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1. Problem
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End-to-End Text Spotting: Global optimization/ Reduce error accumulation/ maintenance cost
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Text Spotting Pipeline
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Detection RecognitionCrop

End-to-End Text Spotting: Global optimization/ Reduce error accumulation/ maintenance cost

弯曲文本检测+差值采样
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Problem: Recognition relies on detection —— accurate boundaries required

Detection
Annotations

Trade of expansion
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2. Method



If there is only one text …

Industrial OCR scene (Industrial Printing Recognition / Meter Dial Recognition/ Plate License Recognition …) 

Text Spotting ≈ Text Recognition !
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Text Spotting ≈ Text Recognition !
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Sequence 
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(FC)CxHxW

LxHxW

LxC

LxC LxM

C  feature map Channels
H  feature map height
W feature map width
L word max length
M dictionary length

The workflow of single-text-based text spotting



When it comes to multiple text…

Q: How to define the output order (one-to-one matching) ?
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When it comes to multiple text…

Q: How to define the output order (one-to-one matching) ?

If more than one text occupies a grid.   (1) increase grid numbers (2) define the priority
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Q: How to define the output order (one-to-one matching) ?

If more than one text occupies a grid.   (1) increase grid numbers (2) define the priority

Occupy Ratio

Inference Stage



When it comes to multiple text…

CxHxW
(SxS)xHxW
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(SxS)xLxHxW

(SxS)xLxC

(SxS)xLxM

C  feature map Channels
H  feature map height
𝑺𝟐 grid numbers
W feature map width
L word max length
M dictionary length

The workflow of MANGO

Mask(Segmentation) Supervision ≈ Attention Guided



When it comes to multiple text…

• Training network in two phases:

Pre-training:  

Fine-tuning:  

Model only need to be pre-trained once 

• Decouple detection and recognition

 Recognition: rely on rough position (attention)

 Detection: provide accurate position —— used in inference

Mask(Segmentation) Supervision ≈ Attention Guided



3. Experiment



Implement Details:

• Backbone: ResNet-50 + FPN 

• L=25, S=40 (IC13, Total-Text, SCUT-CTW1500) 60 (IC15) 

• Pytorch, 8 32GB-Tesla-V100 GPUs

• Data augmentations: mutl-scale training, rotate, jitters, brightness…

• Single scale testing

• End-to-End metric: IoU > 0.1 (detected by centerline segmentation)

• Sample K valid grids from SxS to save computing cost.



Visualization Results:
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Performance Evaluation:



Effect of Grid Numbers:

Effect of Different Detection Supervisions:



Experiment on CCPD with no detection annotation:



Contact Email:        
qiaoliang6@hikvision.com
chengzhanzhan@hikvision.com

More works from Davar-Lab:

https://davar-lab.github.io/

mailto:qiaoliang6@hikvision.com
mailto:chengzhanzhan@hikvision.com
https://davar-lab.github.io/
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MANGO: A Mask Attention Guided One-Stage Scene Text Spotter

Image to a batch of recognition results without RoI
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