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Computation and Memory Efficient
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Abstract— In this paper, we address the segmentation problem
under limited computation and memory resources. Given a segmentation algorithm, we propose a framework that can reduce its
computation time and memory requirement simultaneously, while
preserving its accuracy. The proposed framework uses standard
pixel-domain downsampling and includes two main steps. Coarse
segmentation is first performed on the downsampled image.
Refinement is then applied to the coarse segmentation results.
We make two novel contributions to enable competitive accuracy
using this simple framework. First, we rigorously examine the
effect of downsampling on segmentation using a signal processing
analysis. The analysis helps to determine the uncertain regions,
which are small image regions where pixel labels are uncertain
after the coarse segmentation. Second, we propose an efficient
minimum spanning tree-based algorithm to propagate the labels
into the uncertain regions. We perform extensive experiments
using several standard data sets. The experimental results show
that our segmentation accuracy is comparable to state-of-theart methods, while requiring much less computation time and
memory than those methods.
Index
Terms— Computation
and
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efficient,
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I. I NTRODUCTION

T

HE rapid growth of mobile devices and wearable devices
(e.g., Microsoft HoloLens) in the past few years has
created the opportunity to design a wide variety of mobile
image applications [1]. However, these mobile image applications bring specific challenges, including camera motion,
image blur, illumination changes, and limited computational
resources [2], [3]. Mobile and wearable devices are often
used by moving objects (e.g., vehicles and persons). This
causes unstable camera motion and image blur. When they
are used under different lighting conditions, the devices face
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illumination changes. In addition, the limited memory and
computational capability of these devices, together with the
increasing resolution of screens and sensors, make it difficult
to process images at an interactive speed on the devices.
The need for memory and computationally efficient imaging
algorithms is imperative.
Image segmentation is a process using visual features of
isolated object or objects separated by boundaries to partition
an image into several segments. The segmentation problem
is important to many applications and has received wide
interest [4]–[7], which leads to a range of state-of-the-art
algorithms. Image segmentation has been used for several
mobile applications, including interactive robots [8], [9],
indoor positioning [10], contactless identification [11], and
image-based skin cancer diagnosis [12]–[14]. For example,
Do et al. [13] propose analyzing a smartphone-captured skin
lesion photo to estimate the likelihood of skin cancer. In their
first step, the skin lesion needs to be segmented from the
background. Image segmentation is a critical step to enable
subsequent analysis. In these mobile applications, because of
the limitation in display area size, users tend to pay attention to
large and salient objects rather than small details in the display.
Therefore, we focus on segmentation of salient objects in this
paper.
Although segmentation problem is classic and has a wide
range of state-of-the-art algorithms, the problem of image
segmentation under severe memory and computation limitations simultaneously has not been well studied. In this paper,
we focus our attention on segmentation approaches that are
memory and computation efficient. Our contribution is that
given a “good” segmentation method (i.e., one with good
segmentation accuracy such as MST-based [15] or normalized
cut (Ncut) [16] or multiscale Ncut [17]), we propose a framework that can significantly reduce the memory usage and computation time, while achieving comparable and state-of-the-art
accuracy. Our solution uses simple standard pixel-domain
downsampling, which is fast and supported in some
display hardware. However, it is different from other
downsampling-based approaches such as those mentioned in
Section II-A [17]–[19]. Instead of building a pyramid containing the image at different scales and performing the
segmentation on the pyramid, we downsample the image
only once.
A. Motivation
The motivation of our one-time downsampling-based segmentation approach comes from an intuitive observation.
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Given a good segmentation method, even if we run the
segmentation on the downsampled version of the input image,
the general shapes of segments can still be determined.
However, the detail of segment boundaries could be inaccurate.
If we consider a segment as a combination of general shapes
and boundary details, the general shape information can be
obtained from the downsampled image using a coarse segmentation, while boundary detail information can be determined
from the neighborhoods of the coarse segment boundaries.
By separating segment information into two parts (general
shapes and detail boundaries), we can compute them in
separate steps.
Based on this observation, we first apply standard pixeldomain downsampling on an input image. Then, we perform
segmentation on the downsampled image (coarse segmentation). From this coarse segmentation result, we compute
uncertain regions, where pixel labels need to be further refined.
Finally, we refine uncertain regions to obtain the segment
boundary details. The key to achieve reduced computation and
memory requirement is that the total size of the downsampled
image and the uncertain regions are much smaller than the
size of the original image.
B. Contributions
There are two crucial problems needed to be addressed
in order to achieve competitive accuracy using this simple
framework.
First, we need to carefully identify the pixels that require
refinement in the neighborhoods of the coarse segment boundaries. If we miss some pixels with uncertain labels during the
refinement, segmentation accuracy would be degraded. On the
other hand, if we include more pixels than necessary, we would
perform excessive computation in the refinement. Efficiency of
the overall framework would be compromised. Therefore, we
propose to examine the effect of downsampling on segmentation using a signal processing analysis, thereby pixels with
uncertain labels can be located. We model the image edges
and perform an analysis to determine the uncertain region.
Second, we need to refine the labels of uncertain pixels
in an efficient and accurate way. The label information of
the pixels adjacent to the uncertain pixels should be properly
leveraged. Preferably, the refinement algorithm should have
linear complexity with the number of image pixels. We cast
the refinement as a problem to propagate the label information
into the uncertain region from the adjacent certain pixels.
We propose an efficient MST-based method, specifically a
Kruskal-like algorithm, to perform this label propagation.
Note that while the Kruskal-like algorithm has been proposed for general image segmentation (see [15]), it has not
been applied to a label propagation problem to the best of
our knowledge. Compared with general image segmentation,
there are additional requirements that need to be satisfied
for label propagation, and we discuss these requirements
in Section IV.
We apply the proposed framework for a range of segmentation algorithms: 1) Ncut [16]; 2) MST-based algorithm [15];
3) multiscale Ncut [17]; and 4) contour-based hierarchical
segmentation [20]. Extensive experiments suggest that we can
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achieve state-of-the-art accuracy while requiring much less
computation and memory than other works.
Our main contributions are summarized as follows.
1) We investigate the problem of image segmentation
under simultaneous computation and memory limitations. Although segmentation problem is classic, it has
not been well studied under these simultaneous resource
limitations. This setting is increasingly important with
the new mobile imaging applications (e.g., wearable
imaging devices).
2) We investigate a framework that can enable a given
segmentation algorithm to perform properly with much
reduced computation time and memory requirement.
Therefore, our focus is on a framework that can be used
by different segmentation algorithms, but not on a new
segmentation algorithm. Our approach is based on pixeldomain downsampling. To enable competitive performance for this approach, it requires rigorous treatment of
the refinement process, which is our main contribution.
Essentially, two important questions need be addressed:
a) where to refine and b) how to refine. The first question “where” is important; otherwise, we may process
excessive information and require excessive computation
and memory. To address this question, we propose our
original signal processing analysis to identify the pixels
that need refinement. To address the second question
“how,” we propose a Kruskal-like algorithm to propagate
the label. While the Kruskal-like algorithm has been
proposed for general image segmentation, it has not been
applied to a label propagation problem to the best of our
knowledge. There are specific requirements that need to
be satisfied for label propagation, as will be discussed
in Section VI. We also include a proof to show that the
proposed label propagation indeed satisfies these specific
requirements. Our comparison between the proposed
label propagation and a conventional label interpolation
shows that the proposed label propagation can achieve
clear improvement with boundary benchmarks.
3) We perform extensive experiments to show that our
idea is applicable to various and recent segmentation
algorithms. Comparisons with different methods including another multiscale method show that the accuracy
of applying our framework is very competitive, while
computation and memory requirement can be much
reduced. As will be discussed, we experiment four different segmentation algorithms with diverse computation
time and memory requirement, e.g., MST [15] requires
about 0.16 MB, while gPb-owt-ucm [20] requires more
than 6000 MB for a typical image. Nevertheless, our
framework demonstrates benefits in all these cases
(see Fig. 6).
4) We conduct memory and computation time analysis
on several practical platforms to show the advantages
of the proposed framework. Given the appropriate
parameters and segmentation methods, our proposed
framework enables accurate segmentation on different
mobile/wearable devices. A detailed discussion can be
found in Section V-C.
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The remaining sections of this paper are as follows. Section II
presents related work. Section III analyzes the effect of
downsampling on the results of segmentation and describes
our proposed approach to locate uncertain pixels. Section IV
presents our proposed refinement method. Section V presents
the experimental results. Section VI concludes this paper.
II. R ELATED W ORK
Many segmentation methods have been proposed in the
literature [4], [5], [21]. These methods can be divided into
two categories. The first category is boundary detectionbased approaches, which partition an image by discovering
closed boundary contours. The second category is regionbased approaches, which group together pixels being neighbors and having similar values and split groups of pixels
having dissimilar value. Our proposed method can be seen
as a region-based approach. Hence, we present here a brief of
the state-of-the-art methods in region-based approaches.
There are different methods for region-based segmentation,
and here we mainly discuss graph-based approaches and active
contour approaches. Methods in graph-based approaches usually represent an image as a graph G = (V, E, W ), with pixels
as graph nodes V , and pixels within distance r (graph radius)
are connected by a graph edge in E. A weight value W (i, j )
measures the similarity between pixels i and j . The higher
W (i, j ), the more similarity between pixels i, j . W can be
computed using the location/illumination/texture information
of pixels. The graph-based methods can be further divided
into several subcategories. The first subcategory uses global
information for segmenting. They usually are graph cut-based
methods such as Ncut [16], minimum cut [22], and variants of
Ncut [17]–[19], [23]. The second subcategory uses local information for segmenting such as minimum spanning tree (MST)based segmentation methods [15], [24]–[27]. The third
subcategory is multiscale-based approaches [20], [28], [29].
After graph-based approaches, we review active contour
approaches [30]–[32].
A. Graph Cut-Based Methods
The main idea of graph cut-based methods is to partition
graph G = (V, E, W ) into connected components Ai such that
∪Ai = V and Ai ∩ A j = ∅ by omitting the edges linking these
components. Graph cut-based methods try to segment image
by optimizing some well-defined global objective functions.
Wu and Leahy [22] defined a cut between two connected
components as

W (u, v).
cut(A, B) =
u∈A,v∈B

They proposed a method called minimum cut for image
segmentation in such a way that the smallest (K − 1) cuts
among all possible cuts are selected and the corresponding
edges are deleted to form K -subgraph partitions.
Wu and Leahy [22] noted that the minimum cut criteria
favors the formation of small segments containing only a few
isolated nodes, resulting in oversegmentation. To overcome
this drawback, Shi and Malik [16] proposed a new measure

of disassociation between two components. Instead of looking
at the value of total edge weights connecting the two partitions,
they compute the cut cost as a fraction of the total edge connections to all the nodes in the graph. This new measurement
called Ncut is defined as
cut(A, B)
cut(A, B)
+
Ncut(A, B) =
assoc(A, V ) assoc(B, V )

where assoc(A, V ) = u∈ A,t ∈V W (u, t) is the total connection from nodes in A to all nodes in the graph and assoc(B, V )
is similarly defined. The problem of segmenting an image to
K regions is turned into problem of finding of the smallest
(K − 1) Ncuts.
Graph cut-based methods usually give good segment results.
However, they are time consuming. For example, for the Ncut
method, Shi and Malik [16] showed that exact minimization
of Ncut is NP-hard. Hence, they proposed an approximation
algorithm relating to solving a generalized eigenvalue problem
having complexity O(n 3 ), where n is number of pixels in an
image. In case the graph is sparse, e.g., each node (pixel)
connects to only neighbors being inside a small graph radius r
(e.g., r < 10), the complexity is reduced to O(n (3/2) ). Several
works based on multiscale approach are proposed to accelerate
Ncut [17]–[19].
1) Multiscale Graph Cut-Based Approaches: Sharon et al.
[18], [19], at first, created a sparse graph, e.g., each pixel connects to its four nearest neighbors (NNs). To find the minimal
Ncuts in the graph, they recursively coarsened the graph using
a weighted aggregation procedure in which they repeatedly
selected smaller sets of representative pixels. The goal of these
coarsening steps is to produce smaller and smaller graphs
that represent the same minimization problem. Using this
process, segments that are distinct from their environment will
emerge and they are detected at their appropriate size scale.
After constructing the entire pyramid and detect segments
at different levels of the pyramid, they scanned the pyramid
from the top down performing relaxation sweeps to associate
each pixel with appropriate segment. References [18] and [19]
showed that the time usage of their algorithm is linear to the
number of pixels of the image.
Cour et al. [17] showed that if one increases the number of neighbors of a node (e.g., increase graph radius r ),
a larger r generally makes the segmentation of Ncut better.
However, increasing r also increases computation time. They
also showed that large radius graphs can be decomposed into
different scales and each of them contains connections with
a specific range of spatial separation. Hence, they adapted a
multiscale approach for Ncut. In particular, given an image,
they first downsample image at different scales s ∈ {1, . . . , S}.
Let Ys ∈ {0, 1} Ns ×K be the partitioning
 Smatrix at scale s; Ns
is number of pixels at scale s, N ∗ = s=1
Ns ; Ys (i, k) = 1 if
graph node i belongs to partition k; and X = [Y1 ; . . . ; Y S ] ∈
∗
R N ×K is the whole multiscale partitioning matrix, then we
can also rewrite X by X = [X 1 , . . . , X l , . . . , X K ], where
∗
X l ∈ {0, 1} N with X l (i ) = 1 if pixel i belongs to segment l,
W is a diagonal matrix where entries on the diagonal are
weight matrices Wi , (i = 1, . . . , S) on scalelevels, and
D is a diagonal matrix where D(m, m) =
n W (m, n).
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The multiscale Ncut segmentation can be written as
min X

K

X lT W X l
l=1

X lT D X l

s.t. X ∈ {0, 1} N

∗ ×K

; X1 K = 1 N ∗

1
Ys+1 (i ) =
Ys ( j ), ∀s = 1, . . . , S − 1
Ni
j ∈Ni

where j (on scale s) ∈ Ni is the sampling neighbor of i
(on scale s + 1) and the third constraint is to make the consistent segmentation across all scales. This constraint means
that the coarse-scale segmentation (Ys+1 ) should be locally
average of the fine-scale segmentation (Ys ). Using small graph
radius (e.g., r = 1) at each scale, Cour et al. [17] showed that
the running time of multiscale Ncut is O(n), where n is the
number of pixels in an image.
B. MST-Based Methods
Several methods in the MST-based approach model an
image as an MST, and the segmentation is done by cutting
the tree into several subtrees [24], [25]. The proposed methods
in [15] and [26] do the segmentation in inverse way. At the
beginning, each vertex is considered as a segment. Then, two
segments are repeatedly selected to consider for merging in
a greedy way. In particular, they defined that the difference
between two segments is the minimum weight connecting
two segments; the internal difference of a segment S is the
largest edge of MST of S. Two segments will be merged if
the difference between two segments is less than or equal to
the minimum of the internal difference of the two segments.
Felzenszwalb and Huttenlocher [15], [26] showed that their
method can produce segments that are neither too coarse nor
too fine. Because only local information is used to decide if an
MST should be split [24], [25] or if two segments should be
merged [15], [26], MST-based methods are usually sensitive
to noise. However, an advantage of these methods is that it
is faster than graph cut-based methods [5]. For example, the
most recent MST-based segmentation method proposed in [15]
can run with the complexity O(n log n), where n is number
of image pixels. If the weights of edges are integer values
(e.g., the difference in intensity of pixels), their algorithm can
run in O(n).
C. Multiscale-Based Methods
Multiscale-based segmentation works have been studied,
including [18], [20], [28], and [29]. We have discussed a multiscale graph cut-based method in the previous section [18].
Arbelaez et al. [20] proposed a probabilistic boundary detection approach that combines both local and global information
to detect boundary. Furthermore, they used a hierarchical
segmentation approach to generate hierarchical segmentation regions. This method achieves state-of-the-art accuracy.
Baatz and Schäpe [28] aimed to obtain high-quality segmentation results under different spatial scales. He combined
both local and global optimization techniques, and used
a scale parameter (SP) to control the average segment size in
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an image. He developed different similarity criteria to decide
whether or not to merge two objects in an image. Results
showed that his segmentation approach can produce homogeneous image segments in an arbitrary scale. Drăguţ et al. [29]
proposed an automated parameterization approach to decide
the parameter SP in [28]. They used local variance (LV)
information to select SP value. As LV value reached the
optimal value, the corresponding SP value is selected. These
two methods [28], [29] could generate good results on an
image with geographical content.
D. Active Contour-Based Methods
The goal of active contour-based methods is to find the
contours of objects in an image, by fitting active contours
toward the object contours. There are some contour-based
segmentation approaches that can achieve good results under
some segmentation constraints. These constraints include
interactive segmentation and segmentation on an image with
relatively simple background. The method proposed in [30]
used an active contour model to detect objects in an image.
This model does not depend on the gradient of the image.
Therefore, it could detect objects whose boundaries are
defined by other information in addition to the gradient. This
method could detect the object boundary properly when the
background in the image is relatively simple and uniform.
Lankton and Tannenbaum [31] proposed a model based
on local information. They used a local region-based energy
function rather than a global region-based energy function.
By choosing a good localization scale for an image, they
can obtain accurate segmentations of the objects in an image.
Nguyen et al. [32] proposed an interactive method based
on continuous-domain convex active contour model. Their
method showed robustness to user inputs and different initializations. Their method could produce smooth and accurate
boundary contours with simple user inputs.
III. C OMPUTING U NCERTAIN R EGIONS F ROM
A S EGMENTATION R ESULT ON A
D OWNSAMPLED I MAGE
In this section, we analyze the effect of downsampling on
segment boundaries in an image, thereby identifying uncertain
regions. We define uncertain regions as the image regions in
the original resolution image where pixel labels are uncertain
after the first coarse segmentation. We discuss our approach
to determine the size and location of the uncertain regions.
To simplify the discussion and analysis, we focus on 1D image
signals. The experimental results in the later sections demonstrate that this simplified analysis is reasonable and adequate
for 2D images. We consider two major boundary signal
models [33]: 1) ramp boundary and 2) roof boundary.
A. Review of Image Sampling and Downsampling
Image sampling converts a continuous image signal x(l) into
a sequence of discrete spatial samples x d [n] = x(n), where
 is the sampling interval. The Nyquist–Shannon sampling
theorem states that when sampling using a sampling frequency
of f s = 1/, perfect (aliasing-free) reconstruction is possible

Authorized licensed use limited to: Monash University. Downloaded on January 11,2021 at 05:20:25 UTC from IEEE Xplore. Restrictions apply.

50

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 28, NO. 1, JANUARY 2018

Suppose that x(l) is sampled with a sampling frequency f s
and subsequently downsampled with a scaling factor λ ≤ 1.
Thus, the sampling frequency of the downsampled signal
is λ fs . Following the above discussion, the signal would
be low-pass filtered with a cutoff frequency of λ f s /2 in
the first step of downsampling. For simplicity, we assume
a widely used Gaussian filter is used for low-pass filtering.
The Gaussian low-pass filter with a cutoff frequency of λ f s /2
has an impulse response: h(l) = G(l; 0, (c/(λ f s ))), where
√ 1/2
c = (((2 ln 2) )/π) [35]. The low-pass filtered signal y(l)
is the output of the convolution between x(l) and h(l)

Fig. 1. Analysis of the effect of downsampling on image segmentation.
(a) Continuous domain analysis: a ramp boundary signal x(l) (top left) and
its low-pass filtered counterpart y(l) (bottom left). Refinement interval R is
constructed so that it overlaps with B x . (b) Discrete case: the discretized
version of x(l) (top right) and its downsampled counterpart (bottom right).
R and B x are adjusted to take into account the effect of quantization. The
tick marks on the horizontal axes depict sampling positions.

provided that x(l) is bandlimited at f max ≤ f s /2, i.e., the
highest frequency component in x(l) has frequency less than
f s /2 [34].
Downsampling reduces the sampling rate of the discrete
signal x d [n]. As the sampling rate is reduced, by the abovestated Nyquist–Shannon sampling theorem, the highest frequency of the signal needs to be reduced accordingly to avoid
aliasing. In particular, downsampling with a scaling factor λ,
λ ≤ 1, reduces the sampling frequency to λ fs [the sampling
interval becomes (1/λ)]. The signal needs to be bandlimited
at ((λ f s )/2) to avoid aliasing. Thus, downsampling process
with a scaling factor λ is usually implemented as a two-step
process.
1) The signal is passed into a low-pass filter (antialiasing
filter) with a cutoff frequency of ((λ fs )/2) to remove
the high-frequency signal components.
2) The filtered signal is decimated by keeping only samples
that are (1/λ) apart.
Importantly, the low-pass filtering in the first step smears the
region boundary, so it complicates the computation of pixels
where labels are uncertain.
B. Effect of Downsampling on Ramp Boundary
We first perform the analysis in the continuous domain.
Later we will extend this to the discrete case for digital image.
The continuous ramp boundary can be modeled mathematically by
 τ =l
G(τ ; 0, σx )dτ
(1)
x(l) =
τ =−∞

where√ G(.) is a Gaussian function: G(τ ; μ, σ ) =
2
2
(1/(σ 2π))e((−(τ −μ) )/(2σ )) and the ramp boundary signal
x(l) is centered at l = 0. The boundary steepness depends
on σx : a large σx gives a smoothly changing boundary. The
ramp boundary x(l) is illustrated on the top-left of Fig. 1.

y(l) = x(l) ⊗ h(l)



 τ =l
c
G(τ ; 0, σx )dτ ⊗ G l; 0,
=
λ fs
τ =−∞
 τ =l
G(τ ; 0, σ y )dτ
=
τ =−∞

1/2

where σ y = (σx2 + (c/(λ f s ))2 ) . The low-pass filtered signal
y(l) is illustrated on the bottom-left of Fig. 1. Note that
σ y ≥ σx , the low-pass filtered boundary y(l) spreads over
a larger extent compared with x(l).
We denote the segmentation result with l = b y when a
segmentation algorithm is performed on y(l). We denote the
segment transition interval of y(l) with B y , i.e., B y is the
“boundary” of a segment. We denote this segment transition
interval B y with [−kσ y , kσ y ]. The segment transition can be
abrupt or smooth. An abrupt transition has a small σ y and a
smooth transition has a large σ y . In any case, the transition
becomes rather flat beyond [−2σ y , 2σ y ] [see Fig. 1; beyond
±2σ y of the inflection point (at l = 0), the transition is rather
flat]. Therefore, in the subsequent analysis and experiments,
we choose B y = [−2σ y , 2σ y ]. Note that one may choose
to define the segment transition with a larger interval, e.g.,
B y = [−3σ y , 3σ y ]. Our analysis framework is applicable to
different choices of the size of B y (this will be discussed
further).
We assume that a segmentation algorithm on y(l) identifies
b y as the segment boundary position and b y is within the segment transition interval, i.e., b y ∈ B y . From this assumption,
we discuss an analysis to determine a minimum-sized refinement interval R around b y . Note that we emphasize to use
a “good” segmentation algorithm for y(l) in our framework.
In this case, the assumption b y ∈ B y can hold most of the
times and our refinement interval is correct in many cases.
In the experiments, we start with segmentation algorithms
that are quite accurate so that b y ∈ B y can hold in many
cases. On the other hand, some poor segmentation algorithms
may identify a wrong segment boundary position, i.e., b y is
outside B y . In this case, our assumption does not hold, our
refinement interval is not correct, and the final segmentation
quality is degraded.
Likewise, we denote the result when segmentation is performed directly on the original signal x(l) with bx . We denote
the transition with Bx = [−kσx , kσx ]. We assume bx ∈ Bx .
Given b y , the segmentation result on y(l), we would like
to determine a refinement interval R such that refinement
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processing inside R can possibly identify bx (thereby applying
segmentation on the downsampled image and subsequent
refinement in R can produce the same result as preforming segmentation directly on the original resolution image).
To achieve this, it is necessary that R overlaps with Bx , so
that refinement in R can possibly locate bx [refer to Fig. 1(a)].
Recall b y ∈ B y = [−2σ y , 2σ y ]; thus, −2σ y or 2σ y may be
returned as b y by the coarse segmentation in the extreme cases.
Thus
R = [b y − (2σ y − 2σx ) − , b y + (2σ y − 2σx ) + ]

(2)

where  is a small positive constant, is sufficient for overlapping between R and Bx . Therefore, with the choice of R given
by (2), it is possible to locate bx during the refinement of R.
So far our discussion has been focusing on the continuous
case. In the discrete case, quantization effect needs to be
taken into consideration. In particular, as bx and b y need to
align with the sampling positions, quantization errors with
magnitudes up to half of a sampling interval may occur
[refer to Fig. 1(b)]. Recall that the sampling intervals of the
original resolution image and the downsampled image are
(1/( f s )) and (1/(λ f s )), respectively. Thus, in the discrete case,
b y ∈ B y = [−2σ y − (1/(2λ f s )), 2σ y + (1/(2λ f s ))]. Therefore,
using R = [b y −  R , b y +  R ], where


1
1
− 2σx −
 R = 2σ y +
(3)
2λ f s
2 fs
it is sufficient to guarantee overlapping between R and Bx .
Note that  R is half the width of the refinement interval, which
centers at b y , the segmentation result on y(l).
Here we further simplify  R


1
1
 R = 2σ y +
− 2σx −
2λ fs
2 fs


2
c
1
1
= 2 σx2 +
+
− 2σx +
λ fs
2λ fs
2 fs


1
c
1
+
≤ 2 σx +
− 2σx +
λ fs
2λ f s
2 fs
c
1
1
=2
+
+
λ fs
2λ f s
2 fs


1
1
1 2c
+
+
.
(4)
=
fs λ
2λ 2
Note that here we get  R ≤ (1/ f s )((2c/λ) + (1/2λ) +
(1/2)). We choose a larger value to represent  R , meaning that
it is sufficient to guarantee overlapping between R and zBx .
In practice, we set


1
1
1 2c
+
+
R =
.
(5)
fs λ
2λ 2
Recall that  = (1/ f s ) is the sampling interval in the
original resolution image. Therefore, (5) can inform the size
of the refinement interval in pixels. Alternatively, as λ < 1
when we do downsampling, it can be shown that
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As (1/(λ f s )) is the sampling interval in the downsampled
image, this suggests that with respect to the downsampled
image sampling grid, the refinement interval can be ±2 pixels
around the coarse segmentation region boundary. Note that (5)
computes the size (half width) of the refinement interval
with respect to the original image sampling grid, while (6)
computes the size with respect to the downsampled image
sampling grid.
In the previous analysis, we choose Bx = [−2σx , 2σx ]
and B y = [−2σ y , 2σ y ] as the segment transition intervals for
the original image and the downsampled image, respectively.
In general, we have Bx = [−kσx , kσx ] and B y = [−kσ y , kσ y ],
and we can obtain
1
R ≤
(kc + 1).
(7)
λ fs
Here k is a positive integer that one can set to choose the
√ 1/2
segment transition, and the constant c = (((2 ln 2) )/π) ≈
0.265 [35]. When we set k = 1, 2, 3, we have  R ≤ (2/(λ f s )),
so the refinement interval is ±2 pixels around the coarse
segmentation region boundary (with respect to downsampled
image sampling grid). And when we set k = 4, 5, 6, 7, we
obtain  R ≤ (3/(λ f s )). As discussed, the transitions are rather
flat beyond ±2σx and ±2σ y . Therefore, we use k = 2 in our
experiments.
Our analytical results (5) and (6) inform the size of the
refinement interval in pixels with respect to the original image
sampling grid and the downsampled image sampling grid,
respectively. Depending on the availability of the computation
and memory on the devices, one may select a scaling factor λ
suitable for the applications. Then, (5) or (6) can be used to
determine the size of the refinement interval. For instance, with
λ = 0.5,  R = 2.56(1/( f s )) based on (5). Thus, the refinement interval can be ±3 pixels around the coarse segmentation
region boundary (after mapping back to the original image
sampling grid). From (5), it is clear that  R increases with
decreasing λ. With more aggressive downsampling for coarse
segmentation, more pixels need to be refined subsequently.
In the experiments, we use this analysis results to determine
the refinement intervals for 2D images.
C. Effect of Downsampling on Roof Boundary
In Section III-B, we analyze the effect of downsampling
on ramp boundary. Here we give the analysis for another type
of boundary, roof boundary. The continuous roof boundary
can be modeled mathematically by
x(l) = G(l; 0, σx ).

(8)

Similar to ramp boundary, G(.) is a Gaussian function. The
corresponding low-pass filtered signal y(l) is given by


c
y(l) = x(l) ⊗ h(l) = G(l; 0, σx ) ⊗ G l; 0,
λ fs
(9)
= G(l; 0, σ y ).
The roof boundary signal x(l) and low-pass filtered signal
y(l) are shown in Fig. 2. By performing the analysis as in
Section III-B, we can obtain the same equations (5) and (6)
for the refinement interval. In other words, (5) and (6) are
applicable regardless of the boundary type.

Authorized licensed use limited to: Monash University. Downloaded on January 11,2021 at 05:20:25 UTC from IEEE Xplore. Restrictions apply.

52

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 28, NO. 1, JANUARY 2018

Algorithm 1 Label Propagation Algorithm
Input:
Graph G = (V, E). V is set of nodes including uncertain
nodes, boundary-certain nodes, virtual nodes. E is set of
edges including edges between virtual nodes and boundarycertain nodes, edges between boundary-certain nodes and
uncertain nodes, edges between uncertain nodes. Fig. 3(b)
illustrates an example of G.
Output:
Label: label of uncertain nodes.
1:
2:
3:
4:
Fig. 2.
Analysis of the effect of downsampling on roof boundary. (a)
Continuous domain analysis: A roof boundary signal x(l) (left-top) and its
low-pass filtered counterpart y(l) (left-bottom). Refinement interval R is
constructed so that it overlaps with B x . (b) Discrete case: the discretized
version of x(l) (right-top) and its downsampled counterpart (right-bottom).
R and B x are adjusted to take into account the effect of quantization. Tick
marks on the horizontal axes depict sampling positions.

IV. R EFINEMENT ON U NCERTAIN R EGION
After determining uncertain regions which need to be
refined, we model the uncertain regions as graphs and propose an MST-based method (in particular, the Kruskal-like
algorithm) to propagate the label information from the certain regions to the uncertain regions. The reason for using
MST-based method is that it can be implemented efficiently
with low memory usage and its complexity is linear with the
number of image pixels.
To describe the proposed refinement method, we define
boundary-certain pixels. Boundary-certain pixels are certain
pixels that are immediately adjacent to the uncertain regions
determined by the analysis in Section III. Therefore, after we
have determined the uncertain regions using (5) and (6), we
can identify the adjacent pixels as boundary-certain pixels.
There are several MST-based segmentation methods
proposed in the literature [15], [24]–[26]. These algorithms
are designed for general segmentation. They are not readily
applicable to our label propagation problem, where the
consistency of the labels in the certain and uncertain regions
needs to be taken into account. Specifically, all pixels in an
uncertain region should be labeled by the labels that come
from the corresponding boundary-certain pixels. General
MST-based segmentation [15], [24]–[26] cannot guarantee
that. Therefore, we propose a new label propagation modified
from the Kruskal algorithm.
To use a Kruskal-like algorithm to propagate labels, we
propose new techniques to construct the graph and determine
multiple disjunct trees. Each tree corresponds to a segment.
In the following, we first present the steps for constructing the
graph to represent the uncertain region. We then present the
refinement algorithm. We also prove that the proposed graph
construction and refinement algorithm can satisfy the specific
requirements for label propagation. Finally, we discuss some
properties of the algorithm.

5:
6:
7:
8:

9:
10:
11:
12:
13:
14:
15:
16:

Sort E by nondecreasing weight order
for each node v ∈ V do
Initialization
MakeSet (v)
end for
for each edge e ∈ E do
access node u, v from e
if Fi nd(u) = Fi nd(v) then
if u and v belong to
two different sets
if Fi nd(u) ∈
/ V1 Fi nd(v) ∈
/ V1 then
if
either the set containing u or the set containing v
does not have a virtual node yet
U ni on(u, v) merge two sets containing u and v
end if
end if
end for
for each node v ∈ V0 do
Label(v) ← label o f (Fi nd(v))
each node is
labeled by the label of its root node
end for
return Label

A. Graph Construction
We create a graph having nodes that are uncertain pixels.
Each node is connected to its eight NNs to make edges of
the graph. Weight of an edge is the absolute difference of
the luminance values of its two nodes. To make it possible to
propagate the labels, we also include boundary-certain pixels
in the graph [Fig. 3(a)].
It is important that labels in these boundary-certain pixels
do not change at the end of refinement. To achieve this, we
introduce some virtual nodes to the graph. Each virtual node
represents a specific label (a color). We also add (−1)-weight
edges between boundary-certain pixels and the virtual nodes.
Specifically, each boundary-certain pixel is connected by a
(−1)-weight edge to the virtual node with the same label
[Fig. 3(b)]. After this step, we obtain a graph G = (V, E),
where V includes uncertain nodes, boundary-certain nodes,
and virtual nodes. This graph is the input of the proposed
label propagation summarized in Algorithm 1.
B. Label Propagation Algorithm
After creating the graph, we propose an MST-based method
for relabeling uncertain pixels [white nodes in Fig. 3(b)]. Our
proposed method is a Kruskal-like algorithm, which produces
multiple disjunct trees for G. After a series of merging
operations, pixels are aggregated into several segments, and
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Fig. 3. Graph creation. (a) Pixels are represented in circle nodes. The colored nodes represent boundary-certain pixels and the uncolored nodes represent
uncertain pixels. (b) Virtual nodes V1 are introduced and connected with boundary-certain nodes with (−1)-weight edges; V0 includes both certain nodes and
uncertain nodes. (c) Final segmentation result is produced by tree merging using the MST edges (blue edges).

labels are gradually expanded from virtual nodes to the entire
graph. The final segmentation produced by our algorithm is
illustrated in Fig. 3(c).
The detail of the proposed algorithm is presented
in Algorithm 1 using a disjoint set data structure with the
following functions defined as in [36].
1) MakeSet [36]: For creating a new set (tree) with only
one node.
2) Fi nd [36]: For finding the root of the tree which a node
belongs to. If a tree contains a virtual node, the root of
the tree is the virtual node.
3) U ni on [36]: For merging two sets.
Compared with the definition of U ni on in [36], our definition
has a small difference: when merging two sets, if one set has
a root node which is a virtual node v, the root of the merged
set becomes this virtual node v.
At the beginning, the algorithm sorts all edges in the graph
by nondecreasing weight order (line 1 in Algorithm 1). The
algorithm first considers each node of graph as an individual
tree (lines 2–4). Then, each edge on the graph is examined,
in the order of nondecreasing weight, to check if two different
trees connected by this edge should be merged. Two different
trees are merged if at least one of them does not contain
a virtual node (line 8). The algorithm results in several
disjunct trees. Each tree shall contain exactly one virtual node.
All nodes in each tree are labeled by the label of virtual node
belonging to that tree (lines 13–15). The major difference
between our algorithm and Kruskal is that two different sets
are not merged if both of them contain virtual nodes (line 8).
C. Proof of the Constraints for Refinement
In this section, we prove that the proposed algorithm satisfies two constraints that are necessary for good refinement
(label propagation).
1) Labels of boundary-certain pixels should not be changed
after the refinement.
2) All pixels in the uncertain region should be labeled by
labels of boundary certain pixels.
Proof of Constraint 1): Because the weight of edges connecting boundary-certain pixels and virtual nodes equal to −1,
these boundary-certain pixels are merged with the virtual node
(of the same label) first. Hence, at the end of the algorithm,
the boundary-certain pixels remain with the same labels.
Therefore, constraint 1) is satisfied.


Proof of Constraint 2): We prove satisfaction of
constraint 2) by contradiction. Suppose in the final refinement
result produced by the proposed algorithm, there is a set C
not labeled. In other words, C is not connected with any
virtual node. Let E(C) = {e|e = < u, v >, u ∈ C, v ∈
/ C}
be the surrounding edges of C. Because C is not connected
with any virtual node, it means during the merging process,
any e = < u, v >∈ E(C) is not used to merge two sets
containing two vertexes of e. Hence, by the merging conditions
(lines 7 and 8 of Algorithm 1), either u and v belong to
the same set or u and v are connected to virtual nodes.
In the first situation, C should contain v, so v ∈ C; in the
second situation, u ∈ C is already connected to some virtual
node, so C is labeled by this virtual node. By contradiction,
constraint 2) is satisfied.

D. Property of the Proposed Algorithm
A good property of our algorithm is that it produces
segments merged with small weight edges. Specifically, the
following property holds.
Property 1: Let tree T be the MST of graph G  = (V0 , E \
{(−1) − weight edges}). That is, G  is the graph formed
with only uncertain pixels and boundary certain pixels, with
each node connecting to its eight NNs. In addition to the
(−1)-weight edges, Algorithm 1 uses only edges in T for
merging.
Proof of property 1: Our algorithm first processes all edges
having (−1)-weight connecting V1 and certain nodes.
Let us consider the edge e = u, v connecting two sets,
u ∈ U and v ∈ V (accessed by line 6 of Algorithm 1) and
e is not a (−1)-weight edge. Then there are two cases for e
regarding T : e ∈ T or e ∈ T .
If e ∈ T , then whether or not e is used to merge U and V ,
it does not affect Property 1.
If e ∈ T , we prove that e is not used to merge U and V by
our algorithm.
There are two cases that can happen to U and V : U and V
are the same set, or U and V are two different sets.
1) If U and V are the same set, then e is not used to merge
U and V (by the condition in line 7 of Algorithm 1).
2) If U and V are two different sets, then because e ∈ T ,
by the property of T , there exists a path p = {u ∈
U, . . . , v ∈ V } ∈ T , which connects set U and V and
w(e p ) < w(e), ∀e p ∈ p, where e p is edge belonging
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p and w(.) returns the weight of an edge.1 Hence, all
edges e p belonging to p were accessed by our algorithm
before processing the current edge e. This implies that
all nodes in p already belong to sets that have virtual
nodes. That is, for node t, which is the endpoint of
some e p , Find(t) ∈ V1 . This is because of the following
reasons.
a) If none of the nodes in p belongs to sets with virtual nodes, then all nodes in p belong to the same
set. This can be seen in lines 6–11 of Algorithm 1
when e p was processed. This contradicts with the
condition that U and V are two different sets.
b) If there exists at least one node in p that belongs to
a set with a virtual node, then all nodes in p have
already merged with other nodes that belong to sets
with virtual nodes. This is due to lines 8 and 9
of Algorithm 1. Therefore, when e is processed,
all nodes in p belong to sets with virtual nodes.
Therefore, both U and V already have virtual nodes, and
they are not merged by e (by the condition in line 8 of
Algorithm 1).

Because small weight edges are merged with higher priority (Algorithm 1 processes edges in nondecreasing order),
segments produced by Algorithm 1 become results of merging
some small weight edges of T . This ensures the quality of the
refinement results.
V. E XPERIMENTAL R ESULTS
In this section, we evaluate our approach on two standard
well-known data sets. The first one is a single-object data
set [38], i.e., ground-truth images have only foreground and
background. This data set contains 100 images along with
ground-truth segmentations. The second one is a multipleobject data set BSDS500 [20]. BSDS500 contains 500 images
with varied number of objects. The ground truth for each
image contains several boundary maps drawn by different
people, forming a soft boundary map as the ground-truth
image [39].
We follow the discussion in Section III-B to determine the
uncertain regions. In particular, given a certain scale factor λ,
(5) and (6) are used to locate uncertain pixels around the
coarse segmentation region boundaries. A pixel is marked as
a segment boundary pixel if its label is different from any its
eight-connected neighbors’ labels.
To demonstrate the performance of our approach with different segmentation algorithms, we experiment: 1) MST-based
algorithm [15]; 2) Ncut algorithm [16]; 3) multiscale Ncut
algorithm [17]; and 4) gPb-owt-ucm algorithm [20]2 for the
segmentation on the downsampled images in our framework.
Here the MST-based algorithm, Ncut algorithm, and multiscale Ncut algorithm are region-based algorithms, while
gPb-owt-ucm is based on contour detection.3 We then apply
1 If w(e ) = w(e) for some e , then there is another MST T  of G  that
p
p
is formed by removing e p and adding e to T . Then e belongs to this T  ,
an MST of G  .
2 Source codes of these algorithms are given in [20] and [40]–[42].
3 We also refer gPb-owt-ucm algorithm as gPb-ucm for simplicity.

our label propagation based refinement on the coarse segmentation results. Our framework is compared by applying
these algorithms directly to the original resolution images.
Comparisons are made in terms of segmentation accuracy,
computation time, and memory usage. The experiments are
performed on a computer with an Intel i5-3337U 1.8-GHz
CPU with 8-GB RAM. We use MATLAB to downsample and
upsample the images. The segmentation algorithms for downsampled images and our refinement method are implemented
in C and run in MATLAB using MEX file. Time is measured
using MATLAB command. Memory usage is measured using
Valgrind [37], a widely used profiling tool that can report
memory usage.
A. Results on Single-Object Data Set
1) Accuracy, Time, Memory Performance on Single-Object
Data Set: With this data set, we measure the accuracy using
Fscore [43]. The results are computed as the average of the
whole data set.
In the implementation given by Felzenszwalb and
Huttenlocher [15], the MST-based algorithm has three
parameters. It is not easy to find the optimal parameters for
every scale factor. In the experiment on the single-object data
set, we find the best parameters for the original resolution
and the smallest scale (1/15). Then, a linear interpolation is
used to determine parameters for other scale factors.
Ncut [16] and multiscale Ncut [17] algorithms have only
one parameter to adjust: the number of partitions in an image.
For the Ncut algorithm, to make a fair comparison, we use
five partitions, which give the best performance in the original
image. This parameter is also used for the downsampled
image. For multiscale Ncut, we also find that five partitions
give the best performance in the original image. We keep this
parameter for the downsampled image.
There is no parameter to adjust for gPb-ucm [20]. However,
as the output of gPb-ucm is a soft boundary map, we need to
determine a threshold to obtain the final segmentation result.
Here we test different threshold value t ∈ [0.01, 0.8] and we
find that t = 0.2 gives the best result on original image.
We use this value for the downsampled image.
Fig. 4(a)–(c) shows the accuracy, computation time, and
memory usage when MST [15] is used to segment the downsampled image. Here “original MST” means that we apply
MST algorithm on the original image and “our method” means
that we first apply MST algorithm on the downsampled image;
then we apply our boundary refinement on the downsampled
segmentation result. A similar definition goes for the other segmentation algorithms: 1) Ncut and 2) multiscale Ncut. Sometimes, the downsampled segmentation error is smaller than that
error in the original image. The reason is that when images
are downsampled, a low-pass filter is applied and the image
noise may be reduced. Thus, the segmentation may provide
more accurate boundary information. When λ2 ∈ [0.0625, 0.3]
(it means that the scale factor λ ∈ [0.25, 0.55]), our method is
comparable to MST in terms of accuracy while computation
time and memory requirements are significantly reduced. The
results show that even for a very efficient algorithm like MST,
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Fig. 4. Accuracy, time, and memory usage on the single-object data set.
In each row, we compare the accuracy based on the F-score, computation
time, and memory. We compare the accuracy between the methods: 1) when
a particular segmentation method is applied to the original image and
2) when the same segmentation method is applied to the downsampled
image and then our proposed label propagation is applied to refine the
uncertain regions. (a)–(c) We use MST to segment the downsampled image.
(d)–(f) We use Ncut. (g)–(i) We use multiscale Ncut. (j)–(l) We use gPb-ucm.
After segmentation on downsampled image, our boundary refinement algorithm is applied. Results are the average results of all the images in the
database. The x-axis represents the square of scale factor, i.e., the proportion
of pixels in the downsampled image to that of the original image. Memory
usage is reported using Valgrind [37] whenever it is feasible. However, for
the memory comparison in (c) (original MST versus MST in our framework),
memory usage is too small to be reported accurately by Valgrind. Thus, we
analyze the program code to estimate the memory usage for this comparison.

time, and memory can be still saved using our proposed
framework.
The results (accuracy, time, and memory) of our method
and Ncut are shown in Fig. 4(d)–(f). Our method can achieve
similar accuracy as performing Ncut on the original image
with very limited processing time and memory. At some certain scaling factors, for example, when λ2 = 0.16, our method
improves the accuracy by about 2% while requiring only 2.5 s
and 85 Mb compared with 25.6 s and 600 Mb of Ncut.
The results (accuracy, time, and memory) of our method
and multiscale Ncut are shown in Fig. 4(g)–(i). Compared
with Ncut, multiscale Ncut has much lower computation
time and memory usage. However, our method can further
decrease these time and memory requirements. At some
certain scaling factors, for example, when λ2 = 0.04, our
method improves the accuracy by about 2% while requiring
only 0.16 s and 5 Mb compared with 5 s and 120 Mb of
multiscale Ncut.
Results of our method and gPb-ucm are shown
in Fig. 4(j)–(l). When λ2 = 0.16, our method achieves
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Fig. 5. Segmentation results for some example images from the single-object
data set. (a) and (b) We use MST algorithm. (c) and (d) We use Ncut
algorithm. (e) and (f) We use multiscale Ncut algorithm. (g) and (h) We
use gPb-ucm algorithm. First column: the segmentation is applied on the
original image. Second column: first, the segmentation is applied on the downsampled image. Then, our method is used for refinement. Third column: the
detailed comparison of the two segments. Red line: the results of the original
segmentation methods. Blue line: the results using our boundary refinement
method.

similar accuracy with gPb-ucm, while requiring only 10 s
and 700 Mb compared with 48 s and 4300 Mb of gPb-ucm.
2) Segmentation Results for Sample Images: Fig. 5 shows
the results of two sample images from the database for
subjective comparison. When MST is used, the boundaries
produced by MST on original image and our method are
smooth and almost the same. Fig. 5(c) shows that our method
gets almost the same result as Ncut. An interesting result can
be found in Fig. 5(d). Using Ncut on the original image did not
produce a good result (it missed the boundary on the bottomright part of the object). On the other hand, our method can
correct this error. This is consistent with results in Fig. 4,
where our method gives a better Fscore at some scale factors.
In Fig. 5(e)–(h), we can see that boundaries around the object
produced by multiscale Ncut and gPb-ucm with our method
are smooth and almost the same.
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TABLE I
R EGION B ENCHMARKS ON THE BSDS [20] W ITH R ESIZE FACTOR λ = (1/12). F OR E ACH S EGMENTATION M ETHOD , THE L EFT T HREE C OLUMNS
S HOW THE S CORE OF S EGMENTATION C OVERING OF THE G ROUND -T RUTH S EGMENTS A CCORDING TO THE ODS, THE OIS, OR THE B EST
C OVERING C RITERIA . T HE R IGHT F OUR C OLUMNS C OMPARE THE S EGMENTATION M ETHODS W ITH G ROUND -T RUTH U SING THE PRI
AND VI B ENCHMARKS . D ETAILS OF THE E XPERIMENTAL S ETTINGS A RE D ISCUSSED IN S ECTION V-B. F OR E ACH S EGMENTATION
A LGORITHM (MST, Ncut, M ULTISCALE Ncut, gPb-owt-ucm), W E C OMPARE T HREE D IFFERENT A PPROACHES : S EGMENTA TION ON THE O RIGINAL R ESOLUTION I MAGE , S EGMENTATION ON THE D OWNSAMPLED I MAGE W ITH O UR L ABEL
P ROPAGATION M ETHOD , AND S EGMENTATION ON THE D OWNSAMPLED I MAGE W ITH NN I NTERPOLATION
OF L ABELS . N OTE T HAT U SING R ESIZE FACTOR (1/12), THE I MAGES IN BSDS A RE V ERY S MALL A FTER
R ESIZING AND THE gPb-owt-ucm P ROGRAM C ANNOT H ANDLE . T HEREFORE , W E C OULD N OT R EPORT
R ESULTS FOR gPb-owt-ucm+ OUR M ETHOD AND gPb-owt-ucm+NN AT T HIS R ESIZE FACTOR

B. Results of BSDS500 Data Set
BSDS500 [20] contains 500 images with a varied number
of objects of different size, shape, texture, color. We followed
the setup in [20] and [39] and compared different approaches
using both the region benchmarks [covering, Probabilistic
Rand Index (PRI), and variation of information (VI)] and
boundary benchmarks (F-measure score). We computed the
score according to optimal data set scale (ODS) and optimal
image scale (OIS). The region-based metrics introduced in
BSDS500 [20] include segmentation covering (Covering),
PRI, and VI. The Covering metric represents an evaluation of
the pixel-wise classification task in recognition. PRI compares
the compatibility of assignments between pairs of elements in
the clusters. VI measures the distance between the machine
segmentation and the ground-truth segmentation in terms of
their average conditional entropy.
For experiments on BSDS [20], to make the evaluation
results consistent with [20], we use different parameter settings
to get a series of segmentations for each image. We report
three different criteria for the Covering metric (ODS, OIS,
and Best), and two different criteria for PRI and VI metric
(ODS and OIS). ODS [20] means that we use the same
parameter setting for all images in the data set to get the
optimal segmentation result. OIS [20] means that we use
optimal parameter setting for each image in the data set to
get the optimal segmentation result. Best [20] means that
we find the image with the best segmentation result in the
data set and report the result of this single image. For the
Covering and PRI metrics, a higher ODS (OIS or Best) value
indicates a better segmentation result, while for the VI metric,
a lower ODS (or OIS) value indicates a better segmentation
result.
For the MST-based algorithm, we use 21 combinations of
three parameters to get a collection of segmentations. For Ncut

TABLE II
R EGION B ENCHMARKS ON THE BSDS [20]
W ITH R ESIZE FACTOR λ = (1/8)

and multiscale Ncut, we use 39 different partition numbers
to get a series of segmentations. For gPb-ucm, we follow
the settings in [20] and for each metric, we report score
with the optimal scale for the entire data set (shown as ODS
in Tables I–IV) and score with the optimal scale for every
image (shown as OIS in Tables I–IV).
1) Accuracy, Time, Memory Performance on BSDS500 Data
Set: Fig. 6(a)–(c) shows Covering according to the ODS,
computation time, and memory performance using MST [15]
to segment the downsampled image. Similar to the results in
Fig. 4 for the single-object data set, when λ2 ∈ [0.015, 0.3]
(i.e., the scale factor λ ∈ [0.125, 0.55]), our method achieves
comparable accuracy to MST with much less time and memory
usage.
The results of Covering (ODS), time, and memory of our
method and Ncut are shown in Fig. 6(d)–(f). At some scale factors, e.g., when λ2 = 0.0625, our method improves the Covering score by about 2% while requiring only 1.1 s and 45 Mb
compared with 37.1 s and 780 Mb of Ncut.
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TABLE III
R EGION B ENCHMARKS ON THE BSDS [20]
W ITH R ESIZE FACTOR λ = (1/4)

TABLE IV
R EGION B ENCHMARKS ON THE BSDS [20]
W ITH R ESIZE FACTOR λ = (1/2)

The results (Covering—ODS, time, and memory) of our
method and multiscale Ncut are shown in Fig. 6(g)–(i).
At certain scale factors, e.g., when λ2 = 0.16, our method
improves the Covering score by about 1% requiring only 1.2 s
and 28 Mb compared with 10.3 s and 185 Mb of multiscale
Ncut.
Results of our method and gPb-ucm are shown
in Fig. 6(j)–(l). When λ2 = 0.16, our method achieves
accuracy similar to gPb-ucm, requiring only 14 s and 850 Mb
compared with 74 s and 6400 Mb of gPb-ucm.
2) Region Benchmarks of BSDS500 Data Set: Tables I–IV
show the region benchmarks of BSDS500 for a range of resize
factors. In Tables I–IV, we use three region-based metrics
as discussed: Covering, PRI, and VI. For each segmentation
algorithm, we compare the results for three different schemes:
segmentation on original resolution image, segmentation on
the downsampled image with NN interpolation of label,
and segmentation on downsampled image with our boundary
refinement method. From Tables I–IV, we can see that for
the Covering metric, when we choose the resize factors that
are large enough (λ ≥ (1/8)), our method can achieve a
comparable accuracy with the three algorithms (MST, Ncut,
and multiscale Ncut). Similarly, for the PRI and VI metrics,
when we choose the resize factors that are large enough
(λ ≥ (1/4)), our method can achieve comparable results with
the three algorithms. For gPb-ucm algorithm, when the resize
factor λ ≥ (1/2), our method can achieve comparable result

Fig. 6.
Accuracy, computation time, and memory requirement on the
BSDS500 data set [20]. The BSDS500 data set includes images with a varied
number of objects. In each row, we compare the accuracy based on the regionbased metrics (covering [20]), computation time, and memory. We compare
the accuracy between the methods: 1) when a particular segmentation method
is applied to the original image and 2) when the same segmentation method is
applied to the downsampled image and then our proposed label propagation
is applied to refine the uncertain regions. (a)–(c) We use MST to segment
the downsampled image. (d)–(f) We use Ncut to segment the downsampled
image. (g)–(i) We use multiscale Ncut to segment the downsampled image.
(j)–(l) We use gPb-ucm [20]. Following [20] and [44], we use the ODS of
the segmentation covering metric to measure the accuracy of the segmentation
results. Results are computed by averaging all the images in the data set.
The x-axis represents the square of the scale factor, i.e., the ratio of the
number of pixels in the downsampled image to that of the original image.
As shown in these figures, our proposed approach can achieve competitive
accuracy with much less computation time and memory. Note that we
have experimented four segmentation algorithms with diverse computation
time and memory requirement, e.g., MST requires about 0.16 MB, while
gPb-ucm requires more than 6000 MB. Nevertheless, our framework demonstrates benefits in all these cases.

with gPb-ucm. Note that our method achieves a better accuracy
than NN interpolation of labels.
3) Boundary Benchmarks of BSDS500 Data Set: Table V
shows the boundary benchmarks for the resize factor
λ = (1/8), λ = (1/4), or λ = (1/2). We use the scheme
described in [45] as the boundary benchmark. In all cases, our
label propagation based refinement outperforms NN interpolation of label data. This boundary benchmark comparison is
important as both approaches (our label propagation and NN
interpolation) attempt to refine the boundary from the results
of segmentation on the downsampled images. The results
suggest that significant improvements can be achieved using
our label propagation. In addition, the results show that for
MST, Ncut, and multiscale Ncut algorithm, our refinement
method can achieve comparable boundary accuracy with
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TABLE V
B OUNDARY B ENCHMARK ON THE BSDS 500 D ATA S ET [20]. F-M EASURE
S CORE IS S HOWN A CCORDING TO THE ODS AND THE OIS

segmentation on the original resolution image. For gPb-ucm
algorithm, our label propagation performs significantly better
than NN interpolation of label data. However, the accuracy
is not as good as using gPb-ucm on the original resolution
image. The reason is that as a hierarchical segmentation
method, gPb-ucm generates image boundary depending on
the image resolution. As the image resolution increases, the
image contains more details in general and gPb-ucm generates
a more detailed image boundary (also more image segments).
On the other hand, our method cannot produce new boundary;
it only refines boundary from the segmentation on the lowresolution downsampled image. Thus, our method cannot
recover all the boundaries as applying gPb-ucm on the original
resolution. Nevertheless, the gap is small when λ = (1/2),
while computation time and memory requirement can be
significantly reduced. For other segmentation methods (MST,
Ncut, and multiscale Ncut), our approach can achieve a
comparable result as segmentation on the original resolution
image. In these methods, the number of segments in an image
does not necessarily depend on the image size.
4) Segmentation Results for Sample Images: Fig. 7 shows
some example images and their segmentation result using
gPb-ucm and our refinement method. From these images,
we can observe that when applying gPb-ucm segmentation
on the downsampled image, the segmentation boundary is not
precise. After our refinement, the boundary can be significantly
improved.
5) Effect of Noise: Fig. 8 shows the boundary benchmarks
under different types and amounts of noise. From these
results, we can observe that all methods have suffered
from accuracy degradation under image noise. The accuracy
degrades rapidly when image SNR is below 10 dB. Gaussian
noise has slightly more severe impact than Salt and pepper
noise under the same SNR.
Fig. 9 shows the segmentation results for some example
images under different types of noise: 1) Gaussian noise and
2) the Salt and Pepper noise. From these results, we can
see that the segmentation boundary is slightly affected when
SNR = 15 dB. When SNR = 10 or 5 dB, the segmentation
boundary is heavily affected by the noise.
6) Percentage of Pixels in the Uncertain Regions: Fig. 10
shows the percentage of pixels in the uncertain areas. This
percentage indicates the portion of pixels that need to be

Fig. 7. Segmentation results for some example images from the BSDS500
data set. Four example images are shown in different rows. For these
example images, we use the gPb-ucm algorithm as the segmentation method.
First column: the original images are shown. Second column: the gPb-ucm
segmentation is first applied to the down-sampled image. Then, an NN
interpolation is used to obtain the segment labels. Third column: we show
the enlarged details of the NN interpolation-based segmentation result. Fourth
column: the segmentation is first applied to the downsampled image. Then,
our proposed refinement algorithm is used to obtain the segment labels. Last
column: the enlarged details of using our method. As shown in these examples,
our method can achieve a more precise boundary than with the proposed label
propagation.

refined in our framework. From Fig. 10(a) and (b) (calculated
from the single-object data set and BSDS500, respectively), we
can observe that as the resize factor increases, the percentage
decreases, indicating that fewer number of pixels in the image
need to be refined. For the MST algorithm, the percentage is
higher than Ncut, multiscale Ncut, and gPb-ucm algorithm.
For the gPb-ucm algorithm, the percentage is higher than the
Ncut and multiscale Ncut algorithms.
From the experiments on the single-object database [38] and
BSDS500 [20], we can observe the advantage of applying our
framework. When using our method to refine the downsampled
segmentation results, with some reasonable resize factors
(λ2 ranged from 0.015 to 0.3), our method can achieve the
accuracy of segmentation on the original resolution. The
percentage of pixels to be refined remains small for these λ.
Therefore, computation time and memory can be significantly
reduced.
Based on the experimental results on different algorithms
(MST, Ncut, multiscale Ncut, and gPb-ucm), we observe
that the gPb-ucm algorithm gives the best accuracy on the
BSDS500 data set, while the computation time and memory
usage is high. By applying our framework, we can achieve
similar results as gPb-ucm, while computation time and
memory usage can be significantly reduced. When applying
our framework to the MST algorithm, we can achieve good
accuracy on both the single-object database and BSDS500,
with minimal consumption of computation time and memory.
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Fig. 10. Percentage of pixels in the uncertain regions. Percentage of pixels
on (a) single-object data set and (b) multiple-object BSDS500 data set.
In these experiments, the segmentation is performed under ODS.
TABLE VI
M EMORY U SAGE AND THE C OMPUTATION T IME W HEN gPb-ucm
I S A PPLIED ON O RIGINAL I MAGE (λ = 1) IN BSDS500 AND
W HEN IT I S U SED AS C OARSE S EGMENTATION M ETHOD
IN O UR F RAMEWORK AT S CALE FACTOR λ = 0.5, 0.25

Fig. 8. Boundary benchmarks on the BSDS500 data set [20], using our
proposed framework for images under different types and different levels
of noise. First column: Gaussian noise image. Second column: Salt and
pepper noise image. The “original” line shows the Fscore with segmentation
method + our framework on original images. Other lines show the Fscores
on noise-corrupted images with different SNRs.

Fig. 9. Segmentation results for some example images from the BSDS500
(multiple objects) data set under different types and amounts of noise. We use
the same example images as in Fig. 7. For these example images, we use the
gPb-ucm method in our proposed framework.

C. Practical Applications in Mobile and Wearable Devices
We evaluated the advantages of the proposed framework
in practical applications. The configurations of some modern

mobile/wearable devices and their estimated available memory
for application developers are as follows.
1) Google Glass: CPU: 1 GHz dual-core; total RAM: 2 GB,
650–700 MB available for developers and the rest for
system code.
2) iPhone6s: CPU: 1.85 GHz dual-core; total RAM: 2 GB,
600–800 MB available for developers.
3) Samsung Galaxy S7: CPU: 2.6 GHz quad-core +
1.5 GHz quad-core; total RAM: 4 GB, 750–1500 MB
available for developers.
We discuss the advantages of the proposed framework in
practical applications. First, we found that the framework
can reduce the memory usage and enable all the tested
segmentation methods to run on these devices when processing
the images in BSDS500 (with resolution of 150k pixels).
In particular, when Ncut are used as coarse segmentation,
our framework can still run while preserving good accuracy.
This is because our framework can obtain good results for
scale factor λ ∈ [0.25, 0.5], when the required memory is
less than 300 MB. From Table VI, we can see that when
gPb-ucm is used as coarse segmentation, we can use λ = 0.25.
At this scale factor, our method achieves good result and the
required memory is 250 MB. The computation time is also
reduced from 73.8 to 6.4 s. Thus, our framework enables
gPb-ucm to run on some modern mobile/wearable devices
while maintaining good accuracy.
Second, some modern device such as Google Glass has a
good resolution camera, e.g., 5 million pixels camera. We have
examined the memory/computation time of these segmentation
methods, in particular MST, when processing high resolution
images. Specifically, we tested multiscale Ncut and MST on
an image having a size of 2528 × 1856 pixels. The results
are shown in Table VII. When we test the 5-Mpixels image
with the multiscale Ncut method, the memory requirement
exceeded 8-GB RAM and our computer crashed. When we
use our framework with a scale factor λ = 0.25, the memory
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TABLE VII
M EMORY U SAGE AND THE C OMPUTATION T IME W HEN O UR M ETHOD
I S A PPLIED ON A 5-M PIXELS I MAGE TAKEN F ROM G OOGLE
G LASS . W E A PPLY S CALE FACTOR λ = 1, 0.5, 0.25 FOR
THE M ULTISCALE Ncut AND MST M ETHODS , AND
λ = 0.5, 0.25 FOR O UR M ETHOD . W HEN λ = 1,
W E C ANNOT RUN M ULTISCALE Ncut
B ECAUSE OF AN OUT OF MEMORY
I SSUE , SO THE R ESULT I S
N OT S HOWN H ERE

usage is around 540-MB RAM, which is less than 700-MB
RAM available for developers of Google Glass. However, the
computation time is around 30 s. For some interactive mobile
applications, this may be too slow.
When we test the 5-Mpixels image with MST method under
a scale factor of λ = 1, the memory usage is 20 MB. However,
the time usage is 9.7 s (on our computer using efficient C
code provided by Felzenszwalb and Huttenlocher [40]). Thus,
even using MST, it may not be fast enough to process high
resolution images for some interactive mobile applications. On
the other hand, when we use our proposed framework with
scale factor λ = 0.25, the computation time is reduced to 0.8 s.
This could be more suitable for interactive mobile applications.
To summarize, while MST method is already efficient in
terms of time and memory usage, our proposed framework
can still be useful in these situations.
1) When
we
process
high-resolution
images
(e.g., 5 Mpixels) taken by Google Glass, the computation
time of the MST method reaches 9.7 s. Using our
method with a scale factor λ = 0.25, the computation
time of MST is much reduced, i.e., 0.8 s, and the
accuracy is similar (see Table V). Therefore, our
framework enables interactive segmentation of highresolution images on some mobile/wearable devices.
2) In some applications that need to achieve a better
accuracy than MST method, we can apply our method
on gPb-ucm to get higher accuracy than the MST
method (Tables IV and V). The computation time and
memory usage is less than the original gPb-ucm method.
An appropriate scaling factor can be decided heuristically.
Based on the results in Figs. 4 and 6, for most values of λ,
the computation time and memory usage of our framework
is roughly proportional to λ2 (i.e., the number of pixels in
the coarse segmentation). This is true for the segmentation
methods we have tested.
VI. C ONCLUSION
We propose a framework to address the computationand memory-efficient segmentation problem. From a signal
processing based analysis to understand the effect of
downsampling on segment boundaries, we propose a mechanism to determine uncertain regions in the segmentation results
of downsampled image. We propose an MST-based algorithm

to propagate labels into these uncertain regions. The proofs
of correctness and the property of the proposed algorithm
are also provided. The effectiveness of the framework is
evaluated on both a single-object data set and the BSDS500
(multiple objects) data set. Our extensive experimental results
show that our framework reduces the computation time and
memory usage significantly, while the accuracy is comparable
to some state-of-the-art segmentation algorithms.
Note that our analysis is based on 1D edge signals and it
considers smooth/abrupt boundaries of both types (ramp, roof).
The work provides some guidelines to work with 2D images.
Our experimental results show that applying the 1D analysis
result to 2D images is in general satisfactory. The extension
of the analysis to 2D is complicated for different types of
2D boundaries, e.g., zigzag, smooth boundaries. The 2D analysis extension will be addressed as future work. In addition,
based on the proposed quadratic relationship between the scaling factor and computation time/memory, it is possible to find
the optimal scaling factor for the given certain time and memory limitations. We will investigate this as our future work.
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