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Abstract—State-of-the-art methods for semantic segmentation
are based on deep neural networks trained on large-scale labeled
datasets. Acquiring such datasets would incur large annotation
costs, especially for dense pixel-level prediction tasks like se-
mantic segmentation. We consider region-based active learning
as a strategy to reduce annotation costs while maintaining high
performance. In this setting, batches of informative image regions
instead of entire images are selected for labeling. Importantly,
we propose that enforcing local spatial diversity is beneficial for
active learning in this case, and to incorporate spatial diversity
along with the traditional active selection criterion, e.g., data
sample uncertainty, in a unified optimization framework for
region-based active learning. We apply this framework to the
Cityscapes and PASCAL VOC datasets and demonstrate that the
inclusion of spatial diversity effectively improves the performance
of uncertainty-based and feature diversity-based active learning
methods. Our framework achieves 95% performance of fully
supervised methods with only 5 — 9% of the labeled pixels,
outperforming all state-of-the-art region-based active learning
methods for semantic segmentation.

Index Terms—Active learning, semantic segmentation

I. INTRODUCTION

Deep convolutional neural networks (CNNs) trained on
large collections of labeled images have achieved state-of-
the-art performance on many computer vision tasks. However,
assembling such large labeled datasets is time-consuming and
expensive, especially so for more complex tasks such as
semantic segmentation, where the semantic boundaries have to
be precisely delineated by polygons to further produce pixel-
wise labels.

Active learning (AL) offers a potential strategy for reduc-
ing this labeling burden, by selecting only a subset of the
dataset to be labeled [1], [2], [3], [4]. This subset should
be both informative and diverse — where informativeness is
commonly characterized by high model uncertainty on the
sample, while diversity is evaluated using distances between
selected samples. In particular, diversity is essential to avoid
overlap between similar samples, especially when batches of
samples are labeled at a time.

While active learning is a well-studied problem with a rich
literature for standard classification tasks [2], [3], [4], [1],
active learning for semantic segmentation is far less studied,
especially in the context of CNNs. Semantic segmentation
tasks have a number of unique characteristics that make
straightforward adaptation of active learning approaches for
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standard classification tasks a sub-optimal approach. For in-
stance, while labels are defined at the pixel-level, treating each
pixel as a sample in an AL framework will dramatically in-
crease annotation costs as compared to polygon-based labeling
schemes typically used in practice [5]. On the other hand, per-
image annotation is sub-optimal as large areas within an image
typically contain identical labels. As such, in order to further
optimize the use of labeling resources, recent works have
considered the selection of regions instead of entire images
or individual pixels for active learning [6], [7].

In this work, we focus on this region-based active learning
setting for semantic segmentation, and propose that enforcing
local spatial diversity is beneficial in this case. Our proposal
is motivated by several observations: 1) Spatially adjacent
regions typically have similar labels and share similar features.
Information diversity would be compromised when nearby
regions are simultaneously selected for labeling (Fig. 1); 2)
Spatial diversity, defined only by a region’s coordinates, does
not require a good feature extractor in contrast to feature-based
diversity measures, and is able to help with inaccurate uncer-
tainty estimates at the early iterations of active learning when
only a small number of regions are labeled; 3) Neurons at
deeper layers of CNNs have a large receptive field, and neigh-
boring regions typically have similar context, while regions far
away from each other or located in different images typically
have different context and thus can be beneficial for CNN
training even if they have similar features. Technically, we
introduce a piece-wise constant distance function to strongly
penalize close-by region pairs while not explicitly encouraging
faraway region pairs. Our proposed spatial diversity measure
is compatible with and complements existing uncertainty and
feature-space diversity measures. We combine these measures
in a unified optimization framework for selecting a batch of
regions to be labeled using an efficient greedy algorithm that
scales to the large (~ 10°) number of regions in benchmark
semantic segmentation datasets.

We summarize the contributions of this work as follows:

o« We propose spatial diversity as a new objective for
region-based AL, which can replace the traditional fea-
ture diversity objective as a more effective strategy to
enforce diversity in selected samples. To the best of our
knowledge, this is the first explicit use of spatial diversity
for region-based AL.

e We formulate a unified optimization framework for
jointly optimizing model uncertainty and diversity in an
efficient way using a greedy algorithm that scales to
region counts (~ 10%) in segmentation datasets.

o Our proposed method Entropy+Spatial achieves the state-



)

RGB Image

Core-set (Feature)

Entropy+Feature

Ours(Entropy+Spatial)

Fig. 1: We propose a new objective, i.e., spatial diversity,
for the selection of unlabeled samples in region-based AL.
Traditional feature diversity (Core-Set) and uncertainty +
feature diversity (Entropy+Feature) ignore spatial cues that are
important for selecting samples covering more categories.

of-the-art performance on the Cityscapes and PASCAL
VOC 2012 datasets, achieving 95% performance of fully
supervised methods with only 8.4% and 5.9% pixels
labeled, respectively.

II. RELATED WORKS

Classical AL: As an established approach to mitigate the
problem of limited data annotation, AL has been extensively
studied [1]. According to the criteria used to select data
samples for labeling, various approaches can be classified
into three categories: uncertainty-based, diversity-based and
expected change (EC)-based schemes. Uncertainty-based ap-
proaches select data samples that the current model is most
uncertain of, where uncertainty can be measured by the
posterior probability of a binary classifier [8], the entropy
of class posterior probabilities [9], best-versus-second best
margin [9], and the disagreement among several models [10].
Diversity-based approaches take into account the distribution
of all unlabeled data to make the selected data as diverse as
possible. Yang et al. [2] formulated the uncertainty sampling
as an optimization problem and added diversity constraint as a
regularizer. Nguyen and Smeulders [11] performed clustering
on the dataset and the selection criterion was biased towards
the samples that are not only close to the classification
boundary but also cluster representatives. Wang and Ye [12]
applied the empirical risk minimization principle to active
learning and by minimizing the proposed upper bound for the
true risk, their method was able to select the most informative
samples while preserving the source distribution. EC-based
approaches aim to select those samples that once their labels
are known, the expected change in the model prediction is
largest. Vezhnevets et al. [13] built a conditional random field
(CRF) on superpixels and selected nodes that can induce the
largest EC of the CRF output for labeling.

AL for Deep CNNs: Deep CNNs have successfully addressed
a variety of computer vision tasks, and it is known that
CNNs require large amount of labeled data to train. As a
result, active learning has been specifically investigated in

the deep learning context to alleviate data annotation efforts.
Among these works, Beluch et al. [14] trained an ensemble
of classifiers to estimate the uncertainty of unlabeled data.
Yoo and Kweon [15] proposed to use loss as an indication
of uncertainty. The core-set approach [4] did not use any
uncertainty information and instead relied on data distribution
for active selection. Zhou et al. [16] combined uncertainty
and diversity in their selection criterion and computed the
two metrics on the augmentation data of a candidate image.
These methods are targeted for image classification tasks and
do not consider the challenges uniquely presented in region-
level active learning, e.g., spatial relationship of regions and
large region number, and thus a naive application to semantic
segmentation task would be sub-optimal.

AL for CNN-based Semantic Segmentation: Only a handful
of works have investigated AL for image segmentation [17],
[18], [19], [20], [7], [21], [22]. These works can be classified
into image-level methods and region-level methods, based on
the granularity of data annotation. Image-level methods select
the entire image for annotation, while region-level methods
divide an image into patches and select specific patches
for annotation. Among the first category, Yang et al. [18§]
considered AL for biomedical image segmentation, which is
often a simpler foreground/background segmentation task in
comparison with the more complex semantic segmentation
task we deal with in this work. It measured the uncertainty
of an image by deep CNN models, and compute similarity
between two images using CNN based image descriptors.
Active selection was carried out iteratively by selecting the
images that maximize the representativeness of the selected
set. Sinha et al.[20] trained a variational auto-encoder (VAE)
in an adversarial manner to learn a latent space to discriminate
between labeled/unlabeled samples and employed the discrim-
inator’s prediction score to select unlabeled samples. Among
the later category, CEREALS [6] investigated how different
methods (Random, Entropy and Vote Entropy) behaved when
the cost was measured in pixels vs. clicks and proposed to
consider annotation cost in the selection procedure. However,
clicked data was needed to train the cost model, which is
not usually available for a public dataset. Kasarla et al. [21]
performed active learning on irregularly-shaped regions, i.e.,
superpixels, and entropy was employed as the selection strat-
egy. Spatial diversity has not been explored for active selection
in [21]. ViewAL [22] exploited the prediction consistency
across different views to select informative regions for seman-
tic segmentation in multi-view datasets. Recently, Casanova
et al. [7] employed reinforcement learning to learn a region
selection policy for image segmentation. However, additional
labeling data was required to train the policy network which
significantly increased the labeling budget. In this work, we
stick to the conventional approaches by introducing the spatial
diversity objective into existing selection measures. It inherits
the advantages of being explicit and does not require additional
training data.

III. METHODOLOGY

We first present a unified optimization framework for
region-based AL that encompasses several existing AL ap-



proaches and an efficient greedy algorithm to solve it. We
then introduce our spatial diversity objective and elaborate the
rationale of specific choices.

A. Problem Formulation and Greedy Solution

Active learning is an iterative process where a batch of
samples to be labeled is selected at each iteration; the process
is repeated until the labeling budget is exhausted. At iteration
t, we denote the already labeled set of samples as £, and
unlabeled set as U/;. The goal is then to select a batch of K
informative samples, B; C U;, where an informative batch
is characterized as including a diverse set of samples that the
model is uncertain about. We formulate this as an optimization
problem, where the following objective is maximized,

max )\UQ(Bt) + (I)(Et7Bt,Z/[t), s.t.

A |B:| = K. (1)

Here, Q(-) and ®(-) denote set functions respectively de-
fined on uncertainty measurements u(z) of sample z and
diversity measurements d(z,y) between two samples = and
y. Such a unified objective can be instantiated as various
existing AL approaches. In particular, the Core-Set method
[4] is a special case of Eq. (1) with A, = 0 and @

— max min  d(x;,%;). A variant related to the USDM
X €U x;ELLUB,

method [2] can be obtained with A\, =1, Q: > w(x;) and

x; €8
D : > d(x;,x;). We see that the Core-Set method
Xi,X; ELUB

ignores uncertainty measurements, which may result in the
selection of uninformative samples. On the other hand the
original USDM method, while simultaneously accounting for
uncertainty and feature diversity, formulated an optimization
problem in a way that is difficult to solve efficiently for large
datasets. In contrast to both methods, we are inspired by the
methods developed for information retrieval which encourages
retrieved documents to be simultaneously relevant and diverse
[23], [24] and propose to adopt the following two set functions,

Q: min u(x;), @¢: d(x;,%x;). ()

x; EBt

min
Xi,X; ELUBy
The rationale behind our choice is threefold. Firstly, the
unary term involves maximizing the minimum uncertainty of
selected regions. This is a stronger constraint compared to the
sum of uncertainties used in USDM [2] since our objective
assumes those samples with low entropy would not be selected
even if they are far away from selected samples in feature or
spatial distance. Secondly, the pairwise term involves maxi-
mizing the minimum distance between selected samples. This
encourages visually similar regions or local regions to not
be selected simultaneously thus ensuring diversity. Finally,
we can reformulate the overall objective as a single Max-
Min problem as in Eq. (3), which can be efficiently solved
(approximately) by a greedy algorithm [24].
min
X €8y,
Xi,X; ELUB

max

grax Puu(xe) + d(xi,x;)]. 3)

We use entropy for the uncertainty measure, i.e., u(x;) =
Zj H(z;;), where H(x;;) = — Zcp(:cfj) logp(:vfj) with z;;

denoting the j-th pixel of the i-th region, ¢ denoting the
class and p(-) denoting the per-pixel class posterior from the
segmentation network. The diversity measure d(x;,x;) can be
feature diversity, spatial diversity or a combination of these; we
discuss specific choices in Section III-B and Section IV-C. The
greedy algorithm begins with a randomly initialized labeled
set Lo and proceeds for T iterations. During each iteration,
we select a sample x from the candidate pool that maximizes
a potential function ¢(x) as defined in Eq. (4) and repeat
the selection process until we select the desired number of
samples for a batch. After each iteration, the new batch of
labeled samples is combined with all existing labeled samples
and used to retrain the segmentation network. This procedure
is summarized in Algorithm 1.

o(x) = nin

W)t 2,

Aut(x) + d(x4,%)

d(x;,x). @

Algorithm 1: Greedy Active Selection

Input : Initial labeled set of regions L, Initial
unlabelled set of regions Uy, Batch-size K,
Maximum number of batches 1T

Output: Output labeled set of regions Lr

t=0;

while ¢t < T do

Train segmentation network f(x) on £; until

convergence;

Bt = @;

while |B;| < K do

% = arg max ¢(x);

Bt:BtU)A(;

Z/[t:ut\f(;
end
ﬁtZEtUBt;
t=t+1;

end

B. Spatial Diversity Objective

The aforementioned active selection objective considers
balancing selecting regions of low model confidence and max-
imizing diversity. To the best of our knowledge, all previous
works adopt a distance defined in feature space for diversity
maximization [4], [18], [2], which is typically defined as
the Lo distance between feature vectors f(x): df(x;,x;) =
|| f(x:) — f(x;)||2. However, this feature diversity measure
may not be reliable because the feature extractor is either
trained with very few labeled samples, thus being non-stable,
or uses a network pre-trained on another dataset, which may
not be ideal due to domain shift. Moreover, previous works
[20], [25] have found that feature diversity did not perform
well on high dimensional data due to the distance concen-
tration phenomenon. In this section, we introduce a spatial
diversity objective to replace the feature diversity objective. It
aims to enforce selected regions to be diverse in the image



domain therefore there is a high chance of covering diverse
categories.

A straightforward way to define spatial distance is as the
L, norm between the coordinates loc of the centers of the
two regions,

®)

With such a distance, by optimizing Eq. (3) we are essentially
encouraging selecting regions as far away as possible. How-
ever, this may not be desirable as it may end up selecting
far-away but low-entropy regions. The key is to remove
redundancy in a local neighborhood. To remedy this issue,
we propose to use the piece-wise distance function as defined
in Eq. (6), where a, b, c and 7 are predefined constants. When
setting a,b,c we follow two principles : 1) a < b, so that
candidate regions close enough (less than 7) to a selected
region are less favored than other candidates at least 7 faraway
from any selected region. In contrast, if some regions are at
least 7 faraway from any selected regions, there should be no
preference between them; 2) ¢ >= b, as regions from different
images should have a distance larger than or equal to the
distance if they are from the same image. In our experiment,
weseta=1,b=2,c=2and 7 = N where N is region size
and choose L., norm for the distance calculation.

ds(x;,%;) = |[loc; — loc,||,.

if i = j,
[[loc; — loc,||, < 7 & i, j from the same image,

ds (xi7 Xj)

[lloc; —loc,||, > 7 & i, j from the same image,

o Qe O

i, j from different images.
(6)
Note that the spatial diversity term introduced here will
not eliminate the selection of candidate regions with distance
less than 7 to a selected region and thus is not equivalent to
a checkerboard selection pattern. This is because each term
in the objective will be linearly normalized to [0,1] before
summation and all the terms (i.e., entropy, feature diversity
and spatial diversity) will play a role. If a region has very
high entropy, e.g., close to 1, it can still get selected even if it
is a neighbor of a selected region (i.e., spatial distance is 0.5).

IV. EXPERIMENTS

In this section, we first introduce the datasets we experi-
mented with, the implementation details and evaluation metric.
Then we show comparisons with the state-of-the-art methods
and our own variants. Finally, we present some qualitative
results and give additional insights.

A. Datasets

Cityscapes [5] was developed for urban environment scene
understanding. It contains 19 categories and the number of
images for the train/validation/test split is 2975/500/1525. The
image dimension is 1024 x 2048. Images from this dataset are
captured by a vehicle traversing the cities of Europe and are
typically complex street scenes. We conduct active learning on
the training set and report the performance on the validation
set.

PASCAL VOC 2012 [26] has been widely used for evaluating
image segmentation tasks. The dataset consists of 1464 images
for training and 1449 images for validation. The maximum
image dimension is 500. This dataset contains 20 object
categories and each image typically contains only several
dominant objects like dog, cat and bottle. We conduct active
learning on the training set and report the performance on the
validation set.

B. Implementation Details

Fully supervised training details: We first train a segmenta-
tion model using the fully labeled training set, which serves as
a performance upper bound for all AL methods. We follow the
same training protocol in auto-deeplab [27]: the base learning
rate is decayed by the “poly” policy (where the learning rate
is multiplied by (1 — L )Power with power = 0.9). We
set the base learning rate as 0.01 for Cityscapes and 0.007
for VOC 2012 and . We train the model for 30000 iterations
with a batch size of 16. For data augmentation, the image
is first randomly rescaled by a factor between 0.5 and 2 and
then randomly cropped to (513 x 513). During testing, the
original size image is fed into the model and the prediction
results of this single-scale inference are used to compute mean
Intersection Over Union (mloU).

Segmentation model: We used the open-source DeepLabv3+
[28] with the Xception-41 [29] backbone as our segmentation
model. The Xception-41 backbone network has been pre-
trained on ImageNet [30], but the segmentation model has
not been pre-trained on the target segmentation datasets, i.e.,
all the AL methods start from the ImageNet pre-trained
model. DeepLabv3+ employs an encoder-decoder structure
with atrous convolution in encoder for multi-scale feature
extraction. We use the default settings for DeepLabv3+: the
output stride of the prediction is set to 16, which is refined
by the decoder to a output stride of 4; the rates of atrous
convolution in the atrous spatial pyramid pooling are 6, 12
and 18.

Region division scheme: Each image is divided into non-
overlapping regions with a region size of N x N pixels. We
choose N = 128 for Cityscapes and N = 32 for PASCAL
VOC 2012.

Region feature extraction: To enforce feature space diversity,
each region is represented by a high-dimensional feature vector
[7]. The feature can either be extracted from the current seg-
mentation model or an independent model pre-trained on other
tasks (e.g., image classification models trained on ImageNet).
The latter may not be ideal due to the domain shift between
ImageNet and the segmentation datasets, PASCAL VOC 2012
and Cityscapes. In our experiment, we use the last layer before
prediction of the segmentation model as the feature extractor
(i.e., decoder features, which are a combination of lower layer
and higher layer activations). Features are extracted in every
AL iteration using the model trained in the previous iteration.
For each region, the feature values within that region are
averaged to form the feature vector. To reduce computational
cost and remove redundancy, PCA is applied to the feature
vectors to reduce the dimension from 256 to 128.



Batch training details: We experiment with 6 batches (it-
erations) indexed from 0. For batch 0, we randomly select
1000 regions and all comparing methods share the same model
trained on the same initial batch. For batch t = 1,...,5,
(2t —2(t=1)) x 1000 regions are selected. After batch selection
and labeling, the segmentation model is trained from scratch
using all the data labeled so far (i.e., 2¢ x 1000 regions). The
model is trained for 100 epochs and other training details are
the same as those in fully supervised training.

C. Competing Methods

For brevity, we define d(x;, ;) in Eq. (3) as Ayds(x;,x;)+
Asds(x;,%;), and control A,, Ay and As to create methods
with different objectives.
Random: In each training batch, regions are randomly se-
lected and incorporated into the labeled set L.
Entropy (A, = 1,Ay = 0,A; = 0): It purely aims to select
those regions with least confidence predicted by the network.
The entropy of a region is computed as the average entropy
of all pixels within that region.
Entropy+Random: This strategy selects 50% data by Entropy
and the rest randomly sampled for each batch.
Feature (\, = 0,A\y = 1,A; = 0 ): It aims to select image
regions by maximizing the diversity in feature-space alone
while disregarding entropy. Note that this variant is equivalent
to the k-Center greedy solution for Core-Set [4] and we thus
denote it as Core-Set.
Feature+Spatial (A, = 0, Ay = 1, A\, = 1 ): It is a diversity-
based method where both feature diversity and spatial diversity
are taken into consideration.
Entropy+Feature (A, = 1, Ay = 1, \; = 0): It aims to select
regions by balancing entropy and feature-space diversity.
Entropy+Spatial (A, = 1,Ay = 0,\; = 1): As opposed
to the previous variant, this model aims to maximize spatial
diversity instead of feature-space diversity.
Entropy+Spatial+Feature (A, = 1,A\y = 1,A\; = 1) It
combines all three terms together and optimizes them jointly.

D. Quantitative Results

Cityscapes: We present the active learning results on
Cityscapes in Fig. 2. We make the following observations from
the results.

« Entropy significantly outperforms Random. This implies
that Random is not able to achieve good label diversity
on this dataset. This is supported by the fact that this
dataset is highly class-imbalanced: categories like rider,
motorcycle, traffic light and bicycle are rare, or occupy a
tiny fraction of images, while other categories like road,
sky, building are common, or occupy a large spatial ex-
tent. Random selection will sample the most pixels from
categories with large spatial extents and categories with
small and rare objects are under-represented. Entropy can
remedy this by selecting samples that the network is most
uncertain of (which may mainly come from those small
and rare objects).

o Feature  diversity = based  methods
Entropy+Feature and Feature+Spatial)

(Core-Set,
cannot beat

the Entropy baseline, and Core-set which only considers
feature diversity performs barely better than Random,
implying that feature diversity cannot effectively solve
the class imbalance problem. Feature+Spatial performs
slightly better than Core-set, suggesting that combining
feature and spatial diversity can improve the performance,
but without considering the uncertainty information, it
still cannot select sufficiently good samples.

e Spatial diversity can further boost the performance of
Entropy, as seen when Entropy+Spatial consistently out-
perform Entropy after 4k budget. This indicates that
there is still some redundancy in the samples selected
by Entropy. Spatial diversity can help to remove this
redundancy and the saved budget can then be used to
select regions with a different context, facilitating pixel
and label diversity.

o Entropy+Random performs somewhere between Random
and Entropy. Overall we found that the better perform-
ing method (i.e., Random or Entropy depending on the
datasets) is the upper bound for this mixture sampling
scheme. These results suggest that Random is not able to
provide the kind of diversity that Entropy+Spatial does.
Entropy+Spatial allows the selected samples to still focus
on high entropy regions while discouraging the selection
of close-by regions. In comparison, Random will sample
regions uniformly in space and most regions will be from
classes occupying large spatial extents in the images like
roads and buildings, which may not be as informative.

o Entropy+Spatial and Entropy+Feature+Spatial perform
comparably: at a labeling budget of 8.4% pixels, both can
achieve more than 96% accuracy of the fully supervised
model.

PASCAL VOC 2012: We evaluate on PASCAL VOC 2012
dataset in a similar way to Cityscapes. The results are pre-
sented in Fig. 2. We make the following observations from
the results:

o The Random baseline works reasonably well and even
outperforms the Entropy method. As images in PASCAL
VOC 2012 typically contain only several dominant ob-
jects, random sampling can achieve fairly good label and
pixel diversity, while Entropy can end up selecting many
neighboring regions as their uncertainty are similarly high
and yields sub-optimal performance.

o Feature diversity-based methods (Core-Set,
Entropy+Feature and Feature+Spatial) cannot
consistently beat Random, suggesting that these

methods may select diverse but unimportant samples or
even outliers for training.

o Entropy+Random performs somewhere between Random
and Entropy.

o Entropy+Spatial and Entropy+Feature+Spatial consis-
tently outperform the Random baseline and their coun-
terparts that do not consider spatial diversity. With only
5.88% of the pixels being labeled, both are able to achieve
95% accuracy of the fully supervised model.

Comparison with a fixed budget: We further compare
against the reinforced active learning (RAL) method for
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Fig. 2: Segmentation performance vs. amount of annotated data on Cityscapes (left) and PASCAL VOC 2012 (right). We report

the mean and standard deviation of 3 runs.

image segmentation [7] and a method based on Bayesian
convolutional neural networks, i.e., Bayesian active learning
by disagreement (BALD) [3] at a fixed budget. We adopt
Entropy+Spatial as our final method as it performs comparably
with Entropy+Feature+Spatial and has the benefits of not
requiring feature engineering. For fairness, all the methods
are run under the same backbone networks as used in [7]
(which is an adaptation of feature pyramid network[31]) and
the region size is 128 x 128 for all methods. For RAL, the
mloU number reported in Table 1 of [7] where the budget is
12k regions is compared with ours. We note that for RAL,
additional 350 labeled images are needed to train the policy
network for reinforcement learning. These 350 labeled image
are also used to pre-train the segmentation model and perform
validation during the AL cycles. Therefore, the actual labeled
budget is 56800 regions (12000 + 350*128 = 56800, 14.9%
of total pixels). All other methods can start from O labeled
images and a model pre-trained on the synthetic GTA dataset
[32] (no human labeling efforts needed). The actual annotation
budget will be just the number of regions selected by AL. We
follow our selection scheme, i.e., at batch 0, 1000 regions are
selected, and at batch t,t = 1,...,5, (2 — 2(:=1) x 1000
regions are selected. We report the results at batch 4, which is
equivalent to a budget of 16k regions (4.2% of total pixels).
The results are summarized in Table I. It can be seen that
Entropy+Spatial achieves higher mloU than RAL with much
less annotation budget, clearly demonstrating the effectiveness
of spatial diversity in selecting informative samples.

E. Qualitative Results

We visualize the regions selected by different methods in
Fig. 3. As neighboring regions usually have similar entropy
values, the entropy-based method will tend to select several
closely-located regions, which can be redundant for network
training. Entropy+Feature is not able to effectively remedy
this. By considering spatial diversity, both Entropy+Spatial and

Entropy+Feature+Spatial are able to pick up regions with more
diversity in terms of semantic categories (more colors in the
ground-truth map).

In Fig. 4, we present the regions selected by En-
tropy+Spatial at different annotation budgets to more clearly
illustrate the behaviour of the iterative selection procedure. It
can be seen that at the early stage of acquisition, our method
will favor the selection of regions outside 7 of a selected region
so that the annotation budget can be used on more diverse
regions. At later stages of acquisition, our algorithm will select
a region if it is of high entropy even though it is a neighbor of
previously selected region. Therefore, our method can flexibly
handle the trade-off between uncertainty and spatial diversity
and is not equivalent to a checkerboard selection pattern.

V. ANALYSIS OF DESIGN CHOICES AND ALGORITHM
BEHAVIOUR

In this section, we further investigate different design op-
tions for the proposed Entropy+Spatial method. This includes
the form and parameters of the spatial distance function and a
variant of objective function. We also provide more insight into
why Entropy+Spatial outperforms by inspecting the number
of annotated images at fixed budget, computational cost for
each selection strategy and the effect of feature dimension on
Entropy+Feature.

A. Spatial Distance Function: Piece-wise vs. Linear

We compare two distance measures for enforcing spatial
diversity: the linear function defined in Eq. (5) and the
piece-wise function proposed in Eq. (6). We evaluate the
two distance functions with the Entropy+Spatial method on
both Cityscapes and PASCAL VOC 2012 and present the
results in Table II. For Cityscapes, piece-wise function out-
performs linear function for all the batches, and for PASCAL
VOC 2012, linear distance function performs slightly better



TABLE [I: Comparison of alternative AL methods with a fixed budget on Cityscapes. The mean and standard deviation of 5
runs are reported.

Random BALD[3] Entropy RAL[7] Entropy+Spatial

Budget (%) 4.2 4.2 42 14.9 4.2
mloU (%) 59.27 (0.71)  62.85(0.35)  63.09 (0.74)  63.32 (0.93) 64.28 (0.33)

Region Entropy

Random

°
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Entropy+Random

Entropy+Feature

py+Spatial
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Fig. 3: Visualization of regions selected by different methods at the second batch (total budget: 2k regions). Note how the
incorporation of spatial diversity allows the labeling budget to be used on regions with more diverse labels and visual content.

than piece-wise function for the first three batches but worse several dominant objects within each image (like PASCAL
for the last two batches. The explanation is that linear function VOC 2012) at the early stage of training, but is harmful at later
will enforce more spatial diversity by giving more weight to  stage of training where more difficult (high-entropy) samples
regions farther-away from a selected region, which can result are desired and for datasets consisting of many small and rare
in selecting a batch of spatially-diverse yet low-entropy re- categories (like Cityscapes).

gions. This can be beneficial for datasets consisting of mainly



Fig. 4: Visualization of selected regions of Entropy+Spatial with different annotation budgets. Note how our method allows
the selection of regions that are neighbors of previously selected regions with increasing annotation budgets.

TABLE II: Piece-wise vs. linear function with different label-
ing budgets on Cityscapes and Pascal VOC 2012. Both the
mean and standard deviation of 3 runs are reported.

Budget 2k 4k 8k 16k 32k
Cityscapes
Linear 44.54 (5.56) 53.87 (3.51) 65.07 (0.77) 69.43 (0.49) 71.59 (0.52)

Piece-wise 51.16 (3.49) 62.31 (1.15) 67.26 (0.35) 70.34 (0.50) 72.72 (0.78)

VOC 2012

Linear
Piece-wise

52.48 (0.67) 60.05 (0.38) 68.59 (0.68) 72.33 (0.33) 73.85 (0.24)
50.98 (1.13) 59.74 (0.89) 68.37 (0.21) 73.82 (0.60) 74.96 (0.32)

B. Effect of T on Performance

The parameter of 7 in Eq. (6) essentially defines a cut-
off for which region is considered close to a selected region
and the selection of which should be discouraged. A larger T
will enforce more spatial diversity. We investigate the effect
of various 7 values and the results are presented in Fig. 5. It
can be seen that on Cityscapes (region size N = 128), larger
7 degrades performance across the curve, and on PASCAL
VOC 2012 (region size N = 32), using a large 7 is beneficial
for the first 4 batches, but degrades performance for the last 2
batches. We analyze the reasons for this behaviour as follows.
Firstly, the PASCAL VOC 2012 dataset mostly consists of
images with only a few dominant objects. Using larger 7
increases the diversity of selected samples and helps to train
a better model when the labeling budget is limited. When the
labeling budget increases, a large 7 may negatively affect the

model as it may disregard those regions that the model is less
confident in simply because they are close by. In contrast, the
Cityscapes dataset consists of images each with many semantic
objects, and some objects like traffic lights and signs, are often
under-represented. By overly enforcing the spatial diversity
objective, the selected regions may miss those small and less
frequent categories. Thus, we observe worse performance with
increasing 7 on Cityscapes.

mloU(%)

1k 2k 4k 8k 16k 32k 1k 2k 4k 8k 16k 32k
Amount of Annotated Data Amount of Annotated Data

Fig. 5: Effect of 7 on performance for Cityscapes (left) and
PASCAL VOC 2012 (right).

C. Effect of a, b and ¢ on Performance

For the piece-wise distance function defined in Eq. (6),
parameters a, b and c specify the value for each piece. As each



term in Eq. (3) is normalized before summation, only their
ratios matter (i.e., b/a and ¢/b). Also, for the spatial distance
to be a metric, the ratios have to satisfy 1 < b/a < 2 and
¢/b > 1 (proof is in Appendix A.). The ratio b/a determines
the relative weight assigned to regions within vs. beyond 7
to a specific region, while ¢/b determine the relative weight
assigned to regions from the same vs. from different images.
To investigate the effect of b/a, we keep ¢/b = 1 and vary b/a.
Similarly, to investigate the effect of ¢/b, we keep b/a = 2 and
vary ¢/b. The experiment is run with Entropy+Spatial and the
results are presented in Fig. 6. It can be seen that when ¢/b is
fixed, increasing b/a from 1 to 2 leads to better performance,
indicating that weighting more on regions outside the cut-off 7
helps to select better samples for training. When b/a is fixed,
increasing ¢/b from 1 to 2.5 does not have significant effect on
performance, indicating that it is unnecessary to weight more
on regions from a different image.

N=64, Random
4+ N=128, Random

1 4+ N=256, Random

* N=64, Entropy+Spatial 30
—4— N=128, Entropy+Spatial

35 —4— N=256, Entropy+Spatial

N=16, Random
$- N=32, Random
$- N=64, Random

N=16, Entropy+Spatial

—4— N=32, Entropy+Spatial

—4— N=64, Entropy+Spatial

20
0.37% 0.74% 1.47% 2.94% 5.88% 11.77%
Amount of Annotated Data

0.26% 0.53% 1.05% 2.10% 4.20% 8.40%
Amount of Annotated Data
Fig. 7: Effect of N on performance for Cityscapes (left) and
PASCAL VOC 2012 (right).
TABLE III: Comparing Max-Min and Max-Sum as objective
with Entropy+Spatial on Cityscapes and PASCAL VOC 2012.
Both the mean and standard deviation of 3 runs are reported.

Budget 2k 4k 8k 16k 32k
Cityscapes
75
75 Max-Sum  48.45 (3.73) 59.49 (0.41) 66.14 (1.11) 68.65 (0.38) 71.98 (0.58)
70 70 Max-Min  51.16 (3.49) 62.31 (1.15) 67.26 (0.35) 70.34 (0.50) 72.72 (0.78)
e 65 VOC 2012
60 560
%55 5;«55 Max-Sum  44.80 (0.38) 52.33 (0.45) 59.81 (1.32) 68.30 (0.63) 72.75 (0.33)
° o Max-Min  50.98 (1.13) 59.74 (0.89) 68.37 (0.21) 73.82 (0.60) 74.96 (0.32)
E 50 —+— b/a=1, ¢/b=1 E 50 b/a=1, c/b=1
45 b/a=1.5, c/b=1 45 b/a=1.5, c/b=1
0 oy i 40 e FE. Number of Annotated Images at Fixed Budget
35 ¥ blam2 chm2 s 3s( ! == ba=d ch=22 To give some intuition on the behavior of the various selec-
1k 2k 4k 8k 16k 32k 1k 2k a4k 8k 16k 32k

Amount of Annotated Data Amount of Annotated Data

Fig. 6: Sensitivity of a,b,c on performance for Cityscapes
(left) and PASCAL VOC 2012 (right).

D. Effect of N on Performance

To study the effect of N (region size), we keep all other
parameters the same, i.e., 7 = N,a = 1,0 = ¢ = 2. Also,
the amount of pixels selected at each batch is kept fixed, and
only the value of N varies. For example, at batch 1, we select
1000 regions for N = 128, 250 regions for N = 256, and
4000 regions for N = 64. The results are shown in Fig. 7.
It can be seen that for both the Random baseline and the
proposed Entropy+Spatial method, smaller region size leads
to better performance as it allows the annotation budget to be
allocated to label more diverse content.

E. Diversity Set Function: Max-Min vs. Max-Sum

We further evaluate an alternative set function for region-
based AL. As described in Section III-A, there is an alternative
choice of set functions 2 and ® to both be summation,
which is adopted by USDM [2], and that we denote as Max-
Sum. As the optimization is NP-hard, we adopted the 2-
approximation algorithm proposed in [33] to solve it greedily.
As shown in Table III, the Max-Min formulation performs
consistently better than Max-Sum for all batches on both
Cityscapes and PASCAL VOC 2012. The superiority of the
Max-Min formulation is likely due to the more strict diversity
constraint, as Min is more strict than Sum in assessing a
candidate region’s closeness to all previously selected samples.

tion methods, we show the number of images for which some
regions have been annotated given a fixed annotation budget
(i.e., fixed number of total selected regions) in Table IV. It
can be seen that given a fixed budget, the Random baseline
spreads annotated regions over the most images while Entropy
covers the least, implying that Random can select a diverse
set of samples, but the selected samples may not be informa-
tive. On the other hand, Entropy can select high-uncertainty
samples, but the selected samples may be redundant as it
tends to select neighboring regions from the same image (refer
to Fig. 3 for illustrated examples). The number of images
selected by Entropy+Spatial (ES) is larger than Entropy and
Entropy+Feature (EF), but smaller than Random, implying that
it can select more diverse samples (prefer to select regions
from different images) than Entropy and Entropy+Feature, and
use less images than Random.

TABLE IV: Number of annotated images at fixed budget. Both
the mean and standard deviation of 3 runs are reported.

Budget 2k 4K 8k 16k 32k

Random 1460 (6) 2197 (4) 2784 (5) 2964 (1) 2975 (0)
Entropy  1211(15) 1689(18) 2275(12) 2723 (6) 2930 (3)
EF 1243(22)  1721(33) 2288 (21) 2723(14) 2941 (9)
ES 1362 (26) 1983 (20) 2612 (16) 2931 (4) 2975 (1)

G. Computational Cost Analysis

Here we analyze the computational cost required to evaluate
the active selection objectives during each greedy selection
iteration of Algorithm 1. The majority time is spent on distance



computation. In implementation, we maintain a vector to store
the minimum distance between each sample in the dataset
and currently selected pool L£; U B;, and update this vector
with every newly selected sample. As such, the total times of
distance computation is O(n - K'), where n is the total number
of samples in the dataset, and K is the total number of selected
samples for a batch. For Entropy+Feature, the time complexity
is O(n- K - fgim), where fg;m is the dimension of the feature
vector. The time complexity for Entropy+Spatial is O(n - K),
which is more efficient as it does not involve high-dimensional
vector computation. Furthermore, Entropy+Spatial can reuse
the distance vector computed in the previous iteration while
Entropy+Feature needs to recompute the distance at each
iteration as the features are updated (refer to Section IV-B
for more details). Table V shows the running time for the
different selection methods on Cityscapes. It can be seen that
Entropy+Spatial is 20x faster than Entropy+Feature.

TABLE V: Running time measured in seconds for different
selection methods at various budgets on Cityscapes. We use
a CUDA implementation to compute feature and spatial dis-
tance. The experimental platform is a DGX-1 with Tesla V100
cards. The mean and standard deviation of 3 runs are reported.

Budget 2k 4k 8k 16k 32k

Entropy 3.92(0.53) 7.90(1.46) 13.5(0.22) 29.6(2.74) 71.6(9.56)
EF 398 (56.5) 824(90.3) 1784 (62.9) 3273 (168) 6350 (629)
ES 32.0(5.90) 41.1(8.40) 81.9(6.08) 157 (6.50) 322(12.0)

H. Effect of Feature Dimension on Entropy+Feature

We compare Entropy+Spatial with Entropy+Feature using
different feature dimensions to further demonstrate the advan-
tage of spatial diversity over feature diversity. The original
feature vector has a dimension of 256 (refer to Section IV-B
for more details). We use PCA to project the feature vector to
a dimension of 64,128 and 256 respectively and the results
are presented in Fig. 8. It can be seen that increasing or
decreasing the feature dimension does not affect the perfor-
mance of Entropy+Feature significantly, and Entropy+Spatial
still outperforms consistently.

75 /
70 70 =
65 65
:\560 <60
B 55 3 55
Esp / E50
45 —4— Entropy+Feature_64 45 —— Entropy+Feature_64
—— Entropy+Feature_128 —— Entropy+Feature_128
40 {— Entropy+Feature_256 40 +— Entropy+Feature_256
Entropy+Spatial 35 Entropy+Spatial
35 1k 2k 4k 8k 16k 32k 1k 2k 4k 8k 16k 32k

Amount of Annotated Data Amount of Annotated Data

Fig. 8: Effect of feature dimension on Entropy+Feature for
Cityscapes (left) and PASCAL VOC 2012 (right).

VI. CONCLUSION

In this work, we formulated the region-based active learning
problem as a Max-Min diversification problem and proposed a
greedy algorithm to solve it efficiently. We introduced spatial
diversity as a new objective for optimization and defined
spatial distance of two regions as a piece-wise function to
encourage local spatial diversity. Extensive experiments on
Cityscapes and PASCAL VOC 2012 demonstrated that the
proposed spatial diversity objective can facilitate selecting
label-diverse regions which are known to be critical for
the training of deep neural network models. Our diversity
objective complements existing uncertainty and feature di-
versity measures for region-based AL. Compared with the
traditional feature diversity objective, spatial diversity has
the benefit of not relying on a good feature extractor and
does not suffer from the p-norm limitation. The proposed
Entropy+Spatial method obtains state-of-the-art results for
active semantic segmentation, achieving 95% performance of
fully supervised methods with only 8.4% and 5.9% pixels
labeled on Cityscapes and PASCAL VOC 2012, respectively.

ACKNOWLEDGMENT

This research is supported by the Agency for Science,
Technology and Research (A*STAR) under its AME Pro-
grammatic Funds (Grant No. A20H6b0151). The computa-
tional work for this article was partially performed on re-
sources of the National Supercomputing Centre, Singapore
(https://www.nscc.sg).

APPENDIX A
DISTANCE METRIC

Theorem 1 d;(z,y) defined in Eq. (5) is a metric if ¢ > b >
a> 0 and b < 2a.

Proof: First, we note that for a, b, ¢ satisfyingc > b>a > 0
we have for all z,y that ds(x,y) > 0 and ds(x,y) = ds(y, x)
directly from the definition of ds; by definition we also have
ds(x,y) = 0 if and only if z = y. Thus we just need to prove
the triangle inequality ds(z,y) < ds(z, z) +ds(2, y) for any 3
regions x, y, z. Since d(z,y) can only take 4 values: 0, a, b, ¢,
we verify that the inequality holds in each of these cases:

1) If ds(x,y) = 0, because ds(x,z) and ds(z,y) are non-
negative, the triangle inequality holds.

2) If ds(x,y) = a, a violation can only happen if both
ds(x,z) and dg(z,y) are 0. But this is a contradiction
as this implies + = y = 2z and d(z,y) = 0. Thus the
triangle inequality holds in this case.

3) If ds(z,y) = b, a violation could occur if dy(x,z) =
ds(z,y) =0, ds(z,2) =0 and ds(z,y) = a, ds(x, 2) =
a and dy(z,y) = 0 or ds(z,2) = a and dy(z,y) = a.
We analyze each of these 4 possibilities. First, if both
ds(x,z) = ds(z,y) = 0, this is a contradiction as in the
previous case 2. If ds(z,2) = 0, it implies = z and
ds(x,y) = ds(z,y) = a which contradicts the premise
ds(z,y) = b; a similar argument applies to the third
possibility. Finally, for the fourth possibility, given b <
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2a, we have d(z,y) = b < ds(z,2) + ds(z,y) = 2a
and the triangle inequality holds.

If ds(x,y) = ¢, then  and y are two regions in different
images, so at least one of ds(x, z) or ds(z,y) = ¢, since
otherwise z has to be in both images containing « and y
which is impossible. Thus the triangle inequality holds.
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