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Arbitrary shape scene text detection based on pixel aggregation and feature
enhancement
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Abstract: Objective Text can be seen everywhere in real life, such as street signs, billboards, newspapers and
other items. The text on these items expresses the information they want to convey. The ability of text detection
determines the level of text recognition and understanding of the scene. With the rapid development of modern
technologies such as computer vision and Internet of Things, many emerging application scenarios need to
extract text information from images. In recent years, some new methods for detecting scene text have been
proposed. However, many of these methods are slow in detection due to the complexity of the huge
post-processing methods of the model, which limits their deployment in reality. On the other hand, the previous
high-efficiency text detectors mainly used quadrilateral bounding boxes for prediction, and it is difficult to
accurately predict arbitrary-shaped scene. Method In this paper, an efficient arbitrary shape text detector is
proposed named non-local pixel aggregation network (Non-local PAN). Non-local PAN follows a
segmentation-based method to detect scene text instances. In order to increase the detection speed, the backbone

network must be a lightweight network. However, the presentation capabilities of lightweight backbone
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networks are usually weak. Therefore, in this paper, a non-local module is added to the backbone network to
enhance its ability to extract features. Resnet-18 is used as the backbone network of Non-local PAN, and
non-local modules are embedded before the last residual block of the third layer. In addition, in this paper a
feature vector fusion module is designed to fuse feature vectors of different levels to enhance the feature
expression of scene texts of different scales. The feature vector fusion module is formed by concatenating
multiple feature vector fusion blocks. Causal convolution is the core component of the feature vector fusion
block. After training, it can predict the fused feature vector based on the previously input feature vector. This
paper also uses a lightweight segmentation head, which can effectively process features with a small
computational cost. The segmentation head contains two key modules, namely the feature pyramid
enhancement module (FPEM) and the feature fusion module (FFM). FPEM is cascadable and has a low
computational cost. It can be attached behind the backbone network to deepen its characteristics of different
scales and make it more expressive. After that, FFM merges the features generated by FPEM of different depths
into the final features for segmentation. Non-local PAN uses the predicted text area to describe the complete
shape of the text instance, and predicts the core of the text to distinguish different text instances. The network
also predicts the similarity vector of each text pixel to guide each pixel to the correct core. Result This method
is compared with other methods on three scene text datasets, and it has outstanding performance in speed and
accuracy. On the ICDAR 2015 dataset, the F value of this method is 1.5% higher than the best method, and the
detection speed reaches 23.1FPS; on the CTW 1500 dataset, the F value of this method is 1.8% higher than the
best method, and the detection speed has reached 71.8FPS; on the Total-Text dataset, the F value of this method
is 0.8% higher than the best method, and the detection speed has reached 64.3FPS, which is far beyond other
methods. In addition, we design parameter setting experiments to explore the best location for non-local module
embedding. Experiments have proved that the effect of embedded the non-local module is better than
non-embedding, indicating that non-local modules play an active role in the detection process. According to the
detection accuracy, the effect of embedding non-local blocks into the second, the third, and the fourth layers of
Resnet-18 is significant, while the effect of embedding the fifth layer is not obvious. Among them, embedding
non-local blocks in the third layer has the best effect. We designed ablation experiments on the ICDAR 2015
dataset for the non-local module and the feature vector fusion module. The experimental results prove that the
superiority of the non-local module does not come from deepening the network, but from its own structural
characteristics. The feature vector fusion module also plays an active role in the scene text detection process. It
combines feature maps of different scales to enhance the feature expression of scene texts with variable scales.
Conclusion In this paper, an efficient text detection method for arbitrary shape scene is proposed, which takes
into account accuracy and real-time. The experimental results show that the performance of our model is better
than the previous methods, and our model is in the leading level in accuracy and speed.

Key words: object detection; scene text detection; neural network; non-local module; pixel aggregation; real-time detection;
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Table 1 Comparison of results of ICDAR 2015 when the

non-local block is embedded in different places in Resnet-18
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Table 2 Comparison of the results of different models on the

ICDAR 2015 dataset

Jiid HEZ i FME O HE

EAST (Zhou %, 2017) 73.5 83.6 782 132
DeepReg (He %, 2017) 80.0 82.0 81.0 143
SegLink (Shi %, 2017) 76.8 73.1 750 139
SSTD (He %, 2017) 73.9 80.2 769 77
TextSnake (Long %%, 2018) 84.9 80.4 82.6 1.1
ATRR (Wang %, 2019) 83.3 90.4 86.6 154
CRAFT (Baek %, 2019) 84.3 89.8 869 125
LOMO (Zhang %, 2019) 83.5 91.3 872 34
PAN (Wang %, 2019) 81.9 84.0 829  26.1
A JE 82.7 85.1 838  23.1
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Table 3 Comparison of the results of different models on the

CTW 1500 dataset
Jiid HEZ R P W
EAST (Zhou %, 2017) 49.1 78.8 60.4 212
SegLink (Shi £, 2017) 40.0 423 408 107
SSTD (He %, 2017) 73.9 80.2 769 1.7
TextSnake (Long %%, 2018) 67.9 85.3 756 5.6
ATRR (Wang %, 2019) 80.2 80.1 80.1 225
CRAFT (Back %, 2019) 81.1 86.0 8.5 197
LOMO (Zhang %, 2019) 69.6 89.2 784 4.4
PAN (Wang %, 2019) 77.4 82.7 799 842
K7k 78.9 83.8 813 718
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Table 4 Comparison of the results of different models on the

Total-Text dataset

WAREA AEE e P EEE

EAST (Zhou %, 2017) 36.2 50.0 420 198
SegLink (Shi £, 2017) 23.8 30.3 267 9.1
TextSnake (Long %%, 2018) 74.5 82.7 784 4.7
ATRR (Wang %, 2019) 76.2 80.9 785 254
CRAFT (Back %, 2019) 79.9 87.6 83.6 216
LOMO (Zhang %, 2019) 75.7 88.6 81.6 4.4
PAN (Wang %, 2019) 81.0 89.3 850  39.6
K7k 82.9 89.9 863 343
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