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Abstract

This paper presents a segmentation method, integrating judiciously the meritsof rough-fuzzy computing and multiresolution image analysis
technique, for documents having both text and graphics regions. It assumes that the text and non-text or graphics regions of a given document
are considered to have different textural properties. TheM-band wavelet packet analysis and rough-fuzzy-possibilisticc-means are used for text-
graphics segmentation problem. TheM-band wavelet packet is used to extract the scale-space features, which offers a richer range of possibilities
of scale-space features for document image and is able to zoom it onto narrow band high frequency components. A scale-space feature vector is
thus derived, taken at different scales for each pixel in an image. However, the decomposition scheme employingM-band wavelet packet leads
to a large number of redundant features. In this regard, an unsupervised feature selection method is introduced to select a set of relevant and
non-redundant features for text-graphics segmentation. Finally, the rough-fuzzy-possibilisticc-means algorithm is used to address the uncertainty
problem of document segmentation. The whole approach is invariant under the font size of text, text line orientation and gray value of the text.
The performance of the proposed technique, along with a comparison with related approaches, is demonstrated on a set of real life document
images.

1. Qualitative Evaluation of Different Text-Graphics Seg-
mentation Methods

This section presents qualitative performance analysis of
different text-graphics segmentation methods applied on more
number of document images. The proposed text-graphics seg-
mentation algorithm [1] is compared with the method using
dyadic wavelet packets andk-means (M1) [4], the technique
usingM-band wavelets andk-means (M2) [2] and the method
using cubic b-spline wavelets andk-means (M3) [3]. The re-
sults are reported in Figs. 1, 2 and 3. It establishes the effec-
tiveness of the proposed algorithm.

2. Qualitative Analysis for Feature Selection Algorithm

The quantitative performance analysis of feature selection
algorithm for different value of feature selection parameterδ
with respect to segmentation metrices, namely, Jaccard index,
Dice coefficient, sensitivity and specificity is reported in [1].
Fig. 4-13 present the importance of feature selection algorithm
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qualitatively varying the value ofδ. The quality of segmentation
improves from left to right in these figures as the increase inthe
value ofδ.

3. Determination for Threshold of Sobel’s Operator

In [1], feature vectors are computed by applying nonlinear
function to each of the subbands generated byM-band wavelet
packet tranform. The window size for nonlinear energy estima-
tion is calculated based on Sobel’s edge operator. The threshold
value for Sobel’s operator is determined by extensive experi-
ment. Fig. 14 reports the average segmentation accuracy of
the dataset used with respect to Jaccard index, Dice coeffcient,
sensitivity and specificity for different values of threshold rang-
ing from 0.65 to 0.99. It can be seen from this figure that as the
value of Sobel parameter increases, starting from 0.65, theaver-
age segmentation accuracy also increases, and it attains highest
level accuracy when Sobel parameter is firmed at 0.95 for the
fifty benchmark document images used in the experiment.
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(a) (b) (c) (d) (e)

Figure 1. Text portion obtained using: (a) input image, (b)M1, (c)M2, (d)M3 and (e) proposed
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(a) (b) (c) (d) (e)

Figure 2. Text portion obtained using: (a) input image, (b)M1, (c)M2, (d)M3 and (e) proposed
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(a) (b) (c) (d) (e)

Figure 3. Text portion obtained using: (a) input image, (b)M1, (c)M2, (d)M3 and (e) proposed
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(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 4. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99

(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 5. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99

(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 6. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99
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(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 7. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99

(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 8. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99

(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 9. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99
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(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 10. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99

(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 11. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99

(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 12. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99
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(a) (b) (c) (d) (e) (f)

(e) (f) (g) (h) (i) (j)

Figure 13. Segmentation results forδ: (a) 0.90 (b) 0.91 (c) 0.92 (d) 0.93 (e) 0.94 (f) 0.95 (g) 0.96 (h) 0.97 (i) 0.98 (j) 0.99
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Figure 14. Average segmentation accuracy for different threshold values of Sobel’s operator
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4. Selection of Clustering Parameters a and w

Throughout the experiments the parameter values ofa and
w are made fixed at 0.50 and 0.95 respectively in [1]. Better
segmentation results even may be obtained using rough-fuzzy-
possibilisticc-means by varying the parametersa and w. In
this section, segmentation accuracy is presented by varying the
parametersa andw as depicted in Figs 15 to 18 for different
images. These figures shows that more desired results may be
obtained for other combination ofa andw for some document
images.
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Figure 15. Segmentation accuracy of various combination ofa andw
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Figure 16. Segmentation accuracy of various combination ofa andw
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Figure 17. Segmentation accuracy of various combination ofa andw
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Figure 18. Segmentation accuracy of various combination ofa andw
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Figure 19. Segmentation accuracy of various combination ofa andw
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Figure 20. Segmentation accuracy of various combination ofa andw
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Figure 21. Segmentation accuracy of various combination ofa andw
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Figure 22. Segmentation accuracy of various combination ofa andw
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Figure 23. Segmentation accuracy of various combination ofa andw
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Figure 24. Segmentation accuracy of various combination ofa andw
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