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Abstract—Superpixel segmentation partitions multiple objects
into disjoint parts so that their delineation can be accurately
achieved by their grouping, and it has been used as an intermedi-
ary step for solving multiple problems. However, state-of-the-art
algorithms face a significant challenge of effective and efficient
segmentation irrespective of the problem’s domain (object and
background characteristics, and user’s desires). In this work,
we address such challenge by proposing several contributions.
One of such is a novel superpixel segmentation framework,
named Superpixels through Iterative CLEarcutting (SICLE),
which generalizes two other contributions of this work. In SICLE,
three independent steps are defined: (i) seed oversampling; (ii)
superpixel generation using the Image Foresting Transform (IFT)
framework; and (iii) seed removal. From (i), where a significantly
high amount of seeds is selected, steps (ii) and (iii) are performed
for generating superpixels from a refined seed set until achieving
the desired number of superpixels. SICLE overcomes domain
shifts primarily through steps (ii) and (iii), where the user may
provide an objective function for optimization. Experimental
results show that SICLE variants surpass several state-of-the-art
algorithms concerning speed and accuracy for distinct domains
while generating a series of segmentations in a single execution.
Still, in SICLE, the contours from a preceding scale might not be
present in the subsequent one leading to hierarchical violations.
Thus, we studied eight possible cases when analyzing pairwise
subsequent segmentations, and we conceived three measures for
estimating the hierarchiness of a multiscale segmentation: (i)
nestedness; (ii) inflation ratio; and (iii) refinement error. From
our results, it is possible to verify if a multiscale is a hierarchy
and, when it is not the case, to analyze and state the nature and
extent of the hierarchical violations that prevent it from being
hierarchical.

I. INTRODUCTION

In superpixel segmentation, the effective delineation of the
object is achieved by generating a collection of connected
picture elements (i.e., pixels) by optimizing some objective
function (e.g., color similarity). Thus, with meticulous su-
perpixel selection, the object is accurately built. This and
other properties favor their usage in many applications [1]-
[3]. When a single segmentation is insufficient, one may
generate several superpixel segmentations (i.e., multiscale seg-
mentation) with different resolutions (i.e., scales) in which

* Ph.D. thesis

higher quantity of superpixels (resp. lower) produces a finer
(resp. coarser) resolution, providing detailed (resp. global)
information of the object. If every superpixel is contained in
only one region of its subsequent scale, then it is a hierarchy.

Each problem has its own domain that can be broadly
defined by three main axes: (i) data (e.g., data availability
and object characteristics); (ii) hardware (e.g., limitations);
and (iii) user interaction (e.g., implementation and adaptation).
From (i), we focus on two aspects: bias and morphology.
Bias is all prior knowledge of the data and its objects (e.g.,
color, location), and morphology involves the set of morpho-
logical requirements (e.g., shape, displacement), both crucial
for solution. Note that both may differ significantly between
domains and goals. In this work, we do not consider interactive
methods.

However, most methods in literature are highly optimized
for specific domains (i.e., natural datasets) due to lack of
diversity in their evaluation. Thus, shifting the domain may not
sustain performance. One can perceive such behavior in clas-
sical approaches [4], [S], where only two morphologies may
be achieved (i.e., compact or irregular), or even in content-
sensitive approaches [6], where superpixel resolution in high-
feature variability is favored, tending to fail for homogeneous
and simple objects. Deep-learning algorithms [7] may easily
incorporate new biases through fine-tuning, but, aside from the
need for data and specialized hardware (i.e., GPUs), promoting
different morphologies can be challenging. Finally, object-
based strategies [8], [9] allow prioritizing the delineation of
the objects of interest, with the use of prior object information
(e.g., probable location), at the expense of disregarding non-
desired ones. However, they tend to be highly dependent on
the quality of the provided information [10].

On tasks where a multiscale segmentation is needed, obtain-
ing such a structure can be difficult, if not combinatorial, even
for hierarchical methods, like [11]. While non-hierarchical
approaches may “correct” incorrect delineations [12] in sub-
sequent iterations, hierarchical ones provide a set of opti-
mizations the former does not offer due to violations [13].
Yet, to the best of our knowledge, there is no measure to
determine the resemblance of a multiscale to a hierarchy (i.e.,



its hierarchiness). Most works require an object ground-truth
for assessment [14], [15], or weight contours differently based
on a ground-truth [16]. With such hierarchiness measure, one
may improve performance by adopting local optimizations or
resorting to “relaxed” properties.

In this thesis, we study certain conditions for a superpixel
segmentation to be effective and efficient for any domain.
Also, since a naive approach may lead to a combinatorial
problem, we study strategies for computing hierarchiness
efficiently from a given multiscale segmentation. More specif-
ically, we focused on four main research questions:

Ql. Is it possible to build a superpixel segmentation that
assimilates any bias?

Q2. Is it possible to build a superpixel segmentation that
promotes any bias?

Q3. Is it possible to build a superpixel segmentation that

achive both latter with efficacy and efficiency for any

object?

Is it possible to conceive a measure in which estimates

the resemblance of a multiscale segmentation to a hier-

archical one?

Q4.

As contributions, we proposed a framework named Super-
pixels through Iterative CLEarcutting (SICLE), whose pipeline
is defined by three steps: (i) seed oversampling; (ii) superpixel
generation; and (iii) seed recomputation. SICLE generalizes
two superpixel segmentation methods, both also contributions
of this thesis: the Dynamic and Iterative Spanning Forest
(DISF) [12], and the Object-based DISF (ODISF) [10]. In (i),
an initial set of points (i.e., seeds) significantly greater than
the desired number of superpixels are sampled. From such
seed set, superpixels are generated in step (ii) using the Image
Foresting Transform (IFT) [17] framework. In (iii), a portion of
irrelevant seeds (i.e., does not assist in the object delineation)
are removed based on some (application-driven) criterion, and
the improved set is provided for the subsequent superpixel
segmentation. Steps (ii) and (iii) are performed until reaching
the exact number of superpixels desired by the user. Note that
such segmentation pipeline provides a multiscale segmentation
on-the-fly and, from such, we also studied several events
when analyzing subsequent pairwise scales, leading to eight
distinct region-altering cases and three novel hierarchiness
measures: (a) inflation ratio; (b) refinement error; and (c)
nestedness. Experimental results show that SICLE variants
surpass state-of-the-art methods in efficiency and efficacy, and
that our hierarchiness measures assist in analyzing the nature
and extent of hierarchical errors (if there are any) in a given
multiscale segmentation, such as those provided by SICLE.

This paper is organized as follows. In Section II, we
present the SICLE framework and the hierarchiness measures.
Section IIT presents the main results achieved by our work.
Finally, in Section IV, our list of contributions is detailed
alongside the conclusion of this paper, and possible future
work.

II. SICLE AND HIERARCHINESS

Figure 1 presents the pipeline of our framework named
Superpixels through Iterative CLEarcutting (SICLE), which is
a generalization of two previous contributions: the Dynamic
and Iterative Spanning Forest (DISF) [12]; and the Object-
based DISF (ODISF) [10]. As the first step, SICLE selects a
significantly higher number of initial points Ny € N (i.e.seeds)
than the desired number Ny < Ng of superpixels, so that
important object parts are not missed by the sampling strategy.
Due to such quantity, aiming for higher precision in such initial
selection is not of utmost concern and, consequently, one may
opt for faster approaches, as in a grid or a random distribution,
rather than slower, yet more precise ones [19]. In fact, based on
this premise, the crucial step in SICLE is to accurately remove
superpixels for reaching the final quantity N, while sustaining
the effective performance achieved in higher quantities.

From such seed set, superpixels are generated using the
Image Foresting Transform (IFT) [17] framework, a general-
ization of the Dijkstra’s algorithm for conceiving connectivity-
based image operators. Thus, from an image graph G =
(V,E) in which V and E denote the verfex and the edge
set, respectively, the IFT generates superpixels by minimizing
the cost from path concatenation from a seed to the remaining
vertices. Such minimization considers some connectivity func-
tion f,, such as the popular ones exemplified by Equation 1:

fmax(pU © {’U,U}) - maX{fmax(ﬁ”)?”’*(”ﬂ U)}

fsum<p’u © {U7 u}) :fsum(pv) + W*(’U, U)
where p, is an optimum-path (from some seed) that has a
vertex v as terminus, and © is the concatenation operator.
With a proper selection of edge-cost function w,, one may

generate different superpixel morphologies. For instance, with
those presented by Equation 2 and proposed in this work:
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2
one can obtain irregular superpixels with f,,. and wg ., or
generate compact superpixels f,,,,, and wg,, by controlling
the superpixels’ adherence and irregularity factors (i.e., 5 and
L, respectively). Moreover, through the confidence factor a,
one can weight the influence of the prior object information O
(e.g., saliency) over the image’s features IF whose dissimilarity
is calculated with respect to those from the seed mapped
by R. Thus, paths that cross probable object borders will be
significantly penalized, leading to improved delineation when
color dissimilarity is insufficient.

In order to achieve the desired number Ny of superpixels
specified by the user, several superpixels must be removed.
If one conceives an ideal seed selection strategy, SICLE
would require only two iterations for segmenting any im-
age. However, accurately determining the set of seeds whose
superpixels do not hamper object delineation (i.e.irrelevant)
is challenging in many situations. Therefore, the strategy in
SICLE is to “perturb” seeds in each iteration by removing
only a portion of the most irrelevant seeds (based on some
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Fig. 1. Pipeline for superpixel generation using SICLE (black, red, and blue arrows) and considering the saliency generated by [18]. DISF’s pipeline is indicated
by black arrows, whereas ODISF’s by black and red arrows. A quantity of 1000 seeds was sampled for generating a segmentation with 10 superpixels.

mathematical criterion), and promoting a novel competition
for the subsequent IFT execution. Intuitively speaking, a seed
is relevant for delineation if it is consistently marked as such.
Such quantity of relevant seeds to be maintained is defined
by a seed curve M(i) = max{(No)' =% Ny}, where w is a
seed decay factor, often determined by w = 1/(2—1) given a
maximum number of iterations 2. We emphasize that SICLE
may achieve the final segmentation with significantly fewer
iterations than established by ().

For determining relevance, SICLE uses some seed relevance
function V, by recurring to each seed’s superpixel features,
with respect to the application domain. As an example, based
on the IFT, a seed resulting in a large superpixel tends to
be better positioned for conquering (than its pairs). However,
since background tends to be homogeneous and significantly
greater than the object, the latter strategy may prejudice
heterogeneous or small objects. In such case, a combination of
size and contrast may also be considered for selecting super-
pixels near crucial regions for delineation. For instance, while
favoring superpixels near smooth borders may prevent su-
perpixel “leaking”, selecting those near high-gradient borders
may guarantee accurate object delineation while promoting
shape constraints. Finally, some applications require an even
distribution of superpixels (e.g., feature extraction) and, for
that, one may opt for a criterion that combines the size and
positioning of superpixels among their immediate superpixel
neighbors.

Yet, as one may note, the previous relevance computa-
tion is subjected to the user’s desire to segment an object:
for instance, any previous relevance estimation may be dis-

considered if it is certain to be a background superpixel.
Therefore, after computing the relevances, we apply a seed
penalization function B, that proportionately penalizes seeds
that do not meet some other criterion with respect to the
object information O provided. As an example, one may
prioritize those superpixels that meet the criterion V, but
within (or nearby) the objects of interest. On the other hand,
for maximizing delineation, one strategy is to prioritize those
that only fall near the objects’ borders. It is possible to opt
for a combination of one of the latter, while strictly enforcing
dispersed superpixels in the background. Ultimately, such a
high amplitude for possible configurations favors distinct and
unique morphologies.

Finally, this pipeline produces a multiscale on-the-fly by
storing intermediate segmentations while the irrelevant seeds
are removed. However, such a series of segmentations does
not guarantee the nesting behavior between regions from a
finer segmentation to a coarser one (i.e.higher and lower
quantity of superpixels). On the other hand, performing a naive
approach of analyzing every superpixel for every possible pair
of segmentations is a combinatorial task. Therefore, we order
the series of segmentations in a non-increasing order of size
(i.e., superpixel quantity) and, due to the transitivity property
in nesting, we analyze pairwise subsequent segmentations
(for optimization). For that, we first propose the concepts of
nucleus n and cover 1), as defined by Equation 3:

n(X,Y;)={X;€eX:X,CY;} and )
NXY;) ={X; e X: X;nY; # 0}
where, for r > ¢ > 0, X = {Xy,...,X,} and YV =



{Y1,...,Y.} denotes the finer and coarser segmentations,
respectively. Based on the latter, we mapped eight possible
region-altering cases when analyzing the transition from X to
Y:
o Full Deflation: 1(X,Y;) = {X;}, n(X,Y;) = 0 and
(Y, X:) = (Y }:

o Deflation and Split: (X, Y;) = {X;}, n(X,Y;) = 0 and
Un(Y, X;) # Xis

o Full Split: N(X,Y;) = {X;}, n(X,Y;) = 0 and
Un(Y, X;) = Xi:

o Stability: ﬁ(X,}/]) = n(Xvifj) ={X:};

o Instability: |7(X,Y;)| > 1 and n(X,Y;) = 0;

o Full Inflation: |7(X,Y;)| > 1 and |n(X,Y;)| = 1;

o Merge and Inflation: |7(X,Y;)| > 1, In(X,Y;)| > 1 and

Un(X,Y;) #Yj; and

o Full Merge: |n(X,Y;)| > 1 and Un(X,Y;) =Y};
Therefore, in a finer-to-coarser multiscale segmentation, only
Full Merge and Stability cases are allowed in a hierarchy;
otherwise, it is non-hierarchical.

For estimating the degree of nesting behavior between su-
perpixels (i.e., higher is better) of X, Y, we propose the Nest-
edness NE measure NE(X,Y) = >y v Dy ey UXi C
Y;)/|Y|, where |Y| = |UX| = |UY| is the number of pixels
in the image, and 1 is an indicator function which outputs 1
if the expression is true, or 0 otherwise. On the other hand,
for calculating the degree from inflating superpixels (without
any merging), we propose the Inflation Ratio IR(X,Y) =
Yoxiex Lyyey HXiNY; # 0 A Xi £Y;)/|Y], where A is
the logical operator AND. In this case, the goal is to achieve
minimum values of IR, being zero when it is a hierarchy.
Finally, inspired by [20], we propose the Refinement Error
measure, which computes the “minimum effort” to alter super-
pixel borders so that total nesting behavior occurs in between
X and Y, being ideal when it is minimum (i.e., zero). For that,
we select the minimum effort between including regions X; in
the nucleus of Y}, or removing them totally from the cover of
Y;. More formally, such measure is defined as RE(X;,Y;) =

Yox,ex 2oy, ey min{[ X N Y], | X\ Y5} /(1XG[[T])
I11. EXPERIMENTAL RESULTS

In this section, we provide a brief overview of the results
(c.f. the thesis for a thorough discussion and analysis). For
that, we chose several datasets from clearly distinct domains:
natural (ECSSD [21] and Insects [22]) and medical (Liver [23]
and Parasites [8]). While ECSSD offers a general-purpose
dataset for saliency estimation (i.e., objects and backgrounds
with significant differences), Insects impose a challenge for
delineation due to the object’s thin parts. Similarly, for Liver,
the monochromatic CT slices of the liver (and its smooth
borders) also offer great difficulty in segmentation. Although
the borders of the parasite egg in Parasites are also a hard
task to perform, the presence of impurities adds significant
difficulty to it. For all datasets, we use the U?-Net [18] saliency
estimator due to its accuracy.

Based on their novelty, efficiency or efficacy, we chose
several state-of-the-art methods as baselines: (i) ERS [5]; (ii)

SLIC [4]; (i) SH [11]; (iv) IBIS [24]; (v) LSC [25]; (vi)
GMM [26]; (vii) OISF [8], [9]; and (viii) DAL-HERS [7].
For all the aforementioned methods, we used their default
parameter setting, and we evaluated considering Ny €
{50, 100, 250, 500, 750, 1000}. Such an interval was selected
since Ny < 50 leads to an object segmentation setup [27], and
that performance often converges before achieving Ny = 1000
superpixels in images with similar dimensions [28]. Our best
compact and irregular variants are named SICLE-COMP and
SICLE-IRREG, respectively.

We also used classical metrics for evaluating the superpixel
segmentation. First, we evaluated the computed time in a 64-
bit Intel(R) Core(TM) i7-4790S PC with a CPU Speed of
3.20GHz. For delineation, we recur to the Boundary Recall
(BR) [28] measure, informally defined as the ratio of su-
perpixel borders overlapping object boundaries (i.e., higher
is better), and the the Under-segmentation Error (UE) [20],
which measures the error from multiple object overlap by the
superpixels (i.e., lower is better). Finally, we used the popular
Compactness (CO) [28] measure, which evaluates whether the
superpixels present a compact shape, being maximum when it
is a circle (i.e., higher is better).

As one may note from Figure 2, SICLE variants present
top performance in all measures in all datasets. For SICLE-
IRREG, it surpasses all baselines for both BR and UE, irre-
spective of the domain. Similarly, and for all datasets, SICLE-
COMP achieves equivalent performance to several state-of-
the-art methods for generating irregular superpixels in terms
of BR and UE, while sustaining a good compactness perfor-
mance. We emphasize that, as seen by the results from OISF
(which uses the same saliency map as SICLE), our method
manages to properly incorporate the saliency information,
while not being influenced by its incorrect estimations. More-
over, we highlight the event of domain internalization from
the results of DAL-HERS in both ECSSD and Insects dataset
(both natural images), and ERS in Insects and Parasites. For
the former, a slight shift in the domain had severe impacts on
performance, while the latter did not sustain its performance
for a significant domain shift. Based on the time performance,
SICLE variants are the fastest amongst the fastest in ECSSD,
while being able to generate a multiscale segmentation with
minimum (possibly, zero) increase in computed time. In the
end, although the optimized SICLE variants managed to
surpass all baselines in distinct domains, being an effective
off-the-shelf option, we emphasize that the best SICLE variant
for each task can be achieved if one knows how to model its
objectives (i.e., biases and morphology) mathematically when
generating superpixels or determining the relevance of a seed.

In terms of hierarchiness, we evaluated SICLE variants
without saliency information for a better analysis. Since SH
is a hierarchical method, we used it as a use case for an
ideally hierarchical multiscale. Conversely, we used a random-
seed Voronoy partition method for generating a worst-case
scenario for a multiscale segmentation. Our results have shown
that, clearly, irregular non-hierarchical superpixel segmenta-
tion (e.g., SICLE IRREG) favors inflation while prejudicing
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Fig. 2. Quantitative results with the U2-Net [18] saliency estimator. The table presents the speed performance, in seconds, of the fastest methods in the
ECSSD dataset. The values depicted in bold, blue, and red indicate, respectively, the first, second, and third fastest performances for each Ny.

nesting behavior in between regions. On the other hand,
SICLE-COMP, by enforcing compactness, reduces inflation
and promotes nesting. However, it was noted that, even with
such discrepant behaviors, both achieved similar (and reduced)
refinement error. Thus, as we argue, both SICLE-COMP and
SICLE-IRREG would demand slight modifications to make
their multiscale segmentation a hierarchical one.

IV. CONCLUSION AND FUTURE WORK

In this work, we propose Superpixels through Iterative
CLEarcutting (SICLE), a multiscale superpixel segmentation
framework that provides theoretical foundations for domain
agnosticism. It selects a significantly greater number of seeds
and, iteratively, generates superpixels, subsequently removing
those deemed irrelevant. This approach allows for effective and
efficient performance, surpassing several state-of-the-art meth-
ods in delineation, leaking prevention, and compactness. Since
SICLE produces a multiscale segmentation on-the-fly, we also
studied several events when performing a pairwise analysis and

conceived three hierarchiness measures: nestedness; inflation
ratio; and refinement error. From these contributions, we
are able to provide substantial insight into the hierarchical
violations in the multiscale, if there are any.

Revisiting the research questions, we reached the following
conclusions. From Q1, we argue that assimilating any bias
is a viable option (rather than all biases at once), and that
SICLE provides the tools for such through the seed relevance
computation (which is application-based). From Q2, we again
argue that the promotion of morphology is rather a specific
than an all-encompassing task. As a property of the IFT,
not only is SICLE able to produce the two most common
superpixel shapes (i.e., compact and irregular), but it may
enforce several others if one provides the set of connectivity
and edge-cost functions. Therefore, the need for adaptation is
limited to offering new functions, rather than to substantially
alter the generation algorithm. With our measures, we were
able to assess Q4 by evaluating a given multiscale and inves-
tigating the occurrences that impede it from being hierarchical.



Finally, instead of accurately segmenting all possible objects,
we argue that SICLE manages to accurately segment the object
of interest (as raised by Q3), irrespective of its characteristics.
Such property lies on the perception that the representation
of the probable object location stays unchanged irrespective
of its own characteristics, meaning that changing the object
of interest (thus, possibly changing bias) does not lead to
significant adaptations in the algorithm.
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functions that ensure nesting behavior between subsequent
segmentations. Also, we intend to provide “relaxed” and novel
hierarchiness measures to be used in optimization and learning
tasks.
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