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Abstract: We propose an iterative raster scan algorithm for superpixel segmentation, which is based on the K-
means clustering algorithm. The proposed algorithm updates the class label of each pixel only at the boundaries
of superpixels in a raster scan order and refers to only two neighboring pixels per pixel for updating the variables.
Therefore, the proposed algorithm is computationally efficient compared with existing methods. Experimental re-
sults show that the proposed algorithm generates compact and adherent superpixels in a finite number of iterations

of the raster scan process.
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1. Introduction

Image segmentation is a fundamental technique in the field
of image processing [1]. Superpixel segmentation [2] is a
kind of image segmentation, and is also called the image
over segmentation [3]. Recently, Achanta et al. have pro-
posed a superpixel algorithm named the simple linear iter-
ative clustering (SLIC), which adapts a K-means clustering
approach [4]. SLIC has the potential to be used for a large
number of applications, e.g., Crommelinck et al. applied
it to a remote sensing task [5]. Sveral surveys of super-
pixel segmentation have also been published, e.g., Stutz et
al. presented a comprehensive evaluation of 28 state-of-the-
art superpixel algorithms [6], where SLIC placed among
the recommended 6 algorithms for use in practice. Cur-
rently, a large number of segmentation techniques have been
widely used in a variety of fields including industry [7],
biomedicine [8], remote sensing [9] and IoV (Internet of
Vehicles) [10], that demonstrate researchers’ great interest
in image segmentation and superpixel segmentation.

In this paper, we propose an iterative raster scan algo-
rithm for superpixel segmentation, and show experimental
results which demonstrate that the proposed algorithm gen-
erates compact and adherent superpixels in a finite number
of iterations of a raster scan process.

The rest of this paper is organized as follows: Section
2 proposes an iterative raster scan algorithm for superpixel
segmentation. Section 3 shows experimental results on pub-
licly available image datasets. Finally, Section 4 concludes
this paper.

2. Iterative Raster Scan Algorithm

Let p(i, j) be a color vector of a pixel at the position (i, j)
in a color image the size of which is m X n pixels, where
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m and n denote the numbers of rows and columns, respec-
tively. Then we define a feature vector of a pixel (i, j) as
fG, ) = [p(,J), Vai, \Jaj] where « is a positive value
which controls the importance of spatial coordinates (i, j)
in the feature vector. With these feature vectors, we can
calculate the weighted sum of ||p(i, j) — p(i, j + 1)|[> and
lGG, j) = (i, j + D> by the square of Euclidean distance be-
tween f(i,j) and f(i,j + 1) as ||fG, ) = fG.j+ DI =
IpG. j) = pGi, j+ DI + alii, j) - G, j + DIP-

Let K be the number of superpixels, and let u(i, j) €
{1,2,..., K} be the identity number of superpixel to which
a pixel (i, j) belongs. Then we formulate the problem of
superpixel segmentation as follows:

m n K
g S w7l (1)
u(t,j), fr

i=1 j=1 k=1

where 0, j)x denotes the Kronecker delta such that 6, jx =
1if u(i, j) = k, and 6, jx = O otherwise, and fi is the fea-
ture vector for the kth superpixel among K superpixels. If
we initialize u(i, j) in an appropriate way such as a regu-
lar subdivision of an image plane, then, from the necessary
condition for optimality of the above problem (1):
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where E denotes the objective function in (1), we have
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After that, we update u(i, j) for decreasing E as follows:

i, ) =arg min 7.5 - A" “)
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The above procedure for updating f; and u(i, j) by (3) and
(4), respectively, is iterated until the convergence. However,
this naive approach is computationally expensive because
every iteration of (3) and (4) includes full search of all pixels
in an image. To avoid such an inconvenience, for example,
the search region is restricted within a small square in SLIC.

j—1 j j+1
| | | |

i—1 y

i+1

Figure 1: The current pixel (i, j) (red) and its neighboring
pixels (i, j + 1) (yellow) and (i + 1, j) (green) in the raster
scanning process.

This section proposes a raster scan algorithm that refers
to only two neighboring pixels per pixel for updating f; and
u(i, j) at each iteration. Figure 1 illustrates the proposed
raster scan process, where the current pixel to be updated is
denoted in red, and the neighboring pixels to be referred to
are denoted in yellow and green.

The detailed procedure of the proposed algorithm is as
follows: Assume that the pixel (i, j) is the current pixel as
shown in Figure 1 with a red square. If the red and yel-
low pixels belong to different superpixels to each other, i.e.,
u(i, j) # u(i, j + 1), then we compute the potential effect of
change in u(i, j) and u(i, j + 1) as follows:

& = |G, )= Fuapll = lFGh) = oo )

d =[£G j+ D) = Fuagon| = |FG i+ D = Fain| -
©)

Similarly, if the red and green pixels belong to different su-
perpixels, i.e., u(i, j) # u(i + 1, j), then we compute the
potential effect of change in u(i, j) and u(i + 1, j) as follows:

&y = |G, ) = Fuapll = lFGh) = Fuamrn| > )

dy = 176+ 1.0 = Fagnpll = G + 1 = il
®

Then we choose the most effective change among the above
four cases. Let [\« be the index of the largest value among
d], dz, d3 and d4, i.e., lmax = argmaxye(1,2,3,4} d[. If lmax =
1, which indicates that the pixel (i, j) should belong to the
u(i, j + 1)th superpixel, then we update f ;) and fi j+1) as
follows:

JutipNutip = F s )
Nugjy—1

FutijsyNuii jery + Fi, J)
Ny jr1y + 1

fuiijy < , 9

; (10)

fu(i,j+1) —

where N, j denotes the number of pixels belonging to the
u(i, j)th superpixel as N, j) = 2?’1:1 Z?’:l Outi, jyuci,j)- Also,
we update u(i, j) as follows:

u(, j) < u@,j+1), an

that is, we transfer the pixel (i, j) from the u(i, j)th super-
pixel to the u(i, j+1) thone. Accordingly, N, jy and N, j+1)
are also updated as follows:

Nuij < Nugj — 1, (12)
Ny j+1) < Nugjry + 1. (13)

On the other hand, if /,,,x = 2, which indicates that the
pixel (i, j + 1) should belong to the u(i, j)th superpixel, then
we update f, j+1) and fy j as follows:

FutijotyNugijery — fG, j+ 1)

i : 14
Jutijr) < Nuijoy — 1 (14)
x JutipNuiijy + fGj+1)
u(i,j : . : 15
Juijy < Nuiy + 1 (15)
We also update u(i, j + 1) as follows:
u(i, j+ 1) < u, j), (16)

that is, we transfer the pixel (i, j + 1) from the u(i, j + 1)th
superpixel to the u(i, j) th one. Accordingly, N, j+1) and
N, are also updated as follows:

Ny j+1) < Ny jry) — 1, (17)
Nuii,jy < Nugjy + 1. (18)

In a similar manner, if /., = 3, which indicates that the
pixel (i, j) should belong to the u(i + 1, j)th superpixel, then
we update the relevant variables as follows:

7 Juti pNuti.jy = [ s )

Juij) < , (19)
’ Nuijy—1

- Futir1,yNusr,) + FG, )
(i s . 20
Juer Nygs1,j + 1 20
u(i, j) < u@@+1, j), 21
Nuijy < Nugjy — 1, (22)
Nyis1,j) < Nur1,j + 1, (23)

and if /,x = 4, which indicates that the pixel (i+1, j) should
belong to the u(i, j)th superpixel, then we update the rele-
vant variables as follows:

Fuir1,p N1y — fG+ 1, )

Fuirj) < , (24)
LD Nugs1,y — 1

= JupyNuijy + fG+ 1, ))
u(i,j - - 25
Juiij) < Nuiy + 1 (25)
u(i+ 1, j) « u(,j), (26)
Nyis1,j) < Nur1,j — 1, 27
Nuijy < Nugjy + 1. (28)
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Algorithm 1 Iterative raster scan algorithm
Require: a color image with pixels p(i, j) fori = 1,2,...,m and
j=1,2,...,n, the number of superpixels K
Ensure: labels u(i, j) € {1,2,..., K}, mean feature vectors fk for
k=1,2,....,.K
1: Initialize u(i, j) fori =1,2,...,mand j=1,2,...,n;
2: while True do
3: u® = u.copy();

4: fori=1,2,...,mdo

5 for j=1,2,...,ndo

6: dy:=d, :=dy:=d; =0,

7: if j+ 1 <nandu(,j)# u(,j+ 1) then
8: di = £ ) = fuplP = WG ) = Fujen s
9 > = G, j+ D= fuajenlP =G j+ 1) = faaip I
10: end if

11: if i + 1 < mand u(i, j) # u@i + 1, j) then
12: dy = |IfGQ, j) - f_u(i,j)”2 =fG, j - f;(i+1,j)||2;
13 dy = G+ 1, )= FurnplP = 1 G+ 1, )= FuaplPs
14: end if

15: lnax 1= argmaxe(1 23,4 di;

16: if I o == 1 then

17: Juiiy < —fu(i"miigiﬂi’j);

18: Jutij+1) < W,

19: u(i, j) < u(i, j+1);
20: Nuijy < Nugp — 1
21: Nujs1) < Nuijen + 15
22: else if /., == 2 then
23: fu(i.ﬂl) A W’
o Fuay o T LI,
25: u(i, j+ 1) < u(i, j);
26: Ny jrty < Nugjery — 15
27: Nu(i,j) — Nu(i,j) +1;
28: else if /,,, == 3 then
29: Juip < %ff__}m
30: Juirig < %ﬁ)ffm])
31: u(i, j) < u(i+1,));
32: Nuijy < Nuijy — 1;
33: Nyisrj) & Nurrp + 1;
o else— Futi+1,j)NuGir1,j)=FG+1.))

35: fu(i+1,j) — %,

36: ﬁ(i,j) — %W,

37: uGi+ 1, j) « u(i, j);

38: Nui1,j) < Nugsrjy — 15

39: Nu(i,j) — Nu(i,j) + 1,
40: end if
41: end for
42: end for
43:  if u == u°" then
44: Break;
45: end if

46: end while

The above procedure is applied to all pixels repeatedly in
the iterative raster scan process until a convergence condi-
tion is satisfied. After the convergence, each superpixel is
given as a set of pixels having the same value of u(i, j), and
the mean color vector of the kth superpixel is included in
the corresponding feature vector f; = [pr, Vi, Vaji] as

IIAE Journal, Vol.12, No.1, 2024

Pr, where (ix, ji) denotes the position of the centroid of the
superpixel. The pseudocode of the proposed procedure is
shown in Algorithm 1.

In Algorithm 1, line 3, the statement “u®¢ := u.copy()”
means to copy the array u = [u(i, j)] to another array u°,
which is used at the end of the code to break out of the main
while loop.

old

(a) Original image

(b) Segmented image

Figure 2: Superpixel segmentation result with @ = 0.001
and K = 256.

3. [Experimental Results

This section shows experimental results of superpixel seg-
mentation on the standard image database SIDBA [11]. Fig-
ure 2 shows a result where an original color image in Figure
2(a) with 256 x 256 pixels is segmented by the proposed
method with @ = 0.001 and K = 256 as shown in Figure
2(b) where each segment is painted in its mean color py.
The boundaries of superpixels adhere well to object bound-
aries in the image, and the generated superpixels are com-
pact, especially in flat regions.

Figure 3 shows the change in the objective function value
in (1), where the vertical and horizontal axes denote the
objective function value and the number of iterations, re-
spectively. The objective function value monotonically de-
creases as the iteration procedure progresses. In this exam-
ple, the variable u(i, j) exactly converged in 49 iterations to
obtain the result in Figure 2(b).

2600

2400 -

2200

2000 -

1800

1600

1400

Objective function value

1200

1000 ‘ ‘ . .
0 10 20 30 40 50
Number of iterations

Figure 3: Objective function value.

Figure 4 shows some intermediate images obtained dur-
ing the iteration procedure. First, we initialized the array of
identity numbers, u(i, j), with the square lattice as shown in
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Figure 4(a). The obtained images after the 5th to 25th iter-
ations (every 5 iterations) are shown in Figures 4(b) to (f),
respectively. The image after the 20th iteration in Figure
4(e) is visually similar to the final result in Figure 2(b).

(a) Initial (b) 5th

(d) 15th

(c) 10th

(e) 20th

(f) 25th

Figure 4: Intermediate images at Oth (initial) to 25th
iterations.

Figure 5 shows the results with different number of su-
perpixels, where Figure 5(a) is obtained with K = 16 after
34 iterations, Figure 5(b) is obtained with K = 64 after 56
iterations, Figure 5(c) is obtained with K = 256 after 49
iterations, and Figure 5(d) is obtained with K = 1024 after
29 iterations. These results suggest that the larger the num-
ber of superpixels K is, the smaller the number of iterations
the procedure needs, and the larger the number of superpix-
els K is, the more similar to the original image the resultant
image becomes.

Figure 6 shows additional results on the Berkeley Seg-
mentation Data Set and Benchmarks 500 (BSDS500) [12],
where Figure 6(a) shows five original images, and Figure
6(b) shows the corresponding segmentation results. The
size of the top two landscape images is 321 X 481 pix-
els, and that of the bottom three portrait images is 481 X

321 pixels. The number of superpixels is K = 384 for each
image, and we set @ = 0.001.

@) K =16 (b) K =64

(c) K =256

(d) K =1024

Figure 5: Results with the different number of superpixels.

We evaluate the computation cost of the proposed method
with the number of distance calculations, and compare it
with that of SLIC [4]. The proposed method calculates two
distances per pixel as shown in Figure 1, where, for the red
pixel, we calculate two distances between red-yellow and
red-green pixels. The number of pixels in an image is given
by mn in this paper. On the basis of the observation in Fig-
ure 3, we choose 20 as a practical number of iterations of
the raster scan process. Then we can evaluate the total num-
ber of distance calculations as 2 X mn X 20 = 40mn. On the
other hand, SLIC searches a limited region, 25 x2S, where
S = +mn/K, and gives an acceptable result with 10 iter-
ations. Therefore, we can evaluate the number of distance
calculations in SLIC as 28 x 2§ x mn x 10 = 40mnS?. Fig-
ure 7 shows the comparison result, where the vertical and
horizontal axes denote the numbers of distance calculations
and image pixels, respectively. The blue, orange and green
dotted lines denote SLIC with K = 100, 200 and 300. In
SLIC, the search area 25 X 2S5 becomes smaller when K in-
creases due to the relationship § = vVmn/K. As aresult, the
number of distance calculations decreases as K increases
in SLIC. On the other hand, the red solid line denotes the
proposed method, which requires less number of distance
calculations than SLIC.

The above results demonstrate that the proposed algo-
rithm can generate compact superpixels while the bound-
aries of superpixels adhere well to the object boundaries.
The number of distance calculations of the proposed algo-
rithm is smaller than that of SLIC. For further improve-
ment, a hexagonal lattice instead of a square lattice may be

IIAE Journal, Vol.12, No.1, 2024
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adopted in the initialization step of the proposed method.

(a) Original (b) Segmented
Figure 6: Results on BSDS500 dataset [12].
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-4~ SLIC (K=100)
1029 @ SLIC (K=200)
-4 SLIC (K=300)
101t —e— Proposed

AL

e

Number of distance calculations

1282 2562 5122 10242 20482 40962
Number of pixels

Figure 7: Distance calculation comparison.

4. Conclusions

In this paper, we proposed an iterative raster scan algorithm
for superpixel segmentation. Experimental results show that
the proposed algorithm generates compact and adherent su-
perpixels from given color images. We demonstrated that
the number of distance calculations of the proposed algo-
rithm is smaller than SLIC [4] when the numbers of itera-
tions are set practically. The advantage of the proposed al-
gorithm is that the proposed algorithm has a small number
of parameters, and is computationally efficient compared
with related methods including SLIC.

In our future work, we would like to apply the proposed
superpixel segmentation algorithm to non-photorealistic
rendering for image abstraction, and extend the proposed
iterative raster scan algorithm to higher dimensions such as
supervoxels [13] and hyperpixels [14].
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