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Abstract

To address the challenge of Uyghur text detection in natural scenes, an im-
proved single deep neural network is proposed. The network architecture con-
sists of a Uyghur text feature extraction component and a multi-layer feature
fusion-based text detection component, trained in an end-to-end manner to pre-
dict the positions of Uyghur text bounding boxes and their confidence scores.
The Uyghur text feature extraction component utilizes convolutional neural net-
works to extract multi-scale and multi-level Uyghur text features from natural
scene images containing Uyghur text. The multi-layer feature fusion-based text
detection component then employs the features extracted by the Uyghur text
feature extraction component to predict the positions of text bounding boxes
and the confidence scores of Uyghur text categories. Analysis reveals that, un-
like Chinese and English text detection, Uyghur text exhibits more distinctive
characteristics. To accommodate these characteristics, default boxes with mul-
tiple aspect ratios and sizes were designed, and the sizes of some convolutional
kernels were adjusted. Experiments on a dataset of images containing Uyghur
text in natural scenes demonstrate that the improved single deep neural net-
work method considers the impact of multi-scale and multi-level features on
detection accuracy, achieving accuracy and F-score of 0.7234 and 0.6115, re-
spectively, thereby improving detection accuracy.

Full Text
Abstract

To address the challenges of detecting Uyghur text in natural scenes, this paper
proposes an improved single deep neural network for Uyghur text detection.
The network architecture comprises a Uyghur feature extraction component
and a multi-layer feature fusion text detection component, trained end-to-end
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to predict the location and confidence of Uyghur text bounding boxes. The
feature extraction component utilizes convolutional neural networks to extract
multi-scale and multi-level Uyghur features from natural scene images. The
detection component then employs these extracted features to predict text box
positions and category confidence scores. Analysis reveals that Uyghur text
possesses more distinctive characteristics compared to Chinese and English text.
To accommodate these features, we design default boxes with multiple aspect
ratios and scales, and adjust the size of certain convolution kernels. Experiments
on a dataset of natural scene images containing Uyghur text demonstrate that
the improved single deep neural network effectively leverages multi-scale and
multi-level image features to enhance detection accuracy, achieving precision
and F-value of 0.7234 and 0.6115, respectively.

Keywords: Uyghur text detection; single deep neural network; multi-scale
features

0 Introduction

Text serves as the most direct representation of high-level semantic informa-
tion in images and plays an indispensable role in image understanding. Text
detection in natural scenes has long been a challenging task in the field of op-
tical character recognition. The difficulties include non-uniform illumination,
low contrast, partial occlusion, multi-oriented text, and perspective distortion
caused by camera angles, as illustrated in [Figure 1: see original paper].

Uyghur text detection faces additional challenges specific to the script. Uyghur
is an agglutinative language with subject-object-verb (SOV) word order. Nouns
inflect for number and case, with six grammatical cases: nominative, accusative,
dative, genitive, ablative, and locative. The Uyghur alphabet consists of 32 let-
ters (8 vowels and 24 consonants) with 128 character forms. Each letter appears
in four different positional variants (final, medial, initial, and isolated forms) de-
pending on its position within a word. Uyghur words are formed by connecting
these characters into ligatures along a horizontal baseline. Furthermore, some
Uyghur letters share the same basic shape and are distinguished only by dots
placed above, below, or inside the character. These dots can be easily mis-
taken for noise [2]. The baseline feature represents a particularly distinctive
characteristic of Uyghur script, as shown in [Figure 2: see original paper].

1 Related Work

Existing approaches to address these challenges can be categorized into three
main groups: texture-based methods, connected component-based methods, and
hybrid approaches.

Texture-based methods [3,4] exploit the observation that text regions exhibit
distinct texture patterns compared to background areas. These approaches typ-
ically employ sliding windows to extract features such as Local Binary Patterns
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(LBP) and Histograms of Oriented Gradients (HOG). However, they often lack
robustness for multi-oriented text and significant scale variations, and incur high
computational costs.

Connected component-based methods [5,6] extract candidate text regions using
techniques like edge detection [7], Maximally Stable Extremal Regions (MSER
[8-11]), and color-enhanced contrast regions. These candidates are then filtered
using specially designed rules or trained classifiers (e.g., SVM) to eliminate non-
text components.

For Uyghur text detection specifically, Fang et al. [2] utilized convolutional neu-
ral networks to detect Uyghur text in complex background images. Tursun et
al. [12] employed Harris corner detection and mathematical morphology to gen-
erate candidate text regions, applying heuristic rules to remove typical non-text
areas and leveraging the baseline feature of Uyghur text for candidate valida-
tion. Li et al. [13] used corner detection in homogeneous image space to rapidly
obtain candidate text regions and proposed an improved LBP feature for clas-
sifying Uyghur text candidates, though this method’ s effectiveness depends
heavily on the completeness of the initial corner detection. Liu et al. [14] estab-
lished a baseline structural feature based on detected texture and edge features,
but this approach is vulnerable to complex backgrounds and unknown noise in
natural scene images that can affect binarization and degrade baseline feature
extraction, resulting in reduced detection accuracy.

2 Algorithm Design

The overall framework of our natural scene Uyghur text detection system is
shown in [Figure 3: see original paper]. The process involves: (1) acquiring
natural scene images containing Uyghur text and annotating the text regions;
(2) feeding the samples into the improved single deep neural network’ s feature
extraction component to extract raw image features; (3) passing these features
to the multi-layer feature fusion detection module for Uyghur text presence
determination and localization.

The main contributions of this work are: a) An improved single deep neural net-
work architecture that extracts multi-level and multi-scale features from natural
scene Uyghur text images. b) Design of multi-scale, multi-aspect-ratio default
boxes and adjustment of certain convolution kernel sizes to accommodate the
characteristics of Uyghur text lines in natural scenes.

We adopt the single deep neural network structure from TextBoxes [15], which
achieved good performance in English text detection, and enhance it by adding
a text box layer, redesigning the aspect ratios of candidate boxes, and adjusting
convolution kernel sizes to suit Uyghur text line detection. Our improved single
deep neural network employs a feature pyramid detection approach that inte-
grates feature maps from different convolutional layers for separate detection,
then combines results through non-maximum suppression (NMS) to directly
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predict object categories and bounding boxes. The overall network architecture
is shown in [Figure 4: see original paper].

The network consists of 28 fully convolutional layers. The first 13 layers are
from VGG-16, followed by 11 additional convolutional layers. Text box layers
are connected to 6 convolutional layers. At each feature map location, a text
box layer predicts a 30-dimensional vector comprising text presence scores and
offsets for 5 default boxes. NMS is applied in the final stage to fuse all text box
outputs.

The multi-layer feature fusion detection component is the key part of our im-
proved network. Conditioned on input feature maps, it simultaneously predicts
Uyghur text presence and text box locations. At each feature map location,
it outputs classification scores and position offsets for associated default boxes
through convolutional operations.

We utilize features extracted from conv4 3, conv7, conv8_ 2, conv9_2,
convl0_2, and convll_2 to generate 5 types of default boxes at each layer.
These default boxes are mapped back to the original image. For a convolutional
feature map of size WxH, the layer generates 5xWxH default boxes, as
illustrated in [Figure 5: see original paper]. Two different 3x5 convolution
kernels are applied to the output feature maps of these six convolutional layers.
This rectangular receptive field design better fits Uyghur text’ s larger aspect
ratios. One branch outputs classification confidence (2 categories: Uyghur text
and background), while the other outputs regression coordinates (4 values per
default box).

The training objective function combines localization loss and confidence loss:

1
loss(z,¢,l,g) = N(lossconf(x, ¢)+ a-loss, (2,1, 9))

where the localization loss is:
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Here, N represents the number of matched default boxes, g denotes ground-truth
box parameters, « is a balance factor set to 1, [ represents predicted boxes, d
represents default boxes, (c,, cy) are default box center coordinates, and w, h
are default box width and height. zfj = 1 indicates that the i-th default box
matches the j-th ground-truth box of class p; otherwise xfj =0.

2.1 Dataset Construction

Due to the lack of publicly available annotated Uyghur text datasets in natural
scenes, we constructed our own dataset collected by the Pattern Recognition and
Intelligent Control Laboratory of Xinjiang University’ s Electrical Engineering
College from street views in Urumgqi, with a small portion downloaded from
the internet. The images include billboards, signs, road markers, and bulletin
boards. Most text is Uyghur, mixed with small amounts of Chinese and minimal
English/Arabic numerals. Text varies in size, color, and location. Since the
network requires uniform input sizes, all images were resized to 350x500 pixels.

The original 660 images were randomly split into 550 training samples and
110 test samples. Data augmentation was applied to the training set, yielding
3,930 augmented images. All images were annotated using the Label-Image tool,
with Uyghur text coordinates manually labeled for evaluation. The final dataset
contains 4,590 JPG images with 4,590 XML label files. Training and test set
details are shown in .

Data Augmentation: Original images were transformed through color varia-
tions, contrast changes, and addition of Gaussian noise at four different scales.

Training Process: Training images were uniformly resized to 350x500 pixels
with random horizontal flipping. Stochastic Gradient Descent (SGD) was used
with weight decay 0.0005, momentum 0.9, initial learning rate 0.01 (reduced
by 0.1 every 40,000 iterations). Sample training and test images are shown in
[Figure 6: see original paper] and [Figure 7: see original paper].

Matching Strategy: Ground-truth boxes are matched with default boxes
based on Intersection over Union (IoU) overlap. Pairs with IoU > 0.6 are
considered positive samples (Uyghur text), while unannotated Chinese/English
regions are treated as negative samples (background).

Hard Negative Mining: After matching, we control the negative-to-positive
sample ratio (3:1) by sorting negative predictions by confidence and selecting
the top ones, ensuring stable and efficient optimization.

3 Experiments and Analysis

We formulate Uyghur text detection as a binary classification problem (text
vs. background) with bounding box regression, adopting a fine-tuning strategy
on VOC2007-format data.
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Experimental Platform: Ubuntu 16.04, Caffe framework, 8GB RAM, Intel
i7 CPU, NVIDIA GeForce GTX 1080 GPU with 8GB memory.

3.1 Dataset and Evaluation Metrics

Common evaluation metrics for object detection include:

Number of correctly detected text boxes

Precision =
Total number of detected text boxes
Number of correctly detected text boxes
Recall = -
Total number of text boxes in dataset
2 x Precision x Recall
F-value =

Precision + Recall

3.2 Feature Extraction

CNNs exhibit translation invariance, scale invariance, and robustness to various
distortions in object detection. Since feature detection layers learn from training
data, manual feature design and extraction are unnecessary.

[Figure 8: see original paper| shows a test image, while [Figure 9: see original
paper] visualizes feature maps from various convolutional layers during detection.
Different layers capture features at different scales: convl_1 through conv2_2
learn basic features like color and edges (low-level global features), while deeper
layers extract high-level local features.

[Figure 10: see original paper| displays learned convolution kernels from our
trained network, demonstrating that the kernels are automatically learned from
training data rather than manually designed.

3.3 Results Analysis

Training results are summarized in , showing average detection precision versus
iteration count. Overall precision increases with training iterations, reaching
approximately 0.57 at peak.

Impact of Network Structure: Performance comparison using different
feature map layers for text box prediction is shown in (IoU = 0.5). Adding
convll_2 features improves prediction performance by incorporating more
multi-level and multi-scale features, along with appropriately designed default
boxes and adjusted kernel sizes.

Method Comparison: compares different methods on our dataset. While our
recall is lower than Faster-RCNN, our F-value and precision are higher than both
Faster-RCNN and TextBoxes at IoU thresholds of 0.5 and 0.6, demonstrating
superior overall performance. Sample successful detections are shown in [Figure
11: see original paper].
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4 Conclusion

This paper presents an improved single deep neural network for Uyghur text de-
tection in natural scenes. Experiments demonstrate that the improved network
effectively leverages multi-scale and multi-level image features to enhance detec-
tion accuracy. Future work will focus on: (1) developing polygonal bounding
box regression to handle multi-oriented text and reduce accuracy loss from rect-
angular box regression; (2) fusing traditional features with deep neural network
features for Uyghur text detection.
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Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-201805.00437 Machine Translation


https://chinarxiv.org/items/chinaxiv-201805.00437

	Postprint of Uyghur Text Detection in Natural Scenes Based on an Improved Single Deep Neural Network
	Abstract
	Full Text
	Abstract
	0 Introduction
	1 Related Work
	2 Algorithm Design
	2.1 Dataset Construction

	3 Experiments and Analysis
	3.1 Dataset and Evaluation Metrics
	3.2 Feature Extraction
	3.3 Results Analysis

	4 Conclusion
	References


