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Abstract. This paper presents a novel run-based connected components labeling
algorithm which uses double-row scan. In this algorithm, the run is defined in
double rows and the binary image is scanned twice. In the first scan, provisional
labels are assigned to runs according to the connectivity between the current run
and runs in the last two rows. Simultaneously, equivalent provisional labels are
recorded. Then the adjacent matrix of the provisional labels is generated and
decomposed with the Dulmage-Mendelsohn decomposition, to search for the
equivalent-label sets in linear time. In the second scan, each equivalent-label set
is labeled with a number from 1, which can be efficiently accomplished in parallel.
The proposed algorithm is compared with the state-of-the-art algorithms both on
synthetic images and real image datasets. Results show that the proposed algo‐
rithm outperforms the other algorithms on images with low density of foreground
pixels and small amount of connected components.

Keywords: Connected Components Labeling (CCL) · Image segmentation ·
Sparse matrix decomposition · Parallel algorithm

1 Introduction

Connected components labeling (CCL) in the binary image is a fundamental step in
many fields such as image segmentation [1], computer vision, graph coloring, object
recognition, etc. As the development of image techniques, number of pixels in a natural
image increases dramatically. Consequently, number of objects in an image is also
increasing and fast CCL algorithms have drawn attention of many researchers. Existing
CCL algorithms can be classified into three categories: pixel-based algorithms, block-
based algorithms and run-based algorithms.

Early researches about CCL were mainly focused on iterative pixel-based algorithm
[2]. In [3], Suzuki et al. introduced a labeling algorithm whose execution time is linear
with the number of total pixels. In [4, 5], an implementation of pixel-based algorithm
was designed for applications where FPGA was used. In [6] Rosenfeld and Pfaltz
proposed a two-scan algorithm. To save the memory allocated to the equivalent-label
table, Lumia Rosenfeld et al. proposed an algorithm which only needs to store the
equivalent labels in the current and last rows [7]. Through the analysis of values of
adjacent pixels, He et al. used the Karnaugh map to design an efficient procedure in
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assigning the provisional labels in the first scan [8]. Instead of checking values of four
adjacent pixels in [8], algorithm in [9] only needs to check three. In [10] Chang et al.
introduced a contour-tracing algorithm. The above algorithms are all characterized by
checking values of adjacent pixels of the current pixel. They have advantages of saving
storage and operation simplicity. However, these algorithms need to scan all the pixels
one by one, which is inefficient. Moreover, many of them need to scan the whole image
more than twice.

To cope with the low efficiency of pixel-based algorithms, in [11], a labeling algo‐
rithm scanning the whole image through the two-by-two blocks was introduced. A deci‐
sion tree was built to determine the provisional label of the current block. Based on [11],
algorithm in [12] uses the information of checked pixels to avoid the same pixels are
checked for multiple times. Similarly, two-by-one block-scanning was also introduced
in algorithm in [13]. Instead of checking all the 16 pixels in the adjacent blocks, in [14]
Chang et al. designed an algorithm which only needs to check 4 pixels to determine the
provisional label of the current block. In [15], Santiago et al. gave three labeling algo‐
rithms which all scan the whole image through the two-by-two blocks. Recently in [16],
several state-of-the-art CCL algorithms were compared with each other on synthetic
images and public datasets. Average results show that the BBDT [12], CCIT [14], and
CTB [13] are the fastest three algorithms. Nevertheless, the weakness of these algorithms
is that they are complex to implement and hard to be executed in parallel.

In addition to the two types of labeling algorithms mentioned above, there is another
type which is efficient while simple to implement. They are based on the run. As defined
in [17], a run is a segment of contiguous foreground pixels in a row. In [17], He et al.
introduced a run-based two-scan labeling algorithm. However, the mergences of the
equivalent-label sets in this algorithm are time-consuming. Besides, it needs to find the
smallest label in each merged set, which is inefficient. Similar to [17], a run-based one-
scan algorithm was proposed in [18], which essentially needs to scan the whole image
twice. In [19], He et al. introduced a one and a half scan algorithm which only checks
the foreground pixels in the second scan.

It should be noted that all the run-based algorithms above scan only one row of pixels
at each time and they all need to dynamically adjust the equivalent-label sets. These
weaknesses lead to a reduction of time efficiency. Therefore, to overcome these short‐
comings, we introduce a new run-based algorithm which scans double rows of pixels at
each time. Besides, the Dulmage-Mendelson (DM) decomposition is applied to search
for the equivalent-label sets in linear time.

2 Proposed Algorithm

2.1 The First Scan

In the following discussions, component connectivity is defined in the sense of eight-
adjacent regions in binary images. The proposed algorithm contains the first scan,
equivalent-label sets searching and the second scan. Detail implementations are stated
as follows.
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In the first scan, unlike the existing run-based algorithms, the run in our algorithm
is defined in double rows, which consists of a succession of two-by-one pixel blocks.
Each block contains one foreground pixel at least. For example, runs in the double rows
in Fig. 1(a) as the red bold boxes show. Under the above definition, it is easy to see that
all the foreground pixels in the same run are connected to each other. So, we give each
run a single label. Then a record table is built to record the row numbers, start column
numbers, end column numbers and provisional labels of all the runs, as shown in
Fig. 1(b). For each run, we give it a provisional label according to its connectivity to
runs in the last two rows. Through analysis we conclude that there are three cases when
two runs are considered to be connected to each other, as shown in Fig. 2, from which
we can see that if there is one pair of connected pixels between two runs, both runs are
connected to each other. According to Fig. 2, we summarize the detail computation
procedures of the provisional label in Table 1. In Table 1, 
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Fig. 1. Runs in double rows and the record table. (Color figure online)
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Fig. 2. Three cases of connected runs.
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Table 1. Pseudocode for computing the provisional label.

Algorithm: Computation of the provisional label.

Input: C , s , e , { }
i
s , { }

i
e , { }

i
L .

Output: A provisional label for the current run.
1: flag = 0, pro_label = 0;
2: for each pair ( ),

i i
s e do

3:       if 1 and 1
i i
s e e s≤ + ≥ − then

4:           start = MAX(
i
s , 1s − );

5:           end = MIN(
i
e , 1e + );

6:           for j = start to end do

7:                 if [ ]1, =1C j and [ ]2, 1, 1 , 1L k k j or j j= = − + then

8:                    if flag = 0 then
9:                      pro_label = the thi run’s provisional label;
10:                    flag = 1;
11:                   break;
12:                  else
13:                     temp = thi run’s provisional label;
14:                     add (pro_label, temp) into the equivalent-label table
15:                     break;
16:                   end if
17:                end if
18:       end for
19:       end if
20: end for
21: return: pro_label.

In determining the provisional label of the current run, if multiple runs in the last
two rows are connected to the current run, the provisional label of the current run will
be the same as the first connected run. If there are no runs in the last two runs being
connected to the current run, then a new label will be assigned to the current run. In
Table 1 we also point out how to build the equivalent-label table. In the last two rows,
if there are more than one runs being connected to the current run, the provisional labels
of these runs are considered to be equivalent and stored in a two-column equivalent-
label table. In each row of the equivalent-label table, the first member is the provisional
label of the first connected run, and the second member is a provisional label of one of
other connected runs. For an example, in Fig. 3(a) there are three connected runs with
provisional labels l1, l2 and l3 respectively, so l1 will be given as the provisional label to
the current run. l1, l2 and l3 are considered to be equivalent and two pairs 

(
l1, l2

)
, 
(
l1, l3

)

are stored in the equivalent-label table as shown in Fig. 3(b).
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Fig. 3. Building the equivalent-label table

Compared with the conventional run-based algorithms, the proposed algorithm has
two advantages. First, the number of runs to store is reduced, which reduces the subse‐
quent processing time. This can be seen by Fig. 1(a), for which in conventional one-row
scan algorithms it needs to store seven runs while in ours it only needs to store three.
Second, as the example in the third run in Fig. 1(a) shows, the size of the equivalent-
label table is reduced because different runs in one row are unified into a run due to the
usage of double-row scan. Since the time spent on the subsequent steps is directly
proportional to the sizes of record table and the equivalent-label table, the proposed
algorithm is time efficient. The time complexity of the first scan in the proposed algo‐
rithm is O

(
W2H

)
, where W and H are the width and height of the input image.

The primary goal of the first scan is to build the record table and equivalent-label
table. Since the order of labels in both tables has no effect on the subsequent steps, the
first scan can be executed in parallel. A simple way is to divide the image into several
parts and scan them simultaneously, and then combine all the record tables and equiv‐
alent-label tables respectively, to obtain the whole record table and equivalent-label
table.

2.2 Equivalent-Label Sets Searching

After getting the equivalent-label table, the key step is to find out all the equivalent-label
sets. In these sets, none of them contains the same label with other sets. Based on the
provisional labels, an adjacent matrix can be built as Fig. 4(a) shows. The number of
provisional labels in Fig. 4(a) is 9. If two labels are equivalent, then the element on the
cross position is set to be 1, otherwise 0. The adjacent matrix is symmetric and generally
sparse. It has been proved that a symmetric matrix can be decomposed into a block
triangular form using the DM decomposition [20–22]. As Fig. 4(b) shows, vertices in
the same block are connected to each other while disconnected with all the vertices in
other blocks. Therefore, the equivalent-label sets can be obtained through the extraction
of vertices from these triangular blocks.
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Fig. 4. Procedures of equivalent-label sets searching. (a) Adjacent matrix. (b) Block triangular
form. (c) Extraction of equivalent-label sets.

An implementation of the DM decomposition using the bipartite graph was proposed
in [23], while it was used for system reduction. Here, we design a new algorithm in
Table 2 to search for the equivalent-label sets. Suppose the number of the provisional
labels is M, and T  denotes the equivalent-label table. V  represents the vertex set
{1, 2,⋯ , M} and M′ is the number of rows in the equivalent-label table. Detail imple‐
mentations are summarized in Table 2.

Table 2. Equivalent-label sets searching algorithm.

Algorithm: Equivalent-label sets searching.
Input: V , T .
Output: All the equivalent-label sets.

Step1: Add equivalent pairs ( ) ( ) ( )1,1 , 2, 2 , , ,M M into T and T ′ denotes

the new table;

Step2: Build up the bipartite graph using V and T ′ , ( ),G V T ′= denotes the 

bipartite graph;
Step3: Search for all the strong connected vertices in G using the tarjan 

algorithm [24].
Step4: Assign numbers from 1 to all the strong connected vertex set.

Because the adjacent matrix is generally sparse, to save the memory space, only the
1 s in the adjacent matrix are stored. Execution time spent on the step1, step2 and step4
in Table 2 are all linear with M. The time complexity of step3 is O(M + M′) [24]. Since
M′ is close to M when the adjacent matrix is sparse, the time complexity of the whole
procedure of equivalent-label sets searching is about O(M).

2.3 The Second Scan

In the second scan, a number from 1 is assigned to each equivalent-label set. For
example, in Fig. 4(c) three numbers 1, 2, and 3, are given to the equivalent-label sets
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respectively. Here, we use an array R as a lookup table to relate the provisional labels
to the numbers. For each provisional label we have

R[i] = the number for the equivalent − label set which contains i .

Then all the foreground pixels in the ith run are labeled with R[i].
As shown in Fig. 1, all the runs are independent with each other. So, the labeling

procedure in the second scan can be executed in parallel. The time complexity of the
second scan is O(S), where S is the number of foreground pixels.

3 Experimental Results

In the following experiments, all the algorithms are accomplished by C++ on a PC with
8 Intel Core i7-6700 CPUs, 3.4 GHz, 8 GB RAM, and a single core is used for the
processing. We compare our algorithm with four state-of-the-art algorithms BBDT [12],
CCIT [14], CTB [13], and RBTS [17], among which the first three algorithms are block-
based and the last one is run-based with single-row scan. First, we compare the efficiency
of five algorithms on 19 4096 × 4096 synthetic images with different densities of fore‐
ground pixels. The densities range from 0.05 to 0.95. The number of connected compo‐
nents in each image is fixed to 900. The result in Fig. 5(a) shows that our algorithm
outperforms the other algorithms when the density is lower than about 0.8. We also
tested 19 2048 × 2048 synthetic images with different densities of foreground pixels and
the result was similar.

(a)                                                                (b) 

Fig. 5. Algorithm performance on synthetic images. (a) Execution time per image on images
with different densities of foreground pixels. (b) Execution time per image on images with different
number of connected components.

To study the relationship between the time efficiency of the five algorithms and the
number of connected components, 22 4096 × 4096 synthetic images with different
number of connected components are tested. Here, the density of foreground pixels in
each image is fixed to 0.49. N is the number of connected components. The result is
shown in Fig. 5(b), from which we can see that the proposed algorithm outperforms the
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other algorithms when the number of connected components is lower than about 10^4.
Combining Figs. 5(a) and (b), we can conclude that when the foreground pixels are
sparse and the number of connected components is small, the proposed algorithm will
perform best.

In natural images, generally the region of interest (ROI) consists of several connected
components. While the number of ROIs is small, the number of foreground pixels may
be considerable. To study the performance of the proposed algorithm further, four real
image datasets introduced in [16] and two additional datasets are tested. These datasets
include the MIRflickr dataset [25], Hamlet dataset, Tobacco800 dataset [26], 3DPeS
dataset [27], Medical dataset [28] and the Fingerprints dataset [29]. Images in these
datasets are of various sizes and foreground pixel densities. Samples in each dataset as
Fig. 6 shows.

(a) MIRflickr (b) Hamlet (c) Tobacco800

(d) 3DPeS (e) Medical (f) Fingerprints

Fig. 6. Sample images in six datasets

Table 3 presents the average execution time of the five algorithms. From the table
we can see that our algorithm outperforms the other algorithms on Hamlet, Tobacco-800,
3DPeS, and Medical datasets. While on MIRflickr and Fingerprints datasets, it is inferior
to BBDT and CCIT. The reason why the proposed algorithm is less efficient on these
two datasets is that the foreground pixels in images of both datasets are dense, which
leads to a large size of record table. On the other side, in BBDT and CCIT there are no
use of record table, so when the foreground pixels are dense, BBDT and CCIT run faster.
Nevertheless, compared with the conventional run-based algorithm RBTS, our

Run-Based Connected Components Labeling Using Double-Row Scan 271



algorithm keeps ahead all the time. In addition, our algorithm can be easily executed in
parallel, both in the first scan and the second scan. While for block-based algorithms
such as BBDT, CCIT and CTB, parallel execution is difficult to be conducted in the first
scan since the steps in the first scan in these algorithms are closely linked and interde‐
pendent. Therefore, easy parallelism is another advantage of our algorithm.

Table 3. Execution time per image on real datasets (ms).

Dataset BBDT [12] CCIT [14] CTB [13] RBTS [17] Ours
MIRflickr 0.67 0.75 1.00 0.98 0.79
Hamlet 9.64 11.63 15.50 11.08 9.48
Tobacco800 14.25 17.18 25.13 15.89 13.22
3DPeS 1.18 1.39 2.13 1.32 1.07
Medical 4.18 5.07 6.88 5.04 4.16
Fingerprints 0.60 0.66 0.83 0.84 0.73
Average 5.087 6.113 8.578 5.858 4.908

4 Conclusions

A new run-based CCL algorithm is proposed in this paper. Compared with the conven‐
tional algorithms, it reduces the sizes of record table and the equivalent-label table using
double-row scan. In addition, a fast equivalent-label sets searching method using the
sparse matrix decomposition is designed to improve the time efficiency. Since all the
runs are independent with each other, both the first scan and the second scan can be
executed in parallel. Comparative experiments are conducted on synthetic images and
real image datasets. Results demonstrate that our algorithm outperforms the state-of-
the-art algorithms, especially when the foreground pixels are sparse and the number of
connected components in the image is small. Future work will focus on the optimization
of the current algorithm.

References

1. Hu, S., Zhang, F., Wang, M., et al.: PatchNet: a patch-based image representation for
interactive library-driven image editing. ACM Trans. Graph. 32(6), 196 (2013)

2. Haralick, R.M., Shapiro, L.G.: Computer and Robot Vision, vol. I. Addison-Wesley, Boston
(1992)

3. Suzuki, K., Horiba, I., Sugie, N.: Linear time connected component labeling based on
sequential local operations. Comput. Vis. Image Underst. 89(1), 1–23 (2003)

4. Bailey, D.G., Johnston, C.T., Ma, N.: Connected components analysis of streamed images.
In: International Conference on Field-Programmable Logic and Applications, pp. 679–682.
IEEE, New York (2008)

5. Klaiber, M.J., Bailey, D.G., Baroud, Y.O., Simon, S.: A resource-efficient hardware
architecture for connected component analysis. IEEE Trans. Circ. Syst. Video 26(7), 1334–
1349 (2016)

272 D. Ma et al.



6. Rosenfeld, A., Pfaltz, J.L.: Sequential operations in digital pictures processing. J. Assoc.
Comput. Mach. 13(4), 471–494 (1966)

7. Lumia, R., Shapiro, L.G., Zuniga, O.: A new connected components algorithm for virtual
memory computers. Comput. Graph. Image Process. 22(2), 287–300 (1983)

8. He, L., Chao, Y., Suzuki, K., Wu, K.: Fast connected-component labeling. Pattern Recognit.
32(9), 1977–1987 (2009)

9. He, L., Chao, Y., Suzuki, K.: An efficient first-scan method for label-equivalence-based
labeling algorithms. Pattern Recognit. Lett. 31(1), 28–35 (2010)

10. Chang, F., Chen, C.-J., Lu, C.-J.: A linear-time component-labeling algorithm using contour
tracing technique. Comput. Vis. Image Underst. 93(2), 206–220 (2004)

11. Grana, C., Borghesani, D., Cucchiara, R.: Optimized block-based connected components
labeling with decision trees. IEEE Trans. Image Process. 19(6), 1596–1609 (2010)

12. Grana, C., Baraldi, L., Bolelli, F.: Optimized connected components labeling with pixel
prediction. In: Blanc-Talon, J., Distante, C., Philips, W., Popescu, D., Scheunders, P. (eds.)
ACIVS 2016. LNCS, vol. 10016, pp. 431–440. Springer, Cham (2016). https://doi.org/
10.1007/978-3-319-48680-2_38

13. He, L., Zhao, X., Chao, Y., Suzuki, K.: Configuration-transition-based connected-component
labeling. IEEE Trans. Image Process. 23(2), 943–951 (2014)

14. Chang, W.-Y., Chiu, C.-C., Yang, J.-H.: Block-based connected-component labeling
algorithm using binary decision trees. Sensors 15(9), 23763–23787 (2015)

15. Santiago, D.J.C., Ren, T.I., Cavalcanti, G.D.C., Jyh, T.I.: Efficient 2×2 block-based connected
components labeling algorithms. In: IEEE International Conference on Image Processing, pp.
4818–4822. IEEE, New York (2015)

16. Grana, C., Bolelli, F., Baraldi, L., Vezzani, R.: YACCLAB - Yet Another Connected
Components Labeling Benchmark. In: Proceedings of International Conference on Pattern
Recognition. IEEE, New York (2016)

17. He, L., Chao, Y., Suzuki, K.: A run-based two-scan labeling algorithm. IEEE Trans. Image
Process. 17(5), 749–756 (2008)

18. He, L., Chao, Y., Suzuki, K., Itoh, H.: A run-based one-scan labeling algorithm. In:
Proceedings of International Conference on Image Analysis and Recognition, pp. 93–102
(2009)

19. He, L., Chao, Y., Suzuki, K.: A run based one and a half scan connected component labeling
algorithm. Int. J. Pattern Recognit. Artif. Intell. 24(4), 557–579 (2011)

20. Dulmage, A.L., Mendelsohn, N.S.: Coverings of bipartite graphs. Can. J. Math. 10, 517–534
(1958)

21. Pothen, A., Fan, C.J.: Computing the block triangular form of a sparse matrix. ACM Trans.
Math. Softw. 16(4), 303–324 (1990)

22. Duff, I.S., Erisman, A.M., Reid, J.K.: Direct Methods for Sparse Matrices. Clarendon Press,
Oxford (1986)

23. Ait-Aoudia, S., Jegou, R., Michelucci, D.: Reduction of constraint systems. In: Compugraphic,
pp. 331–340 (1993)

24. Tarjan, R.: Depth first search and linear graph algorithms. In: Symposium on Switching and
Automata Theory, vol. 1, no. 4, pp. 114–121 (1971)

25. Huiskes, M.J., Lew, M.S.: The MIR flickr retrieval evaluation. In: Proceedings of ACM
International Conference on Multimedia Information Retrieval, pp. 39–43 (2008). http://
press.liacs.nl/mirflickr/

26. The Legacy Tobacco Document Library (LTDL): University of California (2007). http://
legacy.library.ucsf.edu/

Run-Based Connected Components Labeling Using Double-Row Scan 273

http://dx.doi.org/10.1007/978-3-319-48680-2_38
http://dx.doi.org/10.1007/978-3-319-48680-2_38
http://press.liacs.nl/mirflickr/
http://press.liacs.nl/mirflickr/
http://legacy.library.ucsf.edu/
http://legacy.library.ucsf.edu/


27. Baltieri, D., Vezzani, R., Cucchiara, R.: 3DPeS: 3D people dataset for surveillance and
forensics. In: Proceedings of Joint ACM Workshop on Human Gesture and Behavior
Understanding, pp. 59–64 (2011)

28. Dong, F., Irshad, H., Oh, E.-Y., et al.: Computational pathology to discriminate benign from
malignant intraductal proliferations of the breast. PLoS One 9(12), e114885 (2014)

29. Maltoni, D., Maio, D., Jai, A., Prabhakar, S.: Handbook of Fingerprint Recognition. Springer,
London (2009). https://doi.org/10.1007/978-1-84882-254-2

274 D. Ma et al.

http://dx.doi.org/10.1007/978-1-84882-254-2

	Run-Based Connected Components Labeling Using Double-Row Scan
	Abstract
	1 Introduction
	2 Proposed Algorithm
	2.1 The First Scan
	2.2 Equivalent-Label Sets Searching
	2.3 The Second Scan

	3 Experimental Results
	4 Conclusions
	References




