropout

(a) A2D2:Pool-5f

mance with a slight difference due to the model variance.
This variance is more prominent in the beginning due to the
overfitting effect on a small labeled set.

A.2 Results Tables

More Results. Table 9 shows final Accuracy and AUC for
CIFAR-10 and CIFAR-100 datasets for high annotation bud-
get. The table compares the AL results with and without data
augmentation. We observer that AL performance improves
significantly by using data augmentation for image classi-
fication task. Table 10 shows the final accuracy and AUC
for CIFAR-10 and CIFAR-100 datasets with and without
semi-supervised learning. Adding semi-supervised learning
to AL methods shows a significant improvement. However,
the gap between random-SSL and other AL-SSL methods
is not significant. Table 11 shows final accuracy and AUC
for CIFAR-10 and CIFAR-100 datasets for low annotation

(b) A2D2:Pool-21f

budget. We observe that Random-SSL performs significantly
better than other active learning methods.

Comparison to Transfer Learning. Oliver et al. (2018)
argued that transfer learning might be a preferable alternative
to semi-supervised learning when a suitable labeled dataset
is available for transfer learning. Following the recommen-
dation, we compare the performance of the SSL-Random
baseline with a fine-tuned ImageNet pre-trained network on
CIFAR-10.

The ImageNet pre-trained network is fine-tuned only on
the labeled samples. The experiment was conducted with
Resnet-18 due to the availability of pre-trained ImageNet
weights. We observe that the SSL-AL method clearly out-
performs fine-tuning of a pre-trained ImageNet network in
both high- and low-budget settings. We tested both budget
setting for 4 sampling cycles. The corresponding results are
shown in Fig. 8a and b, respectively. This experiment shows
that including an up-to-date semi-supervised learning algo-
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Table 12 Active Learning

results on A2D2 Pool-0fin 22 ** AL Method SSL A2D2 Pool-0 2-2

setting. AUC@10 and mloU@6 Metric — mloU@6 AUC@I0

metrics are reported. A denotes

Acquisition method type. S and S Random X 36.82 292

B denotes the single-sample and S Entropy X 4140 3.18

batch-bgsed acquisition, S EqualAL X 41.13 322

respectively
B Coreset X 40.18 3.12
S Random-SSL v 37.80 2.99
S Entropy-SSL 4 38.32 3.03
S EqualAL-SSL v 39.43 3.07
B Coreset-SSL v 39.28 3.08
- 100% X 56.87 4.55

rithm in an active learning pipeline makes sense even when
large pre-training data is available.

B AL for Semantic Segmentation
B.1 Experiment Details

Datasets visualization Fig.9 shows examples of the A2D2
and the Cityscapes dataset. Each row shows three tempo-
rally consecutive frames in both labeled datasets. We clearly
observe that the images in the A2D2 dataset have high-
overlapping information, whereas images in the Cityscapes
dataset are quite diverse. Therefore, to create our redundancy
experiments, we chose the A2D2 dataset as the base dataset.
Training details We used the DeepLabv3+ (Chen et al.,
2018) architecture with Wide-ResNet38 (WRN-38) (Wu et
al., 2019) backbone for all our experiments. The backbone
WRN-38 is pre-trained using ImageNet (Deng et al., 2009).
For the supervised learning setting, the model is trained using
the SGD optimizer with a base-learning rate of le — 3,
momentum of 0.9, and a weight decay of 5e — 4. We uti-
lize a polynomial learning rate scheduler with a batch size
of 8 and train a model in each AL cycle for 100 epochs. The
model is trained with data augmentations, including random
cropping and random horizontal flipping. Input image size is
256 x 512 for Cityscapes and A2D2 datasets and 321 x 321
for the PASCAL-VOC dataset.
We utilize the sS4GAN (Mittal et al., 2019) method for semi-
supervised learning (SSL). We use the same training setting
for the segmentation model as in the supervised learning
setting. We use the same hyperparameters as mentioned in
Mittal et al. (2019), except for the learning rate of the dis-
criminator, which is set to 2.5¢ — 5 for Cityscapes and A2D2
experiments. We add 3 dropout layers with a dropout rate
of 0.1 in the decoder of the segmentation model for all the
MCD-based AL methods.

@ Springer

A2D2-Pool-Aug The fifth pool, Pool-Aug, contains aug-
mented duplicates in place of the consecutive frames. We
create five duplicates of each randomly selected frame by
randomly cropping 85% color augmentation (see Fig. 10).

B.2 More Results

Figure 12 show the AL-curves of the redundant pools
A2D2:Pool-5f and A2D2:Pool-21f. These curves corre-
spond to the results of Table 3 and Table 4 in the main
paper. Figure 11 adds the AL-curves for the PASCAL-VOC
experiments of table 2 and the low budget experiments
on PASCAL-VOC and the A2D2: Pool-0f of Table 5 and
Table 12. Table 12 adds further results for the low-budget
setting under diverse distributions that have been studied in
Table 5 (Fig. 12).
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Data Availability Datasets used in this study are publicly available.
We use CIFAR-10 and CIFAR-100 datasets for our study on image
classification task. CIFAR-10 and CIFAR-100 are available here:
https://www.cs.toronto.edu/ kriz/cifarhtml We use PASCAL-VOC,
Cityscapes, A2D2 and BCSS datasets for our experiments on semantic
segmentation. All datasets are publicly available. Below are the links
to access these datasets

e PASCAL-VOC - https://host.robots.ox.ac.uk/pascal/VNOC/

e Cityscapes - https://www.cityscapes-dataset.com/

e A2D2 - https://www.a2d2.audi/a2d2/en.html

e BCSS - https://bcsegmentation.grand-challenge.org/
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