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Abstract

Detecting text in unstructured scenes is a challenging task because of multi-orientation,
perspective distortion, and variation of text size, color and scale. The problem becomes more
difficult when the multilingual text in different orientations is encountered. In this paper, we
describe the detection of text from natural images which includes images with text having different
languages, different orientation (vertical, horizontal, etc.), different styles (stray images, text shape
etc. Following paper analyses different existing techniques to detect text from different images
including different orientations and styles. We have tested these techniques on standard datasets
that are as follows-ICDAR 2017, MSRA-TD 500, and Personalised Dataset. We apply various
detection algorithms, a combination of exhaustive search and segmentation. Five different existing
algorithms (MSER, Otsu, Edge Based Text Region Extraction, Connected Component Based Text
Region Extraction, and Saliency) are analysed and measured over standard performance
parameters.
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1. Introduction

Text elucidation in a scene image provides the most succinct natural language expressions to
describe the scene detecting text in natural images is a challenging toil under active research.
Detection of text in natural images is an important prerequisite for many content based applications
such as blind navigation, automotive assistance, multilingual translation etc [1]. Detecting and
localizing text in natural images is a challenging task because of variations in background, font,
illumination, orientation, and language. In natural images, a text could appear on many different
kinds of objects like product packaging, road signs, hoardings, medical prescription, signboards on
shops, T-shirts worn by people etc. A lot of research has been going on in the field of text detection
in unstructured images because of its multiple uses like driverless car, geo-location, image-based
machine translation, robotic navigation, and automatic image annotation to name a few. However,
even state-of-the-art systems [1,2,3,4,5] are not able to detect text accurately in complex
environments as there are many factors involved such as potentially poor image quality, image
distortions, motion blur, low contrast, staggering variety of text sizes and fonts, different
orientations of text or presence of patterns visually similar to text. In this paper, we have analysed
existing text detection methods and evaluated in terms of standard performance metrics.

2. Methodology

A major difficulty in detecting text in images captured in an uncontrolled environment is
tremendous variations in illumination and lighting conditions. A number of text detection methods
already exist, however, difficult to judge their performance as the output depends upon many
different parameters. Five different existing methods (MSER, Otsu, Edge Based Text Region
Extraction, Connected Component Based Text Region Extraction, and Saliency) are used in
tandem to detect text regions in images.

2.1 MSER Text Detection

Maximally Stable Extremal Regions [6] is one of the techniques used to detect text regions in these
images. The algorithm thresholds the input image on various gray values and connects the detected
regions into component tree with spatial overlap. For each region, the change of size is calculated
based on the size of the same region in one above and one below levels. MSER works well for text
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region detection because of the high contrast between text and the background along with near
consistent text colors. Out of the multiple extremal regions detected by MSER, the regions
exhibiting spatial proximity along with color, size and stroke width similarity are considered as
text regions.

Enhanced MSER (EMSER) uses morphological operations for preprocessing. The dilation and
reconstruction are used to enhance the images. The region filling is used to fill the text to be
isolated from the background.

The mapping of image is given as I: D ¢ Z — S, Extremal regions are well defined if S is totally
ordered and n adjacency relation is to be defined as A c DXD. The regions are defined
exclusively by the intensity function, this leads to identification of many key characteristics of the
regions.

The input image is loaded and converted into gray image. MSER regions are found for the input
image. All pixels inside the MSER have higher or lower intensities than in the surrounding regions
and regions are selected to be stable over intensity range. The morphological operation dilation and
reconstruction are used to improve the clarity of text and to find the connected components. The
edges of connected regions are isolated using edge detection technique [7].

The step by step procedure of the MSER method is given below:

1. Loading the input image
Load the image | with size where  refers the color intensity
MxNxP xi, j, k
where
Y¥>x(i,j, k) i = 1toM,j — 1toN,k — 1toP
2. Converting to gray color Images
Convert image | into gray scale image 11 where

xi,]-
is the gray scale intensity

11 =YY x(i,j)wherei — 1toM,] — 1toN
3. Image Enhancement
Apply morphological operations image dilation and reconstruction with structuring
element size
3x3 on the regions obtained in step 2.
4. Edge Detection
5. Detect the edges present in the text region.
6. Text Region Detection
Detect regions R which is subset of

11,Qc i1
7. MSER Detection
Detect extremal regions

QcRclforallp € Q,q € 0QanddQ
is the outer region boundary.

2.2 OTSU’S Method

Otsu's thresholding method involves iteration along the entire probable threshold values and
evaluation of standard layout for the entire pixel levels that occupy each side of the threshold [8].
The predominant objective is to compute the threshold value at positions where the addition of
foreground & background spreads is minimally possible. Otsu algorithm attains satisfactory
segmentation results when practiced under noisy constraints [9].

Otsu’s Thresholding

Otsu's method is deployed by several image processing applications to execute histogram based
image thresholding [10] or to transform a gray level image to a
binary image [11]. The algorithm presumes that the image embraces bi-modal histogram (for
instance, foreground and background pixels) and further evaluates the optimum threshold,
partitioning aforementioned two classes so that their joint spread (intra-class variance) is
negligible. The extension of the basic method to multi-level thresholding is named as Multi Otsu
method [12].
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In Otsu's method we minutely explore the threshold that minimizes the intra-class variance (the
variance within the class), defined as a weighted sum of variances of the two classes:

05 () = wo ()ag (t) + w, ()t ()

Aforementioned weights w, and w, are the probabilities of the two classes separated by a
threshold t and 62 and o2 are variances of these two classes.

Otsu formulates that minimization of the intra-class variances is correlative to maximization of the
inter-class variance as:

o5 (t) = 02 — () = wy (O)w, (O) [y () ()]

It is expressed in the terms of class probabilities w; and class means y;.

The class probability w, (t) will then be calculated from the histogram t as:

t
(=) PO)
whereas, the class mean g, (t) is given as:
w1 () = X5 P(D)x (1)

where x(i) is the value at the centre of the histogram bin.

2.3 Algorithm for edge based text region extraction

The basic steps of the edge-based text extraction algorithm are given below [13,14]

e  Create a Gaussian pyramid by convolving the input image with a Gaussian kernel and
successively down-sample each direction by half.

Create directional kernels to detect edges at 0, 45, 90 and 135 orientations.

Convolve each image in the Gaussian pyramid with each orientation filter.

Combine the results of step 3 to create the Feature Map.

Dilate the resultant image using a sufficiently large structuring element (7x7) to cluster
candidate text regions together.

e  Create final output image.

Input R Text - Text .| Character
Image Region Localization Extraction
Detection

Output Image

Figure 1. Basic Block diagram for edge based text extraction

2.4 Algorithm for connected component based text region extraction

The basic steps of the connected-component text extraction algorithm are given below [15]

e  Convert the input image to YUV color space. The luminance value is used for further
processing. The output is a gray image.

e  Convert the gray image to an edge image.

e  Compute the horizontal and vertical projection profiles of candidate text regions using a
histogram with an appropriate threshold value.

e  Use geometric properties of text such as width to height ratio of characters to eliminate
possible non-text regions.

e  Binarize the edge image enhancing only the text regions against a plain black background.

o  Create the Gap Image using the gap-filling process and use this as a reference to further
eliminate non-text regions from the output.
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Figure 2. Basic Block diagram for Connected Component based text extraction

2.5 Saliency Mapping

Color Boosting Saliency: Texts usually have a consistent color which is in contrast with the
background. Information theory is used to enhance color information. The spatial image
derivatives in x direction are represented as fx = (O1x, O2x, Osx)" wWhere O; represent the Opponent
Color Channels. The information content IC, of the image is then given as IC(f) = -log(p(fx))
where p(fy) is the spatial derivative probability. Curvature Saliency: When text edges become
indistinguishable from background, color boosting saliency fails to accurately detect text.
Therefore Curvature Saliency is used along with Color Boosting Saliency. Curvature Saliency, D,
is defined as D = /12, + IZ, + I}, where |, lxy and lyyare second order derivatives of intensity
image. Non salient regions are taken as background regions. However, sometimes background
regions also high saliency. A normal human tendency is to keep text in the centre of the image
when clicking a photo. We exploit this fact to discard salient regions sharing image boundaries
treating them as non text regions.

3. Results And Discussion

In order to compare the existing methods, we conducted qualitative and quantitative experiments
on public datasets.

3.1 Used Datasets

3.11 MSRA-TD500 (TD500)

It is the first standard dataset that focuses on oriented text. The dataset is also multilingual,
including both Chinese and English text. The dataset contains 300 training images and 200 testing
images. Different from ICDAR 15, TD500 is annotated at the level of text lines [16].

3.1.2 ICDAR 2017

There are number of datasets introduced by the International Conference of Document Analysis
and Recognition (ICDAR), labelled by year. All the datasets listed below are scene text datasets,
containing high resolution images (average size of 940 x770) of scenes which contain a variable
amount of text within them[17]. The images are take with a range of cameras around urban areas,
with varying levels of annotation. Many of the images are shared between the different years of
ICDAR detests, including across training and test splits, so care must be taken when training on
one year’s training dataset to evaluate on the test set of another year to avoid training on the test

data.
3.2 Simulation Results (Pictorial Presentation)
| ICDAR | MSER | OTSU | EDGE | CONNECTED | SALIENCY |
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Table 1. Result on ICDAR Dataset
Table 2. Result on MSRA Dataset
MSRA MSER OTSU EDGE CONNECTED SALIENCY
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3.3 Evaluation Metrics (Parametric Evaluation)

In order to evaluate the results objectively, we have use the widely accepted metrics: recall,

precision, F-score.

3.3.1 Precison

Indicates how many of the detected items are relevant. Precision rate takes into
consideration the false positives, which are the non-text regions in the image and

have been detected by the algorithm as text regions.

CorrectlyDetectedWords

PrecisionRate(%) =

X
CorrectlyDetectedWords + FalsePositives

100
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3.3.2  Recall
Indicated how many of the relevant items are detected. Recall rate takes into
consideration the false negatives, which are text words in the image, and have  not been
detected by the algorithm.

CorrectlyDetectedWords

RecallRate(%) = x 100
ecallRate(%) CorrectlyDetectedWords + FalseNegatives

333 F-SCORE
This is the parameter which correlates recall and precision.

3.4 OBJECTIVE RESULT (BASED ON PERFORMANCE METRICS)

Table 3. Results on ICDAR 2017 Challenge 4 Incidental Scene Text Localisation task.

Algorithm Recall rF:recmo F-score

MSER 0.7347 0.8357 0.7819

OoTSU 0.7419 0.8018 0.7707

Edge Algorithm 0.7842 0.7671 0.7755

Connected 06972 0.7497 7273

@Gdoygatient Recal? Rrecision ?—“—score

MSER 0.6102 0.7132 0.6576

| [ |
OTSU 0.6365 0.6341 0.6352
Table 4. Edge Results on

MSRA-TD500 Algorithm 0.7932 0.7421 0.7667

Connected 1 557 0.7092 | 0.6657

Component

Saliency 0.6812 0.6972 0.6891

The results obtained due to applying each algorithm as explained in Sec.2 are shown in Tables.1-2
and Tables. 3-4 on a varied set of images. This shows that MSER performs the best over ICDAR
dataset while Edge algorithm performs the best over MSRA dataset. A good explanation could be
that all the images in ICDAR are horizontally oriented, and MSRA TD-500 dataset include
multiple orientations of images. However, the overall result is also affected by other parameters i.e.
languages, text styles, illumination etc.

4. Conclusion

In this paper, we have analysed various text detection methods which detect text from multilingual
and multi-oriented images and found that image orientation is one of the
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most critical factors in text detection methods including other parameters. Possible directions for
future research can include adapting the geometry formulation to allow direct detection of curved
text, extending the idea to general object detection. The performance of a text detection method
can also be further improved with pre-processing techniques such as image super-resolution and
deblurring.
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