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Problem Definition @) 1= )i

[

Text detection is the process of predicting the presence of text and localizing each

instance, usually at character, word or line level.

Horizontal text Oriented text Curved text
(represented by two points) (represented by four points) (represented by several
points or mask)
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Methods: Segmentation based | m ] ii_i'l

* BERUF MRS AN T
© BMEX DRI EGHIN AT

Shi et al.. Detecting Oriented Text in Natural Images by Linking Segments. (SeglLink) CVPR 2017
Li et al.. Shape Robust Text Detection with Progressive Scale Expansion Network. (PSENet) CVPR 2019

Baek et al.. Character Region Awareness for Text Detection. (CRAFT) CVPR 2019
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Methods: Detection based | M Bl

- EXBERFIX DA T
© WA TEIFAE

Liao et al.. TextBoxes: A Fast Text Detector with a Single Deep Neural Network. AAAI, 2017
Ma et al.. Arbitrary-Oriented Scene Text Detection via Rotation Proposals. (RRPN) arxiv, 2017
Zhou et al.. EAST: An Efficient and Accurate Scene Text Detector. CVPR, 2017

Xie et al.. Scene Text Detection with Supervised Pyramid Context Network. (SPCNET) AAAI, 2019

Liu et al.. Pyramid Mask Text Detector. (PMTD) arxiv, 2019
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PMTD: Overview M i

Pyramid Mask Text Detector (https://arxiv.org/abs/1903.11800)

2018 L SN ETF Mask-RCNNAY 5 ZBUS 7 BIFAIIER

Method Precision  Recall F-measure
SPCNET 73.40% 66.90% 70.00%
SPCNET (multi-scale) 80.60% 68.60% 74.10%
PMTD 85.15% 72.77%  78.48%
PMTD (multi-scale) 84.42% 76.25% 80.13%
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https://arxiv.org/abs/1903.11800

PMTD: Baseline | M Eilii

2

© XFIERIEAmMask , EFHEIMEIKFEREFAF/Ibounding box

o ZAEIESE | filp + resize + crop (FOTS, TextNet, TextMountain, PMTD)
- RIESUEIEESHIbounding box RIEFIKBEELEYSE TR ITanchor
 OHEM

* SyncBN
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PMTD: Motivation M i
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PMTD: Method | M Eilii

Pyramid maski§ X FHIFZ R RAIN EE B ImSEImaskT

- FRTEFENSE=EEHEinferencel R BT FUNAIsoft mask
- R T IR A raTRnR
- B NIRE(EE
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PMTD: Pipeline I

Plane

Pyramid Mask
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PMTD: Details | M B

* Loss: L = Lrpn + A1 Les + A2 Lpox + A3prramid_mask

* Deconv -> bilinear Sample

deconvolution ‘...3
—

L HALLOUF

—
bilinear

interpolation

* FERCNNBITU NSRS A RS TRIS IR EY

17



PMTD: Plane Clustering M Eilii

- BRY : BFENATsoft maskEE/Ipyramid , IS Etext box
« J3i% L —FAREFNRER
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PMTD: Experiment | N =

sensetime

TEICDAR 2017 MLT, ICDAR 2015, ICDAR 2013E¥18 T SMscHIEER

Method Precision Recall F-measure Method Precision Recall ~F-measure Method ICDARI3 Eval DetEval
FOTS [26] 80.95 57.51 67.25 SegLink [3/] 73.10 76.80 75.00 CTPN [39] 85.00 86.00
FOTS™ [20] 81.86 62.30 70.75 SSTD [¢] 80.00 73.00 77.00 SegLink [37] - 85.30
Lyuetal [31] 83.80 55.60 66.80 WordSup [ 1] 79.33 77.03 78.16 TextBoxes™ [23] 85.00 86.00
Lyuetal *[31] 74.30 70.60 72.40 EAST* [46] 83.27 78.33 80.72 SSTD [5] 87.00 88.00
PSENet [20] 77.01 68.40 72.45 R2CNN [17] 85.62 79.68 82.54 WordSup [12] - 90.34
Pixel-Anchor [21] 79.54 59.54 68.10 DDR [10] 82.00 80.00 81.00 R2CNN [17] 87.73 -
Pixel-Anchor™ [21] | 83.90 65.80 73.76 Lyu etal. * [31] 89.50  79.70 84.30 DDR [10] - 86.00
SPCNET [ 1] 66.90 73.40 70.00 RRD* [24] 88.00 80.00 83.80 MCN [27] 88.00 -
SPCNET" [+41] 68.60 80.60 74.10 TextBoxes++* [22] | 87.80 78.50 82.90 Lyuetal *[31] 88.00 -
Huang et al. [14] 80.00 69.80 74.30 PixelLink [3] 85.50 82.00 83.70 RRD* [24] 89.00 -
Baseline 84.72 70.37 76.88 FOTS [26] 91.00 85.17 87.99 TextBoxes++" [22] 88.00 89.00
PMTD 85.15 72.71 78.48 IncepText* [47] 89.40 84.30 86.80 PixelLink* [3] - 88.10
PMTD" 8442  76.25 80.13 TextSnake [29] 8490  80.40 82.60 FEN* [45] 91.60 92.30
_ . FTSN [2] 88.60 80.00 84.10 FOTS* [26] 92.50 92.82
Table 1: Comparison with other results on ICDAR 2017 MLT. * SPCNET [41] 88.70 85.80 87.20 SPCNET [1] 92.10 _
means multi scale testing. PSENet [20] 89.30 85.22 87.21 Baseline 91.73 9225
Baseline 85.84 90.55 88.14 PMTD 93.40 93.59
PMTD 91.30 87.43 89.33
) ) . Table 3: Comparison with other results on ICDAR 2013. * means
Tablf_: 2: Compfir ison with other results on ICDA_R 2015. means multi scale testing. For PMTD, we only report single scale testing
multi scale testing. For PMTD, we only report single scale testing result.
result.
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PMTD: Experiment | N =

(EBFE S EZEEMsoft text mask , plane clusteringE3%a]L
- FUNERSHERYN AR
ST ERAIbounding boxSBINE1E
PATIIMERS NP R LR EE R (IoU > 0.5) , MELUAILX ML

oU Matched number F-measure ICDAR 2015 test set
. Relative ) Relative ] PMTD
Baseline PMTD . Baseline PMTD . 173 Baseline
improve improve

=
v
o

0.5 1784 1816  1.79% | 88.14% 89.33% 1.35%
0.6 | 1696 1729  1.95% | 83.60% 84.79% 1.42%
0.7 1443 1556  7.83% | 70.44% 75.31% 6.91%
0.8 799 962 20.40% | 38.36% 45.32% 18.14%
0.9 107 157 46.73% | 5.14% 6.73% 30.93%

Sample Number
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o N
o w

~
w
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o
s

Table 5: Number of true positives and F-measure under different
IoU threshold on ICDAR 2015. PMTD outperforms baseline sig-
nificantly when IoU threshold is high. KX 06 07 0.8 0.9 10
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w
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PMTD: Experiment P =

sensetime

/

(a) ICDAR 2017 MLT (b) ICDAR 2015 (c) ICDAR 2013

PMTDISFAFEFATLNAFAERIEE . Qualitative results
MERIARIRA : A/EtREARIE | Funl
HYsoft text mask, [B]JFAYtext box.
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PMTD: Summary | N Eeli_fl

* Pyramid mask f8EE binary mask 2— A LUIREHEFERERINNAXEB RSV
« FRAIHRH TESEE APlane Clustering

* Pyramid mask it & Plane Clustering BJ LS EIE1FHIperformance , SEB/EBAYN HE

Source code will be available: https://github.com/STVIR/PMTD
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Why we need end-to-end text spotting | m =

text detection + text recognition = text spotting

BR - AENSRBIREHESHEXME | AT ZERE—MFEREM4S
- BF - AR BIHERE mEIERAT LR R
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Methods | P ol i]:'l

* Li et al.. Towards End-to-end Text Spotting with Convolutional Recurrent Neural Networks. ICCV,

2017
* Liu et al.. FOTS: Fast Oriented Text Spotting with a Unified Network. CVPR, 2018

* Lyu et al.. Mask TextSpotter: An End-to-End Trainable Neural Network for Spotting Text with
Arbitrary Shapes. ECCV, 2018
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FOTS: Overview M i
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FOTS: Pipeline 5

-+ HERUFIHERRIR
- BEFeASTIRNISD 2
« ETCRNNEYIRBISDSZ

\

- ¥EHRol Rotatej{ T4 Falignment

Text _
Shared Convolutlons Detection Predicted BBoxes
Branch Text
Proposal Text
| Rol |Features R ”
Shared F eatures | Rotate S
Branch
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FOTS: Method | M B

Type Kernel Out
[size, stride] Channels

conv_bn_relu [3, 1] 64

conv_bn_relu [3, 1] 64

height-max-pool [(2,1),(2,1)] | 64

Convl conv_bn_relu (3, 1] 128
IE‘;‘; Pooll conv_bn_relu [3, 1] 128
Res2 height-max-pool [(2, 1), (2, 1)] | 128
conv_bn_relu [3, 1] 256
4 conv_bn_relu [3, 1] 256
height-max-pool [(2, 1), (2, 1)] | 256

Architecture of shared convolutions ?;i?;fgﬁﬁgg::;tm |2§|6

The detailed structure of the text recognition branch
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FOTS: Rol Rotate

Rol RotatefG PUIBFZ X iEiAYfeature mapiRe/El S E R ERIK IR X 15
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Illustration of RolRotate
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FOTS: Experiment =

um2im |26 T HENRER | BN FRBINE NS FE I FAFRAVETIHHIE | il RSEE
HEEF R F I R AFALE

Our detection 85.31% 87.32% 66.69%
FOTS 87.99% (+2.68%) 88.30% (+0.98%) 67.25% (+0.56%)

—
—

(a) Miss (b) False (c) Split (d) Merge

Figure 5: FOTS reduces Miss, False, Split and Merge errors in detection. Bounding boxes in green ellipses represent correct text regions
detected by FOTS, and those in red ellipses represent wrong text regions detected by “Our Detection” method. Best view in color. 30
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FOTS: Experiment . N =] iﬁ

Our Detection FOTS

False
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FOTS: Experiment D 1S5 il

sensetime

Our Detection FOTS

Split
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FOTS: Experiment | N =

Our Detection FOTS

Merge
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FOTS: Experiment

FOTSHEELR S B AR ERRTHE IS

Speed
Dataset | Method Detection | End-to-End Params
IC15 | Our Two-Stage | 7.8 fps 3.7fps |63.90 M
FOTS 7.8 fps 7.5 fps | 3498 M
FOTS RT 2401fps | 22.6fps |28.79M
IC13 | Our Two-Stage | 23.9 fps 11.2 fps |63.90 M
FOTS 2391ps | 22.0fps |34.98 M

Table 5: Speed and model size compared on different methods.
“Our Two-Stage” consists of a detection model with 28.67M pa-
rameters and a recognition model with 35.23M parameters.

M i
N sensetime
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FOTS: Experiment | N 15 )l

7EICDAR 2015 , ICDAR 2013V B T8 FRILE R

Method 5 DCIC}:IIOH = Method < End-:;)/-End - SWord gé)ottmgG
SegLink [ ] 7474 76,50 7561 | Baseline OpenCV3.0+Tesseract [ ] | 13.84 1201 8.0l | 1465 12.63 843
SSTD[! ] 80.23 73.86 7691 | Deep2Text-MO [ 1, <0, (] 1677 1677 1677 | 17.58 1758 17.58
WordSup [ 7] 7933 77.03 78.16 | Beam search CUNI+S [ ] 2214 1980 17.46 | 2337 21.07 1838
RRPN [ ] 83.52 77.13 8020 | NJU Text (Version3) [ "] 3263 - - 3410 - ;
EAST[" ] 8327 7833 80.72 | StradVision_v1 [ ] 3321 - - 3465 - -
Results on ICDAR 2015 NLPR-CASIA['] | 82 80 81 | Stradvision-2[ ] 4370 - - |as87 - -
RZCNN [ ] 85.62 79.68 82.54 | TextProposals+DictNet [/, 1] 5330 49.61 47.18 | 56.00 5226 49.73
CCFLAB_FTSN ['] | 88.65 80.07 84.14 | HUST.MCLAB [, '] 67.86 - - 7057 - -
Our Detection 88.84 82.04 8531 | Our Two-Stage 7711 7454 5836 | 8038 77.66 58.19
FOTS 91.0 85.17 87.99 | FOTS 81.09 7590 60.80 | 84.68 79.32 63.29
FOTS RT 85.95 79.83 82.78 | FOTS RT 7345 6631 5140 | 7674 69.23 53.50
FOTS MS 91.85 87.92 89.84 | FOTS MS 8355 79.11 65.33 | 87.01 8239 67.97
Detection End-to-End Word Spotting
Method ICI3  Detbval | Method S W G S W G
TextBoxes [ ] 85 86 NJU Text (Version3) [ /] 74.42 - - 77.89 - -
CTPN [ 1] 82.15 87.69 | StradVision-1[ ] 8128 78.51 67.15 | 8582 8284 70.19
R2CNN[ ] 79.68 8773 | Deep2TextIl+[ 1, '] 81.81 7947 7699 | 8484 8343 78.90
NLPR-CASIA [1] | 86 - VGGMaxBBNet(055) [0, 0] | 8635 - - 9049 - 76
Results on ICDAR 2013 SSTD [ ] 87 88 | FCRNall+multi-filt [1 (] - - - - - 84.7
WordSup [ 7] - 90.34 | Adelaide_ConvLSTMs [ ] 87.19 8639 80.12 | 9139 90.16 82.91
RRPN [ ] - 91 TextBoxes [ ] 91.57 89.65 83.89 | 93.90 9195 85.92
Jiang et al. [ ] 8954  91.85 | Lietal [ '] 91.08 89.81 8459 | 9416 9242 88.20
Our Detection 8696  87.32 | Our Two-Stage 8784 8696 80.79 | 91.70 90.68 8297
FOTS 8823 8830 | FOTS 88.81 87.11 80.81 | 9273 9072 83.51
FOTS MS 9250 92.82 | FOTS MS 91.99 90.11 84.77 | 95.94 9390 87.76
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FOTS: Summary

* 2 Rol Rotate #F/R 7 PUi3f feature mapHYalign|a]ER

* GIE 7 end-to-end text spottingfEFNBNERFNEE _ERIIEE

- AR E R BIRYperformance

* AR EHIETE

M Ei
sensetime
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What'’s next? | M Eilii

e Evaluation
* Problem definition

* Speed

89
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Solutions | M Bl

« FRSENTTE
* Liu et al.. Tightness-aware Evaluation Protocol for Scene Text Detection. CVPR 2019

* MTWI dataset
- IRZBNEIEMN
o 1R B SRR AN
- EEEFSIHRENRIEN
« ZFHground truth

* ICDAR 2019 ReCTS
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Problem definition
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Problem definition | M Eilii
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Problem definition N =

Methods:
* Liu et al.. Detecting Text in the Wild with Deep Character Embedding Network. arxiv 2019

* Baek et al.. Character Region Awareness for Text Detection. (CRAFT) CVPR 2019

Datasets:
* Synth800k
 CTW

* ICDAR 2019 ReCTS
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Speed | m ﬁ!é’l

* Object Recognition: MobileNet, ShuffleNet
* Object Detection: Tiny-DSOD, Pelee, ThunderNet

* Text Detection needs fast methods.
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X 4% 25 4 F-score(Deteval) mFLOPs(resize long side to 1280)

ResNet50 94.01% 72731
ShuffleNet V2 90.79% 2546
ShuffleNet V2 0.5 89.75% 1055

Results on ICDAR2013
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JEFOTSHYbackbone M\ResNet50E5#2 /9ShuffleNet , ICDAR 20158YF-scoreBA R %

LA T A BRI T SR LAEUER
» MATREX RN %

» XATIER/ D BELLFS

* WML
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Summary
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Thank you!
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