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Abstract: Scene text detection has been developing in recent years. It is due to its numerous 
practical applications, such as automatic text translation, assist visually impaired people, content-
based image retrieval and so on. In this work, we propose a quadtree-based candidate text regions 
extraction (CTR) to localize texts in the scene image. The CTR takes the advantage of color 
consistency of text. The result of CTR is a CTR map, extracted by dividing the image into 
homogeneous regions with quadtree and performing a dilation operation. To perform text 
localization and classification, a convolutional neural network (CNN) is adopted. The final result 
is taken from the bounding box of CNN which is compared with the CTR map. The experiments 
on MSRA-TD500 and ICDAR 2013 show that the proposed method outperforms the previous 
ones, and it achieves a competitive result on ICDAR 2015. The proposed method achieves F-
score of 78.69%, 91.59%, 82.15% on MSRA-TD500, ICDAR 2013, and ICDAR 2015 datasets 
respectively. 
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1. Introduction
Scene text detection is a system that aims to find and localize text regions from a natural

scene image. Scene text detection has been developing in recent years. It is due to its numerous 
practical applications in textual image understanding. An effective scene text detection can 
improve the performance of several multimedia applications such as automatic language 
translation, content-based image retrieval, robot navigation, autonomous driving, assisting 
visually impaired people, etc. 

Detecting text in natural scene images are highly challenging and more complex than text in 
documents. In the past years, researchers have proposed numerous methods to perform scene 
text detection. Epshtein et al. [1] proposed a method to detect character candidates by finding 
the value of stroke width for each image pixel. However, it may produce false positives when 
the object resembles letters. Turki et al. [2] proposed a method to detect character candidates by 
exploiting Maximally Stable Extremal Regions (MSER) [3]. However, MSER may sensitive to 
blur and strong illumination. Wang et al. [4] proposed superpixel segmentation and hierarchical 
clustering to detect character candidates. The proposed superpixel segmentation exploits color 
and edge information, and then the single-link clustering extracts the character candidates. Zhang 
et al. [5] proposed a method to detect character candidates by exploiting symmetry (with color 
and structure) and appearance (using Local Binary Pattern) feature of character groups. 
However, it may fail to detect text with low contrast or strong illumination, single character, or 
large space between characters. Zhang et al. [6] proposed a method to detect multi-oriented text 
by utilizing Fully Convolutional Network (FCN) [7]. Zhou et al. [8] proposed a network called 
Efficient and Accuracy Scene Text detection (EAST) to perform scene text detection. This was 
the first work that gained significant balanced within efficiency and accuracy. Liu et al. [9] 
proposed an end-to-end network called Fast Oriented Text Spotting (FOTS) which covered both 
detection and recognition task. The text detector adopted FCN model and NMS to generate 
detection results. This model outperforms previous state-of-the-art methods. However, the model 
may result false prediction against text-like pattern or failed to detect text with very similar color 
with its background.  
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Recently, most methods of scene text detection are built upon deep learning models [10]. The 
methods have obtained promising results, and able to deal with various challenging scenarios 
like long text, multi-oriented text, multilingual text, and multi-scale text. However, the 
performance of deep learning model or machine learning model mainly depends on the training 
data. The model could achieve a perfect prediction when the input is the same or similar with the 
data which its trained on, yet output false prediction (either false positive or false negative) when 
the input is completely new which never trained on. The false positive prediction can be reduced 
by filtering the prediction with a non-learning method, such as connected component based 
methods. The most popular methods for this approach are Maximally Stable Extremal Regions 
(MSER) [11] and Stroke Width transform (SWT) [1]. However, these methods are sensitive to 
low contrast and small text. 

In this work, we propose a method to extract the text candidates. To address the low contrast 
problem, we adopted a contrast enhancement technique which can improve the image contrast. 
Furthermore, to address the small text problem, we observe that text has nearly similar color. 
Since text has nearly similar color, despite the text size variation we can distinguish text and the 
background by its color. Taking advantage of this definition, we propose a novel method for 
extracting text candidates. 

The pipeline of the proposed scene text detection is as follows. Firstly, a contrast 
enhancement is performed to adjust the contrast. Then, candidate text regions are extracted by 
dividing the image into homogeneous regions with quadtree and perform a dilation operation. 
This process is called candidate text regions (CTR) extraction. The result of CTR extraction is a 
CTR map. To perform a localization and classification, a Convolutional Neural Network (CNN) 
is adopted. The model prediction is a bounding box which covered the text location. Finally, the 
bounding box is evaluated agains the CTR map to reduce false positive prediction. 

In summary, our main contribution is the CTR extraction process. Based on experiments, we 
show that the proposed method improves the detection performance by reducing the false 
positive prediction. The rest of the paper is organized as follows. Section 2 describes the 
proposed method. Section 3 presents the experimental results and discussions. Finally, section 4 
offers the conclusion remarks. 

2. Research Method
The proposed design method consisted of 4 main steps: preprocessing, candidate text regions

extraction (CTR), detection network, and bounding box filtering. The proposed scene text 
detection method is illustrated in Figure 1. 

Scene Image

Preprocessing

Detection 
Network CTR

Bounding Boxes 
Filtering

Detection Result

Start

End

Figure 1. Flowchart of the proposed scene text detection. 
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A. Preprocessing 
 The scene image is resized to a fixed size to accelerate the performance of extraction process. 
After the image is resized to a new size, the image is converted to L*a*b* color space. Then, a 
contrast enhancement is performed by employing Contrast Limited Adaptive Histogram 
Equalization (CLAHE). The color conversion process (RGB to L*a*b*) is performed to satisfy 
the CLAHE, since CLAHE involves the image intensity and not the color components. 
Furthermore, L*a*b* is more perceptually-uniform than other color spaces. Therefore, the 
CLAHE is performed on L* (lightness) space instead of each space of RGB.  Finally, the contrast 
enhanced image is converted back to RGB color space as the result of the preprocessing and will 
be used for CTR and detection network. 
 
B. Candidate Text Regions Extraction (CTR) 
 We propose a candidate text regions extraction by implementing quadtree and dilation 
process. The quadtree is employed for segmenting image by dividing it into homogeneous 
regions. If the image region is homogeneous, then a single leaf node is created. Otherwise, the 
image is divided into four quadrant regions: (North West (NW), North East (NE), South West 
(SW), and South East (SE). This process is repeatedly performed until the homogeneous region 
is obtained. A region is labeled as homogeneous if all pixels inside the region satisfy a threshold 
value of standard deviation for each color space. Then, after the homogeneous region is obtained, 
a dilation operation is performed, and finally the output is a CTR map. The algorithm is 
summarized in Algorithm 1. 
 

Algorithm 1: Candidate text regions extraction algorithm 

Input:   Image (RGB) I, homogeneous threshold t, dilation kernel k, minimum region size 
threshold ts 

Output: CTR map C 

1:  Initialize list homogen and heterogen 

2:  Insert I to heterogen 

3:  while heterogen is not empty do 

4:     Let the first element of heterogen as node 

5:    Calculate standard deviation of node for each color space stdr, stdg, stdb 

6:     if standard deviation > t & node region size > ts then 

7:         Divide node into four quadrants NW, NE, SW, SE 

8:         Insert NW, NE, SW, SE to heterogen 

9:     else 

10:          Insert node to homogen 

12:     end 

13:  end 

14:  Draw a binary image of regions in homogen node(s) as B 

15:  Run dilation operation on B with kernel k as C 

 
Example illustration of the CTR is depicted in Figure 2. The CTR map is represented in binary 
image, 1 (white) for text region and 0 (black) for non-text region. 
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(a) Input Image (b) Homogeneous Regions (c) CTR Map 
Figure 2. Example illustration of the CTR. 

 
C. Detection Network 
 Detection network is designed to perform classification and localization. In this work the 
network architecture is adopted from an Efficient and Accurate Scene Text Detector (EAST) [8]. 
The network architecture consists of three parts: feature extractor, feature-merging, and output 
layer. The feature extractor is a VGG16-BN. The feature-merging gradually merge the feature 
maps and produce the final feature map and fed it to the output layer. The final output layer 
produce score map and quadrangle (QUAD) geometry map. To calculate the loss, EAST loss 
function is adopted. Finally, the result of the network (QUAD geometry) merged with a Non-
Maximum Suppression (NMS) which is also adopted from EAST. The result of the network is 
bounding boxes (quadrilateral) which represent the text location. The network is depicted in 
Figure 3. 

 
Figure 3. Schematic diagram of detection network [8]. 

 
D. Bounding Box Filtering 
 The result of detection network is bounding boxes. We propose bounding box filtering by 
evaluating the result obtained from detection network against the CTR map (binary image) 
information. Each bounding box is evaluated by the corresponding score on the CTR map 
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(illustrated in Figure 4). A bounding box is labeled as detection result when its score s is more 
than a specified threshold value.  
 

 

 

   

(a) (b) (c) (d) (e) 
Figure 4. Example illustration of Bounding Box Filtering: (a) input image; (b) CTR map; (c) 

Detection network result; (e) Bounding box score; (e) Detection result 
 
The score is defined as 
 s = 𝛴𝛴𝑖𝑖=1

𝑛𝑛 𝑃𝑃𝑖𝑖
𝑛𝑛

                                                                                                                              (1) 
where, 𝑛𝑛 is the number of pixels in part of the CTR map which locations are within the area of 
corresponding bounding box, and 𝑝𝑝𝑖𝑖 is the pixel value.  
 The detailed process of bounding box filtering is defined in Algorithm 2. 
 

Algorithm 2: Bounding box filtering algorithm 

Input:    Bounding boxes B, CTR map M 

Output: Detection Result final 

1:  Initialize list final 

2:  Let i the first position of B 

3:  while i is not the last position of B do 

4:     Let b the bounding box at position i 

5:     Calculate the score s of b based on M 

6:     if s > 0.9 then 

7:         Insert b to final 

8:     end 

  9:  end 

 
E. Bounding Box Merging 
 The detection network is designed and trained on word based text. The ICDAR 2013 and 
ICDAR 2015 datasets ground truth is based on words which is suitable for the network. However, 
the MSRA-TD500 ground truth is a sequence of words. Therefore, for the MSRA-TD500 a post-
processing is performed to merge the detection network result as a long text. The merge process 
is performed by measuring 𝑳𝑳𝟐𝟐 distance (euclidean distance) and angle difference of the rectangle 
to its neighbors. The angle difference α𝑃𝑃𝑃𝑃 is defined as 
 α𝑃𝑃𝑃𝑃 =  |𝑎𝑎𝑃𝑃 − 𝑎𝑎𝑁𝑁|                                                                                                                              (2) 
where, 𝑃𝑃 is the current rectangle, 𝑁𝑁 is the neighbor, 𝑎𝑎𝑃𝑃 is the angle value of 𝑃𝑃 and 𝑎𝑎𝑁𝑁 is the angle 
value of 𝑁𝑁. 
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 To measure the distance, let 𝐶𝐶 = {𝑥𝑥1,𝑦𝑦1, 𝑥𝑥2,𝑦𝑦2, 𝑥𝑥3,𝑦𝑦3, 𝑥𝑥4,𝑦𝑦4} as the coordinates of the 
rectangle, where {𝑥𝑥1,𝑦𝑦1, 𝑥𝑥2,𝑦𝑦2, 𝑥𝑥3,𝑦𝑦3, 𝑥𝑥4,𝑦𝑦4} is the top left, top right, bottom right, and bottom 
left coordinate of the rectangle respectively. Supposed 𝑃𝑃 is the current rectangle and 𝑁𝑁 is the 
neighbor, then the distance 𝐷𝐷 of a 𝑃𝑃 to 𝑁𝑁 is defined as 
 

 
𝑙𝑙1 =

𝑥𝑥2+𝑥𝑥3

2
−

𝑥𝑥1+𝑥𝑥4

2

𝑙𝑙2 =
𝑦𝑦3+𝑦𝑦4

2
−

𝑦𝑦1+𝑦𝑦2

2

                                                                                                                              (3) 

 

𝑃𝑃𝐶𝐶1 = �
(
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2
,
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2
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2
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2
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2
), otherwise

                                                                                                                   (4) 

 

𝑁𝑁𝐶𝐶1 = �
(
𝑥𝑥1+𝑥𝑥4
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,
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2
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(
𝑥𝑥1+𝑥𝑥2

2
,
𝑦𝑦1+𝑦𝑦2

2
), otherwise
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(
𝑥𝑥2+𝑥𝑥3

2
,
𝑦𝑦2+𝑦𝑦3
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𝐷𝐷1 = �(𝑁𝑁𝐶𝐶2𝑥𝑥 − 𝑃𝑃𝐶𝐶1𝑥𝑥)2 + (𝑁𝑁𝐶𝐶2𝑦𝑦 − 𝑃𝑃𝐶𝐶1𝑦𝑦)2

𝐷𝐷2 = �(𝑃𝑃𝐶𝐶2𝑥𝑥 − 𝑁𝑁𝐶𝐶1𝑥𝑥)2 + (𝑃𝑃𝐶𝐶2𝑦𝑦 − 𝑁𝑁𝐶𝐶1𝑦𝑦)2
                                                                                              (6) 

 𝐷𝐷 = �
𝐷𝐷1, if 𝑃𝑃𝐶𝐶1𝑥𝑥 > 𝑁𝑁𝐶𝐶2𝑥𝑥
𝐷𝐷2, otherwise                                                                                                                               (7) 

where, 𝑃𝑃𝐶𝐶1𝑥𝑥  is the 𝑥𝑥 coordinate value of 𝑃𝑃𝐶𝐶1, 𝑃𝑃𝐶𝐶1𝑦𝑦  is the 𝑦𝑦 coordinate value of 𝑃𝑃𝐶𝐶1, 𝑃𝑃𝐶𝐶2𝑥𝑥  is the 𝑥𝑥 

coordinate value of 𝑃𝑃𝐶𝐶2, 𝑃𝑃𝐶𝐶2𝑦𝑦  is the 𝑦𝑦 coordinate value of 𝑃𝑃𝐶𝐶2, 𝑁𝑁𝐶𝐶1𝑥𝑥  is the 𝑥𝑥 coordinate value of 

𝑁𝑁𝐶𝐶1, 𝑁𝑁𝐶𝐶1𝑦𝑦  is the 𝑦𝑦 coordinate value of 𝑁𝑁𝐶𝐶1, 𝑁𝑁𝐶𝐶2𝑥𝑥  is the 𝑥𝑥 coordinate value of 𝑁𝑁𝐶𝐶2, and 𝑁𝑁𝐶𝐶2𝑦𝑦  is 

the 𝑦𝑦 coordinate value of 𝑁𝑁𝐶𝐶2. 
 A rectangle will be merged with its neighbor if the distance 𝐷𝐷 is less than a specified threshold 
value and the angle difference α is less than a specified threshold value. 
 
3. Results and Discussion 
 We evaluate the proposed method on three public datasets: MSRA-TD500 ICDAR 2013, and 
ICDAR 2015 using the standard evaluation protocol of each dataset, and compare with the 
previous works. 
 
A. Datasets 
 MSRA-TD500 [12] was released in 2012 for scene text detection task. The dataset contains 
300 training images and 200 testing images with complex background and large variation of text 
pattern (fonts, colors, sizes, orientations, languages). ICDAR 2013 [13] was released in 2013 for 
scene text detection and recognition task. The dataset contains 229 training images and 233 
testing images in different resolutions, and mostly horizontal text (some text slightly oriented). 
ICDAR 2015 [14] was released in 2015 for scene text detection and recognition task. The dataset 
contains 1000 training images and 500 testing images with varying orientation, scale, and 
resolution. 
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B. Implementation Details 
 Our method is implemented using OpenCV [16] for basic image processing library and 
PyTorch [17] for developing the model. The experiments are conducted on a workstation (GPU: 
GeForce GTX 1080 Ti; RAM: 12 GB; CPU: Intel Core i7-37770 CPU @ 3.40GHz×8) and a 
regular laptop (CPU: AMD Ryzen 5 2500u; RAM: 12GB). The proposed method is performed 
with following parameters: 

• Preprocessing. If the input image width > 512, we resize the width to 512 and the 
height following the aspect ratio. 

• CTR. We set the homogeneous threshold to 10, minimum region size threshold to 49, 
and dilation kernel size to 15×15. 

• Bounding boxes merging. We perform bounding boxes merging only on MSRA-
TD500 dataset. We set the distance threshold to 80. 

• Detection Network Training. The model is pre-trained on SynthText, then finetuned 
on MSRA-TD500, ICDAR 2013, and ICDAR 2015 datasets until convergence. The 
model is optimized using ADAM [15] with the learning rate set to 1𝑒𝑒−5. The image is 
resized to 512×512 and batch size set to 24. 

 
C. Evaluation of Bounding Box Merging 
 The performance of bounding boxes merging is shown in Table 1. 

Table 1. Comparison with and without proposed bounding box merging on MSRA TD-500 
with percentage scores. 

Method Precision Recall F-score 
without merging 58.06 76.66 66.07 

with merging 75.54 82.11 78.69 
 
 Table 1 demonstrates that the proposed bounding box merging improve the system 
performance on MSRA-TD 500. The system achieves 78.69% in F-Score, which 19.1% higher 
than without using the merging process. 
 

 
 

 

  

(a) without merging (b) with merging 
Figure 5. Example result of bounding box result. 

 
 Figure 5 illustrates example of bounding boxes merging on MSRA-TD500 dataset. It 
demonstrates that the proposed bounding box merging are able to merge text in horizontal or 
vertical position. However, the proposed bounding boxes merging process is limited to curved 
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text, due to its angle difference similarity. Figure 6 illustrates example of bounding boxes 
merging on curved text. 
 

   

(a) without merging (b) with merging (c) Ground truth 
Figure 6. Example illustration of the proposed bounding boxes merging limitation on  

curved text. 
 
D. Evaluation of Candidate Text Regions Extraction (CTR) 
 The performance of scene text detection with and without the proposed preprocessing and 
CTR are shown in Table 2. The proposed preprocessing and CTR improve the precision which 
improved the F-score. The proposed preprocessing and CTR improve the precision which 
improved the F-score. The improvement of precision infers that the proposed preprocessing and 
CTR can reduce false positive prediction. 
 

Table 2. Comparison with and without preprocessing and CTR with percentage scores. 
“PCTR”, “P”, “R”, “F” stand for “Preprocessing+CTR”, “Precision”, “Recall”, “F-score” 

respectively. 

Method MSRA TD-500 ICDAR 2013 ICDAR 2015 
P R F P R F P R F 

Detection 
Network 73.71 82.11 77.73 92.77 88.73 90.74 80.15 79.44 79.79 

Detection 
Network 
+ PCTR 

75.54 82.11 78.69 94.56 88.73 91.59 85.05 79.44 82.15 

 
 Table 2 demonstrates that the proposed preprocessing and CTR improve the system 
performance on MSRA-TD500, ICDAR 2013, and ICDAR 15 datasets. On MSRA-TD500 the 
proposed achieves 78.69% in F-score, which is 1.24% higher than only using the detection 
network. Then, on I ICDAR 2013 the proposed achieves 91.59% in F-score, which is 0.94% 
higher than only using the detection network. Finally, on ICDAR 2015 the proposed achieves 
82.15% in F-score, which is 2.96% higher than only using the detection network. Figure 6 
illustrates example of detection network output bounding box and the bounding boxes filtering 
result. 
 
E. Evaluation of Detection Performance 
 The comparison performance of the proposed scene text detection system and the previous 
works is shown in Table 3.  
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Table 3. Comparison with other results with percentage scores “P”, “R”, “F” stand for 
“Precision”, “Recall”, “F-score” respectively. 

Method MSRA TD-500 ICDAR 2013 ICDAR 2015 
P R F P R F P R F 

EAST [8] 87.28 67.43 76.08 - - - 83.27 78.33 80.72 
FOTS [9] - - - - - 87.32 88.84 82.04 85.31 
EAST [8] 87.28 67.43 76.08 - - - 83.27 78.33 80.72 

Ch’ng et al. 
[18] - - - 90 83 88 80 66 73 

Turki et al. 
[2] 72 79 75.33 87.25 84.15 85.87 52 49 50.45 

Wang et al. 
[4] - - - 81.86 87.43 84.56 - - - 

Zhang et al. 
[6] 83 67 74 88 78 83 71 43 54 

Zhang et al. 
[5] - - - 88 74 80 - - - 

Proposed 76.64 82.11 78.69 94.65 88.73 91.59 85.05 79.44 82.15 
 
 As shown in Table 3, on MSRA-TD500 the proposed method achieves competitive 
performance. The proposed method achieves 78.69% in F-score, which is 3.43% higher than the 
second best. Then, on ICDAR 2013 the proposed method outperforms the previous works 
performance. The proposed method achieves 91.59% in F-score, which is 4.89% higher than the 
second best. Finally, on ICDAR 2015 the proposed method achieves competitive performance. 
FOTS achieves the best F-score, which is 3.85% higher than the second best (the proposed 
method). Figure 7 illustrates example result of the proposed scene text detection system on 
MSRA-TD500, ICDAR 2013, and ICDAR 2015 datasets. It also demonstrates that the proposed 
method able to detect text with small size, low contrast, multi-oriented, multilingual, and multi-
scale. 
 

  

 

(a) Non-latin and diagonal 
orientation 

(b) Latin, small size, low 
contrast, and horizontal 

orientation 

(c) latin and vertical orientation 

Figure 7. Example of detection result. 
 
4. Conclusion 
 In this work, we propose a scene text detection system which is designed to cover small text, 
low contrast, multi-oriented, multilingual, and multi-scale problems in scene text detection topic. 
The pipeline consists of preprocessing, candidate text regions extraction (CTR), detection 
network, and bounding boxes filtering. The experiments on MSRA-TD500, ICDAR 2013, and 
ICDAR 2015 demonstrate that the proposed method outperforms the previous work on MSRA-
TD500 and ICDAR 2013, and achieves competitive result on ICDAR 2015. 
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