Paper Year Total MSRA | CTW IC-17 IC-15 IC-13
Text TD500 | 1500

Boundary 2022 90.13 90.10 86.49

Transformer

Unified Text | 2022 87.94 87.70 85.97 77.24

Detection

and Layout

Analysis

CRAFT 2019 82.9 73.9 86.9 95.2

PCR 2021 85.2 87.0 84.7

GLASS 2022 86.2 78.8

YAMTS 2021 81.5 87.0 95.2

Mask 2020 78.4 83.5 75.1

TextSpotter

v3

MASTER 2021 79.4 95.3

Centripetal | 2021 86.3 86.1 83.9

Text




1. Boundary Transformer (2022, paper, code)
Total-Text: 90.13
CTW-1500: 86.49
MSRA-TD500: 90.10

Times

TABLE VII
EXPERIMENTAL RESULTS ON TOTAL-TEXT, CTW-1500 AND MSRA-TD500. "EXT” MEANS USING THE EXTERNAL DATASET TO PRETRAIN THE
MODEL.! DENOTES THE END-TO-END SCENE TEXT SPOTTING. * DENOTES THE METHOD USING RESNET50 WITH DCN [40] AS A BACKBONE. THE BEST
SCORE IS HIGHLIGHTED IN BOLD.

I Published | Ext Total-Text CTW-1500 MSRA-TD500
R P F | FPS R P F | FPS R P F | FPS
SegLink [41] CVPR'17 | Syn B - - - B - - B 700 | 86.0 | 77.0 | 89
MCN [42] CVPR’18 Syn - - - - - - - - 79 88 83 -
LSAE[31] CVPR’19 | Syn - - - - 77.8 | 827 | 80.1 - 817 | 842 | 829 -
ATTR([5] CVPR’19 - 762 | 80.9 | 78.5 | 10.0 - - - - 82.1 | 852 | 836 -
MSR[43] ICAI'19 | Syn || 73.0 | 852 | 78.6 - 790 | 841 | 815 - 76.7 | 87.4 | 81.7 -
CSE[44] CVPR’19 | MLT || 79.7 | 814 | 802 | 04 || 76.1 | 787 | 774 | 038 - - - -
TextDragon'[25] ICCV’19 | MLT*|| 75.7 | 856 | 80.3 - 828 | 845 | 836 - - - - -
TextField[28] TIP’19 Syn || 79.9 | 812 | 80.6 - 79.8 | 83.0 | 81.4 - 759 | 874 | 813 | 52
PSENet-1s [27] CVPR’19 | MLT || 77.96 | 84.02 | 80.87 | 3.9 || 79.7 | 848 | 822 | 39 - - - -
SegLink++ [23] PR’19 Syn || 809 | 821 | 815 - 79.8 | 82.8 | 813 - - - - -
LOMO[11] CVPR'19 | MLTH|| 793 | 87.6 | 833 - 76.5 | 857 | 80.8 - - - - -
CRAFT [24] CVPR’19 | MLT || 799 | 87.6 | 836 - 81.1 | 86.0 | 835 - 782 | 882 | 829 | 86
DB*[4] AAAT'20 | Syn || 825 | 87.1 | 847 | 320 || 802 | 869 | 834 | 220 || 792 | 915 | 849 | 320
PAN[3] ICCV’19 | Syn || 81.0 | 893 | 850 | 39.6 || 812 | 86.4 | 837 | 39.8 || 83.8 | 844 | 84.1 | 302
TextPerception! [45] AAAT20 | Syn || 81.8 | 88.8 | 852 - 819 | 87.5 | 846 - - - - -
ContourNet [6] CVPR’20 - 839 | 869 | 854 | 3.8 || 84.1 | 837 | 839 | 45 - - - -
ABCNet' [7] CVPR'20 | MLTH|| 813 | 879 | 845 | 95 || 834 | 844 | 814 | 95 - - - -
DRRG [2] CVPR'20 | MLT || 84.93 | 8654 | 8573 | - 83.02 | 8593 | 84.45| - 82.30 | 88.05| 85.08 | -
Boundary[46] AAAT20 | Syn 85.0 | 889 | 87.0 - - - - - - - - -
TextRay [9] MM'20 | AT~ || 779 | 835 | 80.6 - 804 | 828 | 816 - - - - -
TextFuseNet [47] IUCAI'20 | Syn || 832 | 875 | 853 | 7.1 || 85.0 | 858 | 854 | 73 - - - -
TextMountain[48] PR’21 MLT - - - - 829 83.4 83.2 - - - - -
MOST[19] CVPR’21 Syn - - - - - - - - 82.7 90.4 86.4 -
PCR(ResS0)[10] CVPR’21 - 802 | 86.1 | 83.1 - 798 | 853 | 824 - 778 | 87.6 | 82.4 -
PCR(DLA34)[10] CVPR’21 | MLT || 82.0 | 885 | 852 - 823 | 872 | 847 | 11.8 || 835 | 90.8 | 87.0 -
FCENet [8] CVPR’21 - 798 | 874 | 834 - 80.7 | 857 | 83.1 - - - - -
FCENet*[2] CVPR’21 - 825 | 893 | 858 s 834 | 876 | 855 s - - - -
TextBPN[12] ICCV'21 | Syn || 84.65| 90.27 | 87.37 | 10.3 || 81.45 | 87.81 | 8451 | 122 || 80.68 | 8540 | 82.97 | 12.7
TextBPN[12] ICCV’21 | MLT || 85.19 | 90.67 | 87.85 | 10.7 || 83.60 | 86.45 | 85.00 | 12.2 || 84.54 | 86.62 | 85.57 | 12.3
Ours(Res18-4s-1024) - MLT || 81.90 | 89.88 [ 85.70 | 32.5 || 81.62 | 87.55 | 84.48 | 35.3 || 87.46 | 92.38 | 89.85 | 385
Ours(Res50-1s-1024) - - 85.29 | 89.86 | 87.52 | 12.0 || 81.12 | 88.08 | 84.46 | 14.7 || 81.27 | 88.25 | 84.62 | 15.7
Ours(Res50-1s-1024) - MLT || 8534 | 91.81 | 88.46 | 133 || 83.77 | 87.30 | 8550 | 14.1 || 85.40 | 89.23 | 87.27 | 152
Ours(Res50-15-1024*) - MLT || 87.93 | 9244 | 90.13 | 132 || 84.71 | 88.34 | 86.49 | 16.5 || 86.77 | 93.69 | 90.10 | 153



https://arxiv.org/pdf/2205.05320.pdf
https://github.com/GXYM/TextBPN-Plus-Plus

2. GCP Vision API (link)



https://cloud.google.com/vision/docs/ocr

3. Unified Text Detection and Layout Analysis (2022, paper, code)

ICDAR-17:77.24
Total-Text: 87.94
CTW-1500: 85.97
MSRA-TD500: 87.70
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Training Data Word Detection Line Detection
Method Venue
Pub  HierText ICDAR 17 MLT Total-Text CTW1500 MSRA-TD500
P R F P R F P R F P R F
CRAFT [3] CVPR19 v 80.6 682 739 876 799 836 8.0 811 835 882 782 829
PSENet [55] CVPR19 v 753 692 722 840 780 809 848 797 822
FCE [64] CVPR21 v - - - 893 825 858 876 834 855 - - -
MOST [18] CVPR21 v 820 720 767 - - - - - - 904 827 864
ABPNet [61] ICCV21 v - - - 90.67 85.19 87.85 87.66 80.57 8397 86.62 84.54 8557
CentripetalText [44] NeurIPS21 v - - - 90.6 82.5 86.3 883 799 839 900 825 86.1
PCR [14] CVPR21 v 885 820 852 872 823 847 908 85 870
Ours (word) v 7771 7588 76778 8549 90.53 87.94 - - - - - -
. v v 7805 7644 7724 8496 91.06 87.90 - - - - - -
Ours (line) j v - - - - - - 83.92 8587 84.88 86.59 86.81 86.69
v v - - - - - - 8456 87.44 8597 88.04 8744 87.70

Table 5. Results of word and text line detection on public scene text datasets. Both our word and line detectors are outperforming the
latest methods, even though our models are not fine-tuned for any target datasets. The proposed new dataset also proves to be a helpful

complement to existing scene text datasets.


https://arxiv.org/pdf/2203.15143v2.pdf
https://github.com/google-research-datasets/hiertext

CRAFT (2019, paper, code)
ICDAR-13: 95.2

ICDAR-15: 86.9

ICDAR-17: 73.9
MSRA-TD500: 82.9

\

da -‘waﬁkmm

Method IC13(DetEval) IC15 IC17 MSRA-TD500 | pno
R|P| H|R|P|H|R|[P|H|R|P|H

Zhang et al. [39] 78 | 88 | 83 | 43 | 71 [ s4 || - [ - | - [ 67 | 83 | 74 [ 048
Yao et al. [37] 80.2 | 88.8 | 843 |/ 587|723 (648 | - | - | - | 753765759 | 161
SegLink [31] 83.0 | 87.7 | 853|768 |73.1 [750 | - | - | - | 70 | 8 | 77 | 206
SSTD [7] 8 | 89 | 88 || 73 | 8 | 77 | - | - | - - -] - | 77
Wordsup [10] 875933903 (770793 7182 | - | - | - - -] - |1
EAST* [40] - | - | - ||783|833 807 - | - | - || 674|873 |761 | 132
He et al. [9] 81 | 92 | 8 | 8 | 8 | 8 | - | - | - [ 70 |77 | 74 || 11
R2CNN [11] 82.6 | 93.6 | 87.7 | 79.7 | 856 | 825 | - | - | - - - | - || o4
TextSnake [23] - | - | - || 804|849 826 - | - | - [739]832783| L1
TextBoxes++* [16] | 86 | 92 | 89 || 785|878 (829 | - | - | - -l -] - | 23
EAA[8] 87 | 88 | 88 | 83 | 84 | 83 || - | - | - - -] - -
Mask TextSpotter [24] || 88.1 | 94.1 | 91.0 | 81.2 | 858 | 834 || - | - | - -l - | - | 48
PixelLink* [3] 87.5 | 88.6 | 88.1 | 820 | 855|837 | - | - | - | 732/830(778 | 3.0
RRD* [18] 8 | 92 | 89 | 80.0 80 |88 | - | - | - | 73 |8 |79 | 10
Lyu et al.* [25] 84.4 | 92.0 | 88.0 || 79.7 | 89.5 | 843 | 70.6 | 743 | 72.4 | 762 | 87.6 | 81.5 | 5.7
FOTS [20] - | - | 873820888853 575|795]667 || - | - | - [239
CRAFT(ours) [ 93.1 ] 974|952 [ 84.3]89.8 869 [ 682|806 739 [ 782882829 | 86

Table 1. Results on quadrilateral-type datasets, such as ICDAR and MSRA-TD500. * denote the results based on multi-scale tests. Methods
in italic are results solely from the detection of end-to-end models for a fair comparison. R, P, and H refer to recall, precision and H-mean,
respectively. The best score is highlighted in bold. FPS is for reference only because the experimental environments are different. We report
the best FPSs, each of which was reported in the original paper.


https://openaccess.thecvf.com/content_CVPR_2019/papers/Baek_Character_Region_Awareness_for_Text_Detection_CVPR_2019_paper.pdf
https://github.com/clovaai/CRAFT-pytorch

5. PCR (2021, paper, code) - To test later
CTW-1500: 84.7
Total-Text: 85.2
ArT: 74.0
MSRA-TD500: 87.0

Table 4: Comparisons with related works on CTWI1500.
‘Ext’ means using the external dataset to pretrain the mod-
el.‘Hybrid’ denotes integrating the regression and segmen-
tation in a framework.

Type method Venue Backbone Ext R(%) P(%) F (%)
PAN [41] ICCV'19 Resl8 x 717 846 810
TextSnake [27] ECCV’18  VGGI6 v 853 619 756

MSR [53] ICAT'19 Res50 v 783 850 815

3 PSENet [43] ~ CVPR’19 Res50 v 797 848 822
E CRAFT [1] CVPR’19  VGGI6 v 8L1 860 835
E LOMO[58]  CVPR’'19 ResS0 V696 892 784
g SAE [38] CVPR’19 Res50 v 718 827 801
5 PAN [44] ICCV’19 Resl8 v 812 864 837
g SAST [42] MM’ 19 Res50 v 711 853 810
A TextField [51] TIP'19 VGG16 v 798 8.0 814
DB [17] AAAI'20 Res50-DCN /802 869 834
DRRGN[59]  CVPR'20  VGGI6 v 830 859 845

CRNet [63] MM'20 Res50 v 809 870 838

- CSE[23] CVPR'19 Res34 x 760 8.1 784
€ | ContourNet[48] CVPR'20 Res50 x 841 8.7 839
2 | Mask-TTD[23]  TIP'20 ResS0 x 790 797 794
SD [49] ECCV’20 Res50 v 823 858 840

SLPR [64] ICPR’18 Res50 x 701 80.1 748

g | CTD-CLOC[24]  PR'19 Res50 x 698 714 734
£ ATRR [45] CVPR’19 SE-VGGI6 x 802 80.1 80.1
£ TextRay [39] MM’20 Res50 x 804 828 816
Z ICG [36] PR’19 VGG16 v 798 828 813
53 Our PCR = Res50 x 798 853 824
) Our PCR — DLA34 x 811 871 840
Our PCR — DLA34 v 823 872 847

Table 5: Comparisons with related works on Total-Text.
‘Ext’ means using the external dataset to pretrain the model.
1 denotes the end-to-end scene text spotting.

Type method Venue Backbone Ext R (%) P(%) F(%)
PAN [44] ICCV’19 Resl8 x 794 880 835

TextSnake [27] ECCV’18 VGG16 Vo 745 827 784

o LOMO [58] CVPR’19 Res50 v 757 886 816
2 PSENet [43] CVPR’19 Res50 v 780 840 809
";_f CRAFT [1] CVPR’19 VGG16 vV 799 876 836
S MSR [53] 1JICAT'19 Res50 v 748 838  79.0
£ PAN [44] ICCV’19 Resl8 v 810 893 850
g TextDragon [7]} ICcv’19 VGGl16 v 757 856 803
%"’ SAST [42] MM'19 Res50 Vv 76.9 83.8 80.2
TextField [51] TIP’19 VGG16 Vo 799 812 806

DB [17] AAAT'20  Res50-DCN /825 87.1 847

CRNet [63] MM’20 Res50 vV 825 858 841

CSE [25] CVPR’19 Res34 x 79.1 814  80.2

Mask-TTD [23] TIP’20 Res50 x 745 79.1 767

2 FTSN [5] ICPR’18 Res101 v 780 847 813
= Mask-TextSpotter [28] T ECCV'18 Res50 vV 550 690 613
T SPCNet [50] AAAT'19 Res50 v 828 830 829
Mask-TextSpotter-v2 [13] {  TPAMI'19 Res50 v 754 818 785
MS-CAFA [4] TMM’20 Res50 vV 786 846 815

ATRR [45] CVPR’19  SE-VGG16  x 762 809 785

CTC-CLOC [24] PR’19 Res50 x 71.0 740 730

'; TextRay [39] MM’20 Res50 x 779 835 806
2 ICG [36] PR’'19 VGG16 v 809 821 81.5
g Boundary [41]} AAAI'20 Res50 v 835 852 843
% Poly-FRCNN [2] DDAR20  Inc-Res-v2 /680 780  73.0
& MS-CAFA [4] TMM’20 Res50 vV 786 846 815
) Our PCR — Res50 x 80.2 861 83.1
Our PCR — DLA34 x 815 864 839

Our PCR — DLA34 v 820 885 852



https://openaccess.thecvf.com/content/CVPR2021/papers/Dai_Progressive_Contour_Regression_for_Arbitrary-Shape_Scene_Text_Detection_CVPR_2021_paper.pdf
https://github.com/dpengwen/PCR/tree/master

Table 6: Comparisons with related works on ArT.

Method Venue Ext R (%) P (%) F (%)
TextRay [44] MM20 4/ 58.6 76.0 66.2
Ours (DLA-34) — X 65.0 83.6 73.1
Ours (DLA-34) — Vv 66.1 84.0 74.0

Table 7: Comparisons with related works on 7D500.

Type method Venue Backbone Ext R (%) P(%) F(%)
EAST [62] CVPR’17 PVANet x 674 873  76.1

PixelLink [6] AAAT'18 VGG16 b3 732 830 718

Border [52] ECCV’18  DesNetl2l b3 774  83.0  80.1

g TextSnake [27] ECCV’18 VGG16 v 739 832 783
= MSR [53] LICAT'19 Res50 v 767 874 817
g CRAFT [1] CVPR’19 VGG16 v 782 882 829
g SAE [38] CVPR’19 Res50 v 817 842 829
5} PAN [44] ICCcv’19 Res18 v 838 844 841
ED TextField [51] TIP’19 VGG16 v 759 874 813
a DB [17] AAAT'20  Res50-DCN /792 915 849
CRNet [63] MM’20 Res50 v 820 8.0 840

DRRGN [59] CVPR’20 VGG16 v 823 88.1 85.1

DSRN [47] 1ICAT' 19 Res50 X 712 876 785

B FTSN [5] ICPR’18 Res101 v 711 87.6  82.0
2 Corner [29] CVPR’18 VGG16 v 762 876 815
= Mask-TextSpotter-v2 [13] 1 TPAMI'19 Res50 Vv 68.6 80.8 742
Mask-TextSpotter-v3 [14] 1 ECCV’20 Res50 Vv 77.5 90.7 83.5

) RRPN [30] TMM’18 VGG16 X 69.0 820 750
2 ATRR [45] CVPR’19  SE-VGG16  x 82.1 852 836
'2 SegLink [34] CVPR’17 VGG16 v 700 860 77.0
£ RRD [18] CVPR’18 VGG16 v 730 870 79.0
B Our PCR — Res50 x 77.8 876 824
E}” Our PCR — DLA34 X 792 900 843
Our PCR — DLA34 v 835 90.8  87.0

6. GLASS (2022, paper, code) - To test later, they haven’t made an
inference+visualization yet
ICDAR-15: 78.8 (this is the result using a generic lexicon)
Total-Text: 86.2
TextOCR: 67.1

Table 1. Results for ICDAR 2015, Total-Text and TextOCR datasets. ‘S’,
‘W’ and ‘G’ refer to strong, weak and generic lexicons. “None” refers to recognition
without any lexicon. “Full” lexicon contains all the words in the test set. (*) refers to
using specific lexicons from [20]. (1) indicates ToU of 0.1 was used instead of 0.5 during
evaluation. (*) represents results obtained using method’s official source code.

ICDAR 2015 Total-Text TextOCR

Method Word Spotting  End-to-End  Word Spotting End-to-End

S w G S W G None Full None Full

TextDragon [8] 86.2 81.6 68.0 82.5 78.3 65.2 - - 48.8 T1.8 -
ABCNet v2 [29] - - - 827 785 73.0 704 78.1 - -

MTSv3* [20] 83.1 79.1 75.1 83.3 78.1 74.2 - - 71.2 784 50.8

Text Perc. [37] 84.1 79.4 67.9 80.5 76.6 65.1 69.7 78.3 - - -

End-to-End

CRAFTS [3] - - - 831821749 - 78.7 - -
MANGO*' [36] 85.2 81.1 74.6 85.4 80.1 73.9 72.9 83.6 68.9% 78.9¢ -
YAMTS* [16] 86.8 82.4 76.7 85.3 79.8 74.0 - - 711 784 -

Ours* 86.8 82.5 78.8 84.7 80.1 76.3 79.9 86.2 76.6 83.0 67.1



https://assets.amazon.science/87/bd/f25e4bb14fe5aaf156f201880c64/glass-global-to-local-attention-for-scene-text-spotting.pdf
https://github.com/amazon-science/glass-text-spotting

YAMTS (2021, paper, code) - OpenVino didn’t work
ICDAR-13: 95.2

ICDAR-15: 87.0

Total-Text: 81.5

Open Images V5: 63.5

’ Word Spotting End-to-end recognition
Method S W G 5 W G
TextBoxes++ 96.0 95.0 87.0 93.0 92.0 85.0
CRAFTS (L-1280) - - - 94.2 93.8 92.2 1
MANGO* (L-1440) 92.9 92.7 88.3 93.4 92.3 88.7
YAMTS* (1280x768) 95.2 95.0 93.3 93.6 93.3 91.0
YAMTS** (1280x768)  94.1 93.1 89.8 92.1 90.8 87.0

f means that generic evaluation is performed without the generic vocabulary set.
" means that the method uses the specific lexicons from Liao et al. (2019).

* means that the model is trained without Open Images V5 Text Annotation.

Table 3: Results on ICDAR 2013. ‘S, ‘W’ and ‘G’ mean recognition with strong, weak and
generic lexicon, respectively.

Word Spotting End-to-end recognition
Method S W G 5 W G
TextBoxes++ 76.5 69.0 54.4 73.3 65.9 51.9
Mask TextSpotter v3* (S-1440) 83.1 79.1 75.1 83.3 78.1 74.2
CRAFTS (2560x1440) - - - 83.1 82.1 74.9
MANGO* (L-1800) 85.2 81.1 74.6 85.4 80.1 73.9
YAMTS* (1280x768) 85.3 81.9 76.6 83.8 79.2 74.1
YAMTS* (1600x960) 87.0 83.6 78.9 85.5 80.7 76.1
YAMTS*® (1280x768) 84.4 79.9 73.4 82.8 7.2 70.5
YAMTS** (1600x960) 86.8 82.4 76.7 85.3 79.8 74.0

 means that generic evaluation is performed without the generic vocabulary set.
" means that the method uses the specific lexicons from Liao et al. (2019).
* means that the model is trained without Open Images V5 Text Annotation.

Table 4: Results on ICDAR 2015. ‘S’, ‘W’ and ‘G’ mean recognition with strong, weak and
generic lexicon, respectively.

Method End-to-end recognition

None Full
ABCNet (Multi-Scale) 69.5 78.4
Mask TextSpotter v3* (S-1000, Liao et al. (2020)) 71.2 78.4
Mask TextSpotter v3* (S-1000, Singh et al. (2021)) 74.5 81.6
MANGO (L-1600) 72.9 83.6
CRAFTS (L-1920) 78.7 -
YAMTS* (1280x768) 73.7 80.1
YAMTS* (1280x768) 74.5 81.5
YAMTS** (1280x768) 71.1 78.4

* means that the method uses the specific lexicons from Liao et al. (2019).
! means that the text recognition head is fine-tuned and the rest layers are frozen.
# means that the model is trained without Open Images V5 Text Annotation.

Table 5: Results on Total-Text validation. “None” refers to recognition without any lexicon.
“Full” lexicon contains all words in test set.

Method Word Spotting End-to-end recognition
YAMTS (1280x768) 58.8 51.6
YAMTS (1600x960) 63.5 56.3

Table 6: Results on Open Images V5 validation. No lexicon is used.


https://arxiv.org/pdf/2106.12326.pdf
https://github.com/openvinotoolkit/training_extensions/tree/misc/models/text_spotting/model_templates/alphanumeric-text-spotting

8. Mask TextSpotterV3 (2020, paper, code)
Rotated ICDAR-13: 84.2 (45° rotation), 84.7 (60° rotation)
MSRA-TD500: 83.5
Total-Text: 78.4
ICDAR-15: 75.1 (with generic lexicon)

Table 1. Quantitative results on the RoIC13 dataset. The evaluation protocol is
the same as the one in the IC15 dataset. The end-to-end recognition task is evaluated
without lexicon. *CharNet is tested with the officially released pre-trained model; Mask
TextSpotter v2 (MTS v2) is trained with the same rotation augmentation as Mask
TextSpotter v3 (MTS v3). “P”, “R”, and “F” indicate precision, recall and F-measure.
“E2E” is short for end-to-end recognition. More results are in the supplementary

RolIC13 dataset RolC13 dataset
Mothod (Rotation Angle: 45°) (Rotation Angle: 60°)
Detection E2E Detection E2E

P R F P R F P R F P R F

CharNet* [43] 57.8 56.6 57.2 34.2 33.5 33.9 65.5 53.3 588 10.3 84 9.3
MTS v2* [21] 64.8 59.9 62.2 66.4 458 54.2 70.5 61.2 655 68.2 48.3 56.6
MTS v3 91.6 77.9 84.2 88.5 66.8 76.1 90.7 79.4 84.7 88.5 67.6 76.6

Table 2. Quantitative detection results on the MSRA-TD500 dataset

Method P R F
He et al. [14] 71 61 69
DeepReg [16] 7 70 74
RRD [25] 87 73 79
PixelLink [6] 83.0 73.2 77.8
Xue et al. [44] 83.0 77.4 80.1
CRAFT [1] 88.2 782 829
Tian et al. [38] 84.2 81.7 82.9
MSR [38] 87.4 76.7 81.7
DB (without DCN) [24] 86.6 7.7 81.9
Mask TextSpotter v2 [21] 80.8 68.6 74.2

Mask TextSpotter v3 90.7 77.5 83.5



https://arxiv.org/pdf/2007.09482
https://github.com/MhLiao/MaskTextSpotterV3

Table 3. Quantitative end-to-end recognition results on the Total-Text
dataset. “None” means recognition without any lexicon. “Full” lexicon contains all
words in the test set. The values in the table are the F-measure. The evaluation pro-
tocols are the same as those in Mask TextSpotter v2

Method None Full
Mask TextSpotter v1 [30] 52.9 71.8
CharNet [43] Hourglass-57 63.6 -

Qin et al. [34] Inc-Res 63.9 -

Boundary TextSpotter [40] 65.0 76.1
ABCNet [28] 64.2 75.7
Mask TextSpotter v2 [21] 65.3 774
Mask TextSpotter v3 71.2 78.4

Table 4. Quantitative results on the IC15 dataset in terms of F-measure. “S”,
“W” and “G” mean recognition with strong, weak, and generic lexicon respectively.
The values in the bracket (such as 1,600 and 1,400) indicate the short side of the
input images. Note that in most real-world applications there are no such strong/weak
lexicons with only 100/1000+ words. Thus, performance with the generic lexicon of

90k words is more meaningful

Word Spotting

E2E Recognition

Method FPS
S W G S w G
TextBoxes++ [22] 76.5 69.0 544 733 659 519 -
He et al. [15] 85.0 80.0 65.0 820 770 63.0 -
Mask TextSpotter v1 [30] (1600) 79.3 74.5 642 793 73.0 624 26
TextDragon [7] 86.2 81.6 68.0 825 783 652 26
CharNet [43] R-50 - - - 80.1 745 62.2 -
Boundary TextSpotter [40] - - - 79.7 752 641 -
Mask TextSpotter v2 [21] (1600) 824 78.1 73.6 83.0 77.7 735 2.0
Mask TextSpotter v3 (1440) 83.1 79.1 75.1 83.3 781 742 25




9. MASTER (2021, paper, code) - No pre-trained model provided

IIT5K: 95

SVT: 90.6

ICDAR-03: 96.4

ICDAR-13: 95.3

ICDAR-15:79.4

SVTP: 84.5

CUTE: 87.5

Table 2: Performance of our model and other state-of-the-art methods on public datasets.

* indicates

All values are reported as a percentage (%). “None” means no lexicon.
using both word-level and character-level annotations to train the model. ** denotes the
performance of SAR trained only on the synthetic text datasets. In each column, the best
performance result is shown in bold font, and the second-best result is shown with an
underline. Our model achieves competitive performance on most of the public datasets,

and the distance between us and the first place [50] is very small on IIIT5k and SVT

datasets.
Method IIITSK | SVT | IC03 | IC13 | IC15 | SVTP | CUTE
None | None [ None | None | None | None None
Jaderberg et al. [34] - 807 [ 931 | oos | -
Shi et al. [33] 81.9 819 [ 90.1 | 88.6 - 718 59.2
STAR-Net [51] 83.3 83.6 - 80.1 - 735 -
Wang and Hu [52] 80.8 81.5 - - - - -
CRNN [3] 81.2 82.7 | 91.9 | 89.6 - - -
Focusing Attention [31]* 874 859 | 942 | 933 70.6 - -
Squeezed Text [53]* 87.0 - - 92.9 - - -
Char-Net [54]* 92.0 85.5 - 1.1 | T42 8.9 -
Edit Probability [6]* 88.3 87.5 [ 946 | 944 | T39 - -
ASTER [7] 93.4 89.5 [ 945 | 91.8 | T6.1 8.5 7.5
NRTR [37] 865 | 883 | 954 | 947 | - - -
SAR** [8] 91.5 84.5 - 91.0 69.2 76.4 83.3
ESIR [35] 93.3 90.2 - 91.3 | 76.9 79.6 833
MORAN [36] 91.2 88.3 | 95.0 | 924 | 688 76.1 ue!
Wang et al. [39] 93.3 88.1 - 91.3 | T40 80.2 85.1

Mask TextSpotter [50]* 95.3 91.8 | 952 | 95.3 | 78.2 83.6 88.5

MASTER (Ours) 95.0 90.6 | 96.4 | 95.3 | T9.4 84.5 875



https://arxiv.org/pdf/1910.02562.pdf
https://github.com/wenwenyu/MASTER-pytorch

10. CentripetalText (2021, paper, code)
Total-Text: 86.3
CTW-1500: 83.9
MSRA-TD500: 86.1

Table 3: Quantitative detection results on Total-Text and CTW1500. “P”, “R” and “F” represent the
precision, recall, and F-measure, respectively. “Ext.” denotes external training data. * indicates the

multi-scale testing is performed.

Total-Text CTW1500
Method Ext. Venue P R F FPS P R F FPS
CTPN [34] T ECCV'16 | - ~ ~ T [ 604 538 569 7.1
chLink[[ﬂJ] - CVPR’17 | 30.3 23.8 267 423 40.0 408 10.7
EAST [51] - CVPR’17 | 50.0 36.2 420 - 787 49.1 604 212
PSENet [37] - | CVPR'19 | 81.8 75.1 783 39 806 756 780 3.9
PAN [38] - | 1CCV'19 | 880 794 835 396|846 777 810 398
CT-320 . - 87.6 727 794 932|857 732 79.0 107.2
CT-512 - 87.9 80.8 842 570|852 784 817 598
CT-640 - - 88.8 814 849 400|855 79.2 822 408
TextSnake [23] | v | ECCV'I8 | 82.7 745 784 - | 679 853 756 -
MSR [43] v | ICAT'19 | 838 748 79.0 85.0 783 8.5
SegLink++ [33] | v PR'19 |81 809 815 - |88 798 813 -
PSENet [37] v | CVPR'19 | 840 78.0 809 3.9 | 848 797 822 39
SPCNet [40] v | AAAT'19 | 830 828 829 - - - - -
LOMO* [48] v | CVPR'19 | 87.6 793 833 85.7 765 808
CRAFT [I] v | CVPR’19 | 876 799 83.6 86.0 81.1 835
Boundary [36] | v | AAAI'20 | 852 835 843 - - - - -
DB [16] v | AAAT20 | 87.1 825 847 320|869 802 834 220
PAN [38] v | 1CCV'19 | 893 81.0 850 396|864 81.2 837 398
DRRG [49] v | CVPR20 | 865 849 857 - [859 830 845 -
CT-320 v - 88.0 754 812 932|877 747 807 107.2
CT-512 v 902 815 856 57.0 | 878 790 832 598
CT-640 v 90.5 825 863 40.0 | 883 799 839 40.8

Table 4: Quantitative detection results on MSRA-
TDS500. “P”, “R” and “F” represent the precision,
recall, and F-measure, respectively. “Ext.” denotes
external training data.

Method Ext. P R FPS
RRPN [25] - 82.0 68.0 74.0 -

EAST [51] 873 674 76.1 13.2
PAN [38] - 80.7 773 789 30.2
CT-736 - 87.1 793 83.0 34.8
SegLink [31] v 8.0 700 770 89
PixelLink [3] v 1830 732 778 3.0
TextSnake v | 832 739 783 1.1
RRD [17] v 1 87.0 73.0 79.0 10.0
TextField [42] v | 874 759 813 -

CRAFT [1] v | 882 782 829 86
MCN [21] v | 880 79.0 83.0 -

PAN [38] v | 844 838 841 302
DB [16] v 91,5 792 849 320
DRRG [49] v | 881 823 851 -

CT-736 v 1900 825 86.1 34.8



https://openreview.net/pdf?id=z1F9G4VnGZ-
https://github.com/shengtao96/CentripetalText

