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Background: Superpixel segmentation is a powerful preprocessing tool to reduce the complexity of image processing.
Traditionally, size uniformity is one of the significant features of superpixels. However, in medical images, in which
subjects  scale  varies  greatly  and  background  areas  are  often  flat,  size  uniformity  rarely  conforms  to  the  varying
content.  To  obtain  the  fewest  superpixels  with  retaining  important  details,  the  size  of  superpixel  should  be  chosen
carefully.
Methods: We propose a scale-adaptive superpixel algorithm relaxing the size-uniformity criterion for medical images,
especially pathological images. A new path-based distance measure and superpixel region growing schema allow our
algorithm to generate superpixels with different scales according to the complexity of image content, that is smaller
(larger) superpixels in color-riching areas (flat areas).
Results: The proposed superpixel algorithm can generate superpixels with boundary adherence, insensitive to noise,
and with extremely big sizes and extremely small sizes on one image. The number of superpixels is much smaller than
size-uniformly superpixel algorithms while retaining more details of images.
Conclusion:  With the proposed algorithm, the choice of  superpixel  size  is  automatic,  which frees  the user from the
predicament of setting suitable superpixel size for a given application. The results on the nuclear dataset show that
the  proposed  superpixel  algorithm  superior  to  the  respective  state-of-the-art  algorithms  on  both  quantitative  and
quantitative comparisons.
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Author summary: Most  superpixel  algorithms  help  reduce  the  complexity  of  image  processing  by  generating
superpixels  with  uniform  size  and  boundary  adherence.  For  freeing  the  users  from  the  predicament  of  setting  suitable
superpixel size for a given application, and taking account of the multi-scale of different tissues in medical images, we
propose a  scale-adaptive superpixel  algorithm for  medical  images,  generating superpixels  with multi-scale according to
the complexity of image content. As demonstrated by the experimental results, our method is superior to other superpixel
methods for medical images segmentation.

 
 INTRODUCTION

Superpixel  segmentation,  a  kind  of  image  over-
segmentation  technique,  is  a  powerful  preprocessing
tool  to  reduce  the  complexity  of  image  processing.
Superpixel  algorithms  aggregate  pixels  with  similar
properties to form more representative areas so that  the
number of image processing primitives are reduced from

millions  of  pixels  to  a  few  thousands  of  superpixels.
Most  of  these  small  areas  retain  effective  information
for  further  image  processing,  generally  the  boundary
information of the objects in image. Since first proposed
by Ren and Malik [1], superpixel segmentation has been
widely  used  in  medical  image  processing,  e.g.,  tumor
segmentation  from  multimodal  MRI  [2],  superpixel-
guided  label  softening  [3],  vessel  segmentation  and
catheter  detection  in  X-ray  angiograms  [4],
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segmentation  of  breast  ultrasound  image  [5],
segmentation  of  large  3D  medical  datasets  [6–8],  and
more others like [9, 10]. In order to facilitate processing
of  downstream  tasks,  superpixels  often  have  the
following  properties  [11,  12]:  boundary  adherence,
uniform  size,  compactness  and  computational
efficiency.
Depending on different usage, there are many kinds of

medical  images,  computerized  tomography  (CT)
images,  magnetic  resonance  (MR)  images,  ultrasound
(US) images, Digital pathology (DP) images [13] and so
on.  Medical  images  produced  by  particular  imaging
techniques,  are  very  different  from natural  images.  For
instance,  on  CT  or  MR  images,  different  tissues  and
organs  have  big  differences  in  size  and  gray  level  in
foreground area, by contrast, background areas are large
and flat. The sizes of superpixels obtained by traditional
superpixel method are basically similar, which does not
take account of the multi-scale characteristics of medical
images.
Traditional  superpixel  techniques  can  be  divided  into

two  categories:  graph-based  algorithm  and  non-graph-
based  algorithms.  Graph-based  methods  model  the
foreground  and  background  segmentation  problem  as
the minimum cut problem of the graph. Normalized cuts
algorithm  (NCUTS)  [14]  is  one  of  the  earliest  graph-
based  methods.  Liu  et  al.  [12]  presented  entropy  rate
superpixel  (ERS)  algorithm that  connects  subgraphs  by
maximizing  the  entropy  rate  of  a  random  walk.
Felzenszwalb  and  Huttenlocher  [15]  proposed  a  mini-
mum spanning tree based segmentation algorithm (FH),
which do not create uniform-size superpixels.
Most  non-graph-based  algorithms  are  gradient  ascent

methods, which focus on minimizing an energy function
defined by a suitable distance measure. One of the most
prominent  superpixel  algorithms  is  the  Simple  Linear
Iterative
Clustering  algorithm  (SLIC)  [16],  a  k-means  clus-

tering  based  algorithm.  Simple  non-iterative  clustering
(SNIC) [11] use a priority queue to generate superpixels
in  a  non-iterative  way.  The  turboPixels  algorithm
(TURBO)  [17]  uses  the  level  set  to  compute  the
evolution  of  superpixels.  Zhou  et  al.  [18]  defined
bilateral  geodesic  distance  (Bi-Geodesic)  to  generate
superpixels  with  region  compactness  and  region
boundary  regularity.  SEEDS  [19],  a  non-graph-based
algorithm,  iteratively  evolves  an  initial  rectangular
approximation  of  superpixels  using  coarse  to  fine  pixel
exchanges with neighboring superpixels. The watershed
algorithm  (WSHED)  [20]  accumulates  similar  pixels
starting  from  local  minima  to  find  lines  that  separate
segments.  The  mean  shift  algorithm  (MSHIFT)  [21]
iteratively  locates  local  maxima  of  a  density  function
and pixels that lead to the same local maximum belong

to the same segment.
In  recent  years,  deep  network  based  superpixel

algorithms  appear.  Superpixel  sampling  network  (SSN)
[22] develops a new differentiable model for superpixel
segmentation  that  leverages  deep  networks  to  learn
features  for  superpixel  clustering  via  an  end-to-end
training  framework.  Yang  et  al.  [23]  present  a  novel
method  that  employs  a  simple  fully  convolutional
network to  predict  superpixels  on a  regular  image grid,
superpixel  segmentation  with  fully  convolutional
networks  (SSFCN).  Both  SSN  and  SSFCN  generate
superpixels  with  boundary  adherence  and  uniform-size.
More reviews of superpixel methods can refer to [24, 11].
SLIC,  SNIC,  TURBO,  ERS  and  SEEDS  allow  the

user control over the number of output superpixels. This
property lets the user choose the size of the superpixels
based  on  the  needs.  Most  uniform-size  superpixel
algorithms  are  initialized  with  the  grid-based  seeding.
This  spatial  constrain  encourages  uniform  superpixel
size  but  ignores  the  underlying  image  complexity  or
scale [25]. In other words, a major drawback of uniform
size  property  is  that  it  cannot  perceive  small  scale
targets  that  smaller  than  uniform  superpixel  size  when
the  number  of  superpixels  is  small.  When  uniform
superpixel  size  is  small  enough,  the  number  of
superpixels  is  increased  heavily  by  dividing  the  large
scale and homogeneous target into many superpixels. It
can increase the complexity of image processing, as well
can not counter the noise inside the large scale target.
There  are  several  methods  considering  generating

superpixels  with  controllable  size,  MSHIFT,  FH,
[25–28].  Achanta  et  al.  [25]  proposed  a  scale  adaptive
superpixel  based  on  the  local  texture  and  scale  of  an
image  (Adaptel).  Uziel et  al.  [26]  proposed  self-coined
Bayesian  adaptive  superpixel  segmentation  (BASS),
together  with  an  efficient  inference  for  adaptive
superpixels.  Refs.  [25,26]  are  designed  for  natural
images,  without  considering  the  characteristics  of
medical  images.  In  [27],  Bauchet  and  Lafarge  can
generate  polygons  with  different  sizes,  but  the  size  of
the  superpixels  are  not  controllable.  In  [28],  Ma  et  al.
can generate convex polygons with controllable size by
using  features  such  as  image  boundary.  But  the
superpixels generated by Refs. [27,28] are all polygons,
which are not suitable for complex medical images.
Inspired  by  [25],  we  propose  a  new  scale  adaptive

superpixel  algorithm  relaxing  the  size-uniformity
criterion  for  medical  images  that  over  comes  the
abovementioned  limitation.  In  [25],  superpixels  are
grown  sequentially  to  occupy  an  area  and  position
constrained  by  an  energy  threshold Th.  A  superpixel  is
grown  from  a  seed,  and  the  neighbors  of  superpixel
boundary  pixels  with  smallest  color  difference  to
superpixel  average  color  are  added  to  superpixel,  until
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the  color  difference  sum  with  all  pixels  in  superpixel
reaching  threshold  Th.  In  our  method,  superpixels  are
also  generated  sequentially.  A  superpixel  area  grows
from a seed pixel making use of breadth-first search and
a  new  greedily  shortest  path  strategy.  There  is  a  path
distance  threshold  that  constrains  the  growth  of
superpixel.
Our contributions are as follows:
•  Our  algorithm  can  generate  superpixels  with

different  scales  according  to  the  richness  of  medical
image  content,  that  is  smaller  (larger)  superpixels  in
color-riching areas (flat areas) (Fig. 1);
•  A  new  path-based  distance  measure  is  proposed,

making use of breadth-first search and greedily shortest
path strategy;
•  We employ a  priority  queue  as  distance  comparing

for  computational  efficiency,  approaching  real-time
performance;  Superpixels  are  generated  sequentially,
thus only one target superpixel in local areas in memory
at  one  time,  which  requires  less  memory  for  large-size
images.
Extensive experiments demonstrate that our algorithm

performs  outstandingly  against  the  state-of-the-art
methods in both quantitative validation as well as visual
validation on medical images.

 RESULTS

Our algorithm is  implemented  with  Matlab.  In  order  to
demonstrate  the  advantages  of  the  proposed  superpixel
segmentation method on medical images, we conducted
experiments  on  pathological  images  [29,  30]  and  CT
images  [31],  respectively.  We  have  made  qualitative
comparison on datasets [29–31], qualitative comparison
and quantitative comparison on dataset [29]. The dataset
[29]  consists  of  annotated  H&E  stained  histology
images  captured  at  40×  magnification.  The  Ref.  [29]

contains  30  images  1000×1000  from  seven  different
organs, with a total of 21,623 nuclei labeled. The dataset
[30] is the pathological image data of cervical cells. The
dataset  [31]  contains  MRI  images  of  the  brains  of  95
infants  aged  0  to  1  years  and  is  often  used  in  medical
image  segmentation  studies.  In  this  section,  we  mainly
compare  the  classical  superpixel  segmentation
algorithms:  NCut  [14],  TurboPixel  [17],  Bi-Geodesic
[18],  VCell  [32],  SEEDS  [19],  SLIC  [16],  BASS[26]
and  Adaptel  [25].  We  give  the  qualitative  and
quantitative comparisons of the experimental results.  In
the  quantitative  comparisons,  the  evaluation  criteria
commonly  used  in  superpixel  segmentation  algorithms
are used to evaluate the accuracy of various methods on
medical  image  segmentation.  In  the  qualitative
comparisons,  we  present  the  results  of  our  method  and
make a visual comparison with other methods.

 Qualitative evaluations

In  this  part,  we  firstly  give  the  visual  comparison  with
other  methods,  and  then  give  the  superpixel  results
generated by our method under different thresholds.

 Visual comparisons of our method against other
methods

Figures 2 and 3 show visual comparisons of our method
with  other  methods  on  pathological  images  in  Refs.
[29,30]. Multi-scale features are also evident in the cell
image,  for  example,  the  area  of  the  nuclear  region  is
much  smaller  than  the  area  of  the  cytoplasm.  For  this
kind  of  image,  the  traditional  methods  often  pay  too
much attention to the similarity of size and the regularity
of shape, but ignore the scale diversity of various tissues
in  the  pathological  images.  It  can  be  seen  from  the

 

 

Figure 1.    The predicament of choosing the right superpixel size. (A) and (C) have the same number of superpixels, and
that  of  (B)  is  ten  times  of  (A)  and  (C).  For  uniform-size  superpixel  segmentation,  (B)  retains  detail  but  obtains  too  many
superpixel,  (A)  lose  structures  smaller  than  the  superpixel  size,  such  as  nuclear.  With  our  scale-adaptive  superpixels
segmentation (C), the choice of size is automatic, and the number of superpixels is small while retaining detail of image.
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results  of  visual  comparison  that  our  method  can  use  a
relatively  large  superpixel  to  segment  the  background
region or the cytoplasmic region with a large area, and a
relatively  small  superpixel  to  segment  the  nuclear
region.  We  also  deliberately  compare  our  method  with
other scale adaptive superpixel methods BASS [26] and
Adaptel [25]. We respectively compare the results when
the  number  of  superpixels  is  500,  1100,  and  1500.  As

shown in Fig.4,  our  results  are  significantly  better  than
those of other methods.
In order to verify the effectiveness of our method, we

also performed a visual comparison on CT images with
other  methods.  Figure 5  shows  a  visual  comparison  of
the  results  of  our  method  and  other  methods  on  CT
images. It can be seen from the Ground Truth that there
is  a  large  difference  in  the  scale  of  each  tissue.  For

 

 

Figure 2.    Visual comparison on histology images.
 

 

 

Figure 3.    Visual comparison on cervical cell images.
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example,  the  blue  label  has  a  large  area,  while  the  red
label has a small and scattered area. The comparison of
visual  results  shows  that  our  method  has  advantages  in
processing  this  kind  of  CT  data.  From  the  region  of
interest (yellow box), it can be seen that our method can
segment a tissue with a small number of superpixels and
has a good boundary alignment.

 Results under different β and threshold T

There  are  two  important  parameters,  threshold  T  and
parameter  β,  in  our  method.  β  and  threshold  T  are
described  in  detail  in  Section  “MATERIALS  AND
METHODS”.  Next,  we  will  focus  on  analyzing  the
influence  of  different  β  and  threshold  T  on  the
experimental results. β mainly affects the maximum size
and boundary alignment of superpixels, while T mainly
affects the minimum size and number of superpixels. In
general,  for  fixed  T  and  fixed  β,  the  number  of
superpixels generated will be different if the complexity
of the image content is different. The more complex the

image is, the more superpixels are generated.
Figure 6 shows the visual  comparison under different

values of β and threshold T. Parameter β is the weight of
the second item, in the range of [0, 1]. The smaller β is,
the smaller the influence of the color difference of other
pixels  is,  the  more  pixels  can  a  superpixel  take  in,  the
bigger  the  size  of  superpixel  may  be,  the  smaller  the
superpixel  number  is.  The  smaller  β  is,  the  bigger  the
influence of the difference of current processing pixel is,
the better the boundary adherence is.
Threshold T  constrains  the  max  path  distance.  When

the  path  distance  of  current  processing  pixel  reaching
threshold  T,  current  processing  pixel  is  assigned  a
boundary pixel of superpixel. The bigger threshold T is,
the more pixels can a superpixel  take in,  the bigger the
size  of  superpixel  may  be,  the  smaller  the  superpixel
number is.

 Quantitative evaluations

In  order  to  evaluate  the  accuracy  of  superpixel  results,
we used the evaluation criteria: boundary recall (BR) [17],

 

 

Figure 4.    Visual comparison on histology images with scale adaptive superpixel methods.
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undersegmentation  error  (USE)  [33],  and  achievable
segmentation accuracy (ASA) [34].
 

BR =
|S P
∩

GP|
|GP| ,µ = 2, (1)

where  SP  are  pixels  on  boundaries  generated  by  the
superpixel segmentation, GP are pixels on ground truth
boundaries, |·| represents the number of pixels, μ is disk-
shaped neighborhood of the superpixels boundaries.
 

AS A =

∑
i max j

∣∣∣S i
∩

G j

∣∣∣∑
j

∣∣∣G j

∣∣∣ (2)

 

US E =
1∑

j

∣∣∣G j

∣∣∣
∑

i

∑
j

min
{
S i

∩
G j,S i−G j

} , (3)

where  Si  is  a  superpixel  segmentation  and  Gj  is  a
segmentation of the ground truth.
We  made  a  quantitative  comparison  with  other

superpixel methods on dataset [29]. As can be seen from
Fig. 7,  the  segmentation  accuracy  of  our  method  is
better than that of other methods.
To  verify  the  effect  of  parameter  β  and  threshold T,

we fix one parameter and examine the effect of the other
parameter on the experimental results on [29]. We have
given the visualization results under different parameters
β  and  T  in  Fig. 6,  and  here  we  have  given  the
quantitative  comparison  results.  The  experimental
results are shown in Tables 1 and 2.
Both Tables 1 and 2 confirm the effect of parameter β

and  threshold  T  as  we  discussed  in  Section  “Results
under different β and threshold T”. Both parameter β and

 

 

Figure 5.    Visual comparison on CT images.
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Figure 6.    Results under different β and T. N represents the number of superpixels. Top: The results for different values of β.
Bottom: The results for different values of T.

 

 

 

Figure 7.    Experiments are  performed on [29]  to  generate  different  numbers of  superpixels  by adjusting the desired
number of superpixels. Parameter β is set 0.85. From left to right: BR, ASA, USE.

 

 

Limin Sun et al.

 

270 © The Author(s) 2021. Published by Higher Education Press



threshold  T  can  influence  the  superpixel  number.
Empirically  the  boundary  adherence  increases  when
superpixel  number  increasing  and  there  is  a  trade-off
between  superpixel  number  and  boundary  adherence.
The recommended value range for β is [0.8,1].

 DISCUSSION

Figure 7 show the quantitative evaluation results on the
data published in [29].  The boundary recall  (BR) curve
of  the  proposed  algorithm  is  significant  higher
comparing  with  the  other  five  well-known  superpixel
algorithms.  It  convincingly  proves  that  the  proposed
algorithm  adheres  best  to  object  boundaries  in  ground
truth.  The  undersegmentation  error  (USE)  and  achie-
vable  segmentation  accuracy  (ASA)  are  often  quite
similar  for  all  superpixel  algorithms.  The  proposed
algorithm  has  the  lowest  error  and  highest  accuracy  in
most  cases.  In  general,  the  proposed method shows the
best performance in quantitative validation.
Figures 3 and 5 show visual comparisons of the results

of  our  method  and  other  methods  on  pathological
images  and  CT  images,  respectively.  The  results  show
that  the  proposed  method  can  generate  the  most  ideal
superpixels and maintain the image boundaries better. In
Fig. 3,  our  method  segments  nuclei  most  and  get  the
highest  accurate  of  cell  boundary  adherence.  The
number  of  background  superpixels  is  just  one  to  ten.
One  can  easily  separate  cells  and  nuclei  from
background  just  depending  on  the  superpixels  sizes.
This is the most direct evidence of the practicality of our
method.
The  current  work  is  subjected  to  the  following

limitations  since  the  parameters  threshold  T  and  β  are
defined  by  user.  Firstly,  parameter  settings  should  be

empirically selected. The complexity of medical images
varies  greatly  between  different  types  but  less  within  a
same  type.  Same  parameters  can  be  selected  within  a
dataset  of  a  same  type.  Secondly,  the  number  of
superpixels  cannot  be  accurately  estimated.  The
relationship  among  the  threshold  T,  parameters  β,  the
complexity of the image and the number of superpixels
generated by the proposed algorithm should be explored
later.
As  the  proposed  method  computes  efficiently  and

almost real-time, it may be extended for high resolution
images  superpixel  segmentation  and  extended  to
generate supervoxels for 3D image segmentation.

 CONCLUSIONS

Superpixel segmentation have become a popular tool for
image  preprocessing.  Each  superpixel  algorithm has  its
own advantages that suitable for particular applications.
A novel scale-adaptive superpixel algorithm is proposed
for  medical  images,  which  meets  the  appeal  of
superpixel  size  to  obtain  the  fewest  superpixels  while
keeping  the  most  detail.  The  proposed  superpixel
algorithm  can  generate  superpixels  with  extremely  big
sizes  and  extremely  small  sizes  on  the  same  image
depending  on  the  complexity  of  image  content.  This
frees  users  from the  predicament  of  setting  the  suitable
superpixel  size  for  a  given  application.  The  proposed
method  has  the  advantages,  computational  efficiency,
tight boundary adherence, limited adjacency, insensitive
to  noise  and  multi-scale.  Our  method  is  simple  to  use
and there is no need to set the superpixel size. We have
verified  our  method  on  medical  images,  especially
pathological  images,  and  the  experimental  results  show
that our method is superior to other methods on medical
images. It is trivial to extend the proposed algorithm to 3
dimensional  data and this  is  a  considerable work in the
future.

 MATERIALS AND METHODS

We propose  a  new  scale  adaptive  superpixel  algorithm
relaxing  the  size-uniformity  criterion  for  medical
images.  Superpixels  are  generated  sequentially.  A
superpixel  area  increase  from a  seed  pixel,  making  use
of  breadth-first  search  and  greedily  shortest  path
strategy,  and  an  energy  threshold  defined  by  user
constrain  the  growth  of  superpixel.  A  new  path-based
distance measure is  proposed and we employ a priority
queue  as  distance  comparing  for  computational
efficiency.  The  new  distance  measure  and  superpixel
region growing scheme allow our algorithm to generate
superpixels  of  different  scales  according  to  the
complexity  of  image  content,  that  is  smaller  (larger)

  

Table 1    Quantitative comparison on [29]
β BR ASA USE Average number

0.80 0.8670 0.7949 0.3981 1074

0.85 0.8958 0.8023 0.3824 1588

0.90 0.9221 0.8140 0.3568 3026

0.95 0.9405 0.8281 0.3271 6327

1.00 0.9547 0.8343 0.3126 9932

T=200, for different values of β.
 

  

Table 2    Quantitative comparison on [29]
T BR ASA USE Average number

50 0.9931 0.8454 0.2897 38434

100 0.9786 0.8299 0.3245 9905

150 0.9403 0.8141 0.3579 3434

200 0.8958 0.8023 0.3824 1588

β=0.85, for different values of T.
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superpixels  in  visual  complexity  areas  (flat  areas)
(Fig. 1).

 Distance measure

Ct
k kth S k

t |S | = t
Let   denotes the average color of the   superpixel 
at time  ,  .

G = (V,E)
v ∈ V m e ∈ E ⊆ V×V

n = |V| m = |E|

P G
P = (p0, p1, p2, ..., pk) pi(i = 0, ..., k) ith

P p0 Dpi

Let    denote  an  undirected  graph  consisted
of  n  vertices    and    edges    with
cardinalities   and  . Each pixel is associated
with  a  vertex  and  locally  connected  to  its  4  (or  8)
neighbors.  Let’s  assume  there  is  a  path    on  graph  ,

, and   denotes the 
point on the path   starting from  . The distance   of

pi(i = 0, ..., k) is defined as follows:
Dp0
= colordis0 = 0;

Dp1
= Dp0

×β+ colordis1;
Dp2
= Dp1

×β+ colordis2;
  . . .

Dpk
= Dpk−1

×β+ colordisk

= colordis0×βk + colordis1×βk−1+ · · ·+
colordisi×βk−i+ · · ·+ colordisk ×β0

=

k∑
i=0

colordisi×βk−i

that is,
 

Dpi
=

0, i = 0∑k

i=1
colordisi×βk−i, i = 1, . . . , k

(4)

colordisi(i = 1, ..., k)
pi Ct

k kth

S k t

where  ,  is  the  color  distance
between    and  ,  the  average  color  of  the 
superpixel   at time  , in a given color space (RGB or
CIELAB).

 Algorithm details

Superpixels are grown sequentially, referring to Fig. 8.
A superpixel area increase from a seed pixel. The seed

of  the  first  superpixel  can  be  any  pixels  in  the  image,
thus  we  arbitrarily  take  the  center  pixel  of  the  image.
Starting from a seed, an superpixel grows by adding the
eligible  neighboring  pixels.  The  growth  of  superpixels
are  constrained  by  the  parameter  T,  provided  by  the
user. When the distances of all the path starting from the
seed  pixel  exceed  the  threshold  T,  the  growth  of
superpixel terminates.

S k Ds = 0 s Ds

Q
p Dp

Q p
Dp Dp < T p

S k

Q pnb pnb

pnb

S k Dpnb

pnb

Dpnb
= Dp×β+ colordispnb

Dp >= T
S k p

X
Q

s X

A  visual  description  of  the  process  that  growing  a
superpixel  refers  to  Fig. 9.  First,  seed  s  is  added  to
superpixel  ,  and  the  path  distance  ,  ( ,  )  is
added  to  distance  minimum  priority  queue  .  Second,
the superpixel   with the minimum path distance    is
popped  from  distance  minimum  priority  queue  ,  ( ,

).  If  ,  the neighbors of    that  meet one of the
following conditions can be added to superpixel   and
priority  queue  :  for  neighbor  pixel  ,  (1)    is  not
assigned  to  any  superpixels;  (2)    is  not  assigned  to
superpixels   and the new path distance   is smaller
than the old path distance of  ,  the new path distance

  .  If  ,  p  is  a  boundary
pixel  of  superpixel  ,  and  the  neighbors  of    that  not
assigned  to  any  superpixels  are  added  to  seeds  set  .
Loop  through  the  second  step  until  priority  queue    is
empty.  Then a  new seed    is  taken from seed set  .  A
new  superpixel  grows  from  the  new  seed  that  not
assigned to any superpixels.
An  superpixel  can  claim  a  pixel  from  an  existing

superpixel if its path distance is closer to it. This makes
superpixels  competing  for  pixel  ownership  to  ensure

 

 

Figure 8.    The  process  of  scale-adaptive  superpixel  segmentation  for  medical  images. (A)  A  part  of  an  image  for
computational pathology from dataset [29]. (B) The first superpixel is grown from the seed (red circle), by gathering neighboring
pixels, making use of breadth-first search and greedily shortest path strategy. When the distances of all the path starting from
the seed pixel exceed the threshold T, the growth of superpixel terminates. (C) and (D) show a new seed (red circle) is picked
from the borders of existing superpixels. A superpixel can claim a pixel from an existing superpixel if its path distance is smaller
than previous, which encourages boundary adherence. (D) The final superpixel segmentation of (A).
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better boundary adherence.
The  algorithm  is  presented  more  formally  in

Algorithms 1 and 2.
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