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Abstract—Segmentation-based text detectors are flexible to
capture arbitrary-shaped text regions. Due to large geometry
variance, it is necessary to construct effective and robust rep-
resentations to identify text regions with various shapes and
scales. In this paper, we focus on designing effective multi-
scale contextual features for locating text instances. Specially,
we develop a Region Context Module (RCM) to summarize
the semantic response and adaptively extract text-region-aware
information in a limited local area. To construct complementary
multi-scale contextual representations, multiple RCM branches
with different scales are employed and integrated via Progressive
Fusion Module (PFM). Our proposed RCM and PFM serve as the
plug-and-play modules which can be incorporated into existing
scene text detection platforms to further boost detection perfor-
mance. Extensive experiments show that our methods achieve
state-of-the-art performances on Total-Text, SCUT-CTW1500
and MSRA-TD500 datasets. The code with models will become
publicly available at https://github.com/wqtwjt1996/RP-Text.

Index Terms—Scene Text Detection, Scene Understanding,
Deep Learning

I. INTRODUCTION

CENE text detection is a fundamental and challenging

task in computer vision community, which focuses on
accurately locating text regions in the natural scene. Thanks
to the recent development of deep learning technology, scene
text detection has witnessed a significant progress and has
been widely used in various real-world applications, such as
autonomous driving and scene parsing. In recent years, several
segmentation-based methods have been developed to gener-
ate segmentation masks for text regions, which enable text
detection methods to locate arbitrary-shaped text instances.
Currently state-of-the-art scene text detection models usually
employ FPN [1] originated from general object detection task
to extract semantic features and directly concatenate multi-
scale information from middle layers, which is a sub-optimal
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Fig. 1. The challenges in scene text detection task. (a): The complex
background information is dominated in natural images. (b): The large scale
variance between small and large text instances.

approach for more challenging scene text detection task due
to two significant differences between scene text detection and
general object detection tasks.

As shown in Fig. 1(a), the complex background information
is dominated in scene text detection task and text regions oc-
cupy only a small fraction of scene images. Thus, text-related
contextual information should be discovered and enhanced in
current feature maps. Moreover, different from the objects in
general detection task, text instances have large scale variance
and the extremely-sized text is common in scene text detection
task. For example, in Fig. 1(b), on one hand, the localization
information of the small text will be missing in high-level
features due to the large down-sampling rate in deep networks.
On the other hand, with the limited respective field, the deep
network cannot provide enough discrimination information for
extremely large text. Therefore, to accurately separate text
pixels from natural images, text-related contextual information
and multi-scale fusion play important rules.

Based on above discussions, in this paper, we focus on
constructing effective multi-scale contextual features for accu-
rately locating text instances in natural images. Specially, to
enhance discriminative text-related information for features,
we design a Region Context Module (RCM) to adaptively
extract region-aware contextual features based on the semantic
response in the predefined local regions. In order to gradually
recover the missing text information, we further employ mul-
tiple RCM branches and propose Progressive Fusion Module
(PFM) to fuse semantic contextual information with different
scales via a progressive structure. Finally, we incorporate our
proposed modules into existing scene text detection platform,
termed as “RP-Text”, and conduct extensive experiments on
four standard text detection benchmarks. Experimental results
demonstrate the effectiveness of our proposed methods and we
achieve state-of-the-art performances on Total-Text [2], SCUT-
CTW1500 [3] and MSRA-TDS500 [4] datasets.


https://github.com/wqtwjt1996/RP-Text

The contribution of our work can be summarized as followstetection by predicting the single-character Gaussian heatmap

We introduce a Region Context Module (RCM) to extracnd the connectivity between characters. For the datasets with-
and enhance text-related region-aware contextual informatiout character-level annotations, a weakly-supervised method
which usually occupies only a small fraction of imageds further employed to generate character-level pseudo ground
according to the semantic response in the prede ned lodalith. PSENet [18] predicts kernels with different shapes for
regions. text regions and expands from minimal kernel to form nal

To deal with scale variance problem in text detectioriext regions. PAN [5] further develops PSENet by speeding
the Progressive Fusion Module (PFM) is further developed tp the time-consuming feature extraction backbone and post-
gradually fuse multi-scale contextual information with multiprocessing to ensure the real-time characteristic of detecting
ple RCM branches. text in natural scenes. Recently, DRRG [15] detects arbitrary-

Our proposed modules are the plug-and-play moduleghaped text regions based on the connection of character
We construct our RCM and PFM on existing text detectioand text components, with the help of Graph Convolutional
platforms to evaluate the effectiveness of our methods. Wetwork (GCN) [30] to reason about deep relationships be-
achieve state-of-the-art performances on Total-Text, SCUWeen different components of text regions, effectively solving
CTW1500 and MSRA-TD500 datasets. the connection problem of text region components in natural
scenes. To our best knowledge, no existing work has carefully
discussed both the dominant background and substantial scene
text variance challenges.

II. RELATED WORK
A. Scene Text Detection

Current state-of-the-art text detection methods can Be Attention and Gating Mechanism
roughly divided into two different categories: regression-based

approaches [6}-[14] and segmentation-based approaches ég roundings, attention mechanism is designed to assign dis-

[151-{23]. The standard philosophy of regression-based ap: ;o e niion weights to different regions for input images.

proaches Is to forrr_1ul'ate text region as rectangular boy' he attention mechanism has been widely employed in recur-
N9 bpxes and opt!m|ze deep network to regress posm?gnt neural network based methods to extract discriminative
coordinates of_text instances. TextBoxes++ [11] proposes dil, .t each time step, such as LSTM [25] and GRU [31].
fel?';?é?dsé;igaszu?aeleﬁn';ezrsalbgzévéogﬁ tgsdgt?;]org'\r;l ecently, attention mechanism has been successful applied in
) . ges be . ' computer vision community. Non-local Neural Network [32]
Net [13] relies on quadrilateral sliding windows and Monte:- i L .
S . . introduces long-range dependencies into features according to
Carlo method to generate initial text bounding coordlnate?1 : .
. : ... the af nity relations. Gated-CNN [33] employs gate mech-

then moderately regress coordinates to obtain nal prediction :

results. CTPN [14] employs an Long Short-term Memora ism to extract and process boundary-related information.

(LSTM) [25] to explore rich sequential signhals in natura CNet [34] .develops adaptive con.text blocks to ef C|ent_|y
extract relative local and global signals for scene parsing.

scenes, for effectively predicting horizontally text regionsHowever these methods cannot be directly applied for scene

To match the rotated text regions, RRPN [26] introduces_ a . . .
: ! . ._text detection since we need to extract text instances from
series of rotated anchors to predict candidate text regions. : ) .
only a few image pixels. Therefore, a new region-aware based

SPCNet [9] builds on a branch for text region semantic : .
. . ate mechanism should be carefully explored in scene text
segmentation on the basis of Mask-RCNN [27], and merg%%tection eld

the intermediate features of semantic segmentation with thé
features of the detection branch, then multiplies the prediction _ _
results of semantic segmentation as an attention mask bacltoMulti-scale Fusion
the feature map. Recently, several regression-based methodslthough deep layers in CNN contain rich semantic in-
have been put forward to modify rectangular bounding boxé&srmation, the local information is missing in high level
to predict arbitrary-shaped regions, such as CounterNet [fdatures, which is a serious problem in per-pixel prediction
ABCNet [28] and ATTR [8]. task. Moreover, it becomes more serious in scene text detection
Thanks to the pixel-level prediction, segmentation-baseask, since some small text regions are lost by the large down-
framework is another reliable paradigm which also can handiampling rate. To remedy this problem, most segmentation-
arbitrary-shaped text regions, and thus have rapid developmeased text detection frameworks fuse different scale feature
in recent works. EAST [23] proposes a two-stage text detamaps step by step [17], [20], [23]. Moreover, PSENet [18] con-
tion method, Full Convolutional Network (FCN) [29] basedatenates feature maps with different scales directly to generate
detection and proposed Locality-Aware Non-Maximum Suppnal feature maps before detection head module. Therefore,
pression (LA-NMS) algorithm, which eliminates intermediat&ow to optimally integrate feature maps with different scales
process redundancy and reduces detection time. PixelLink [2&]still an open problem in scene text detection researches.
predicts the connection relationships between neighborhoodConsidering the characteristics of the scene text detection,
pixels, which enable this model to accurately separate closgd design a progressive fusion module and a region-based
text instances. TextSnake [20] proposes a snake-like text repgyate module for text detection to efciently extract multi-
sentation to solve the arbitrary-shaped text detection problestale region-aware features in natural scene images. To the
in natural scenes. CRAFT [17] performs character-wise telzést of our knowledge, our paper is the rst study to explore

imilar with people paying attention to attractive objects in



Fig. 2. Overall pipeline of our RP-Text model. We employ PAN [5] as our backbone for feature extraction. The Region Context Module (RCM) is developed
to extract and enhance text-related features while the Progressive Fusion Module (PFM) is proposed to collect multi-scale information in an iterative manner.
Following PAN [5], the resulted feature; is passed to Det-Head for predicting text regions, kernels and similarity vectors, which will be utilized to generate

nal text regions by post-processing. “RCM-F" denotes two “RCM” in parallel followed by 2ipsampling for relatively small feature maps, concatenations

andl 1 convolution operations. “C” denotes concatenation operation.

the effectiveness of self-attention mechanisms to solve tloeate in limited regions. Since self-attention mechanism can
background complexity and scene text scale variance in sce&fiectively extract essential information from feature maps,
text detection eld. The relevant details will be given inwe separate one feature map into prede ned local regions
following section. and adaptively enhance text-related region-aware contextual
information. Besides, in most natural scenes, background
I1l. METHODOLOGY pixels are dominated while some text regions may locate
. . . : in inconspicuous positions. Based on the abovementioned
We aim at solving the challenging problems in scene text de; : : . X .
L . . _Observations, a self-attention gate with max-pooling operation
tection: background complexity and scene text scale variance. ... 4
. . : IS "utilized to Iter out unrelated background regions and
The key idea is to extract scale-speci c text-related featureés = . ;
. . : . ?yghllght text regions.
in local regions and then employ multiple Region Contex

Module (RCM) branches to collect multi-scale contextue?l Tr:erefore, weje%arage tlhe fer?ture Ta;;nntlotp:jede ned
information via Progressive Fusion Module (PFM). Finally, afcal regions, and adaptively ennance text-reiated region-aware

R , . - .. contextual information n th rr nding r n
shown in Fig. 2, we incorporate our modules into an existin pntextual information based on the corresponding response

. : o lue. In the following, we introduce our Region Context
text detection platform and introduce our overall pipeline. X 2’
P PIp Module (RCM) in details.

As shown in Fig. 3, given an input feature map 2
A. Region Context Module RM W € we rstseparate intoasetof predened lo-
Contextual relations can provide rich discriminative inforeal regiond 2 R © C (we set =8 in this paper). Then
mation for per-pixel prediction, which is crucial for separating max pooling operation followed with & 1 convolution
text/non-text regions from complex background pixels in scef utilized to obtain region-specic responge 2 R 1 €
text detection task. For a well-optimized deep network, it wilby extracting and re ning highest semantic response for each
gradually extract abstractive semantic information from visualib-region. We employ gate mechanism to adaptively extract
details, and thus the pixels belong to text regions will havand enhance text-related features according to similarity matrix
large response value in feature maps. Moreover, unlike géretween the resulted region-specic resporiSe and the
eral object detection and segmentation, text instances usualtyresponding pixels. For the pixélin local region , the



With the help of the progressive structure of PFM,
the overall structure of our neural network becomes deeper,
introducing more nonlinear features, which may generate more
robust and discriminative features. Therefore, it enables our
framework to improve the performance of scene text detection.

C. Discussions

Comparison with state-of-the-art segmentation-based
text detection methodologies:Recent state-of-the-art text
Fig. 3. Architecture of our proposed Region Context Module (RCM).”™ detection works pay limited attention to extract contextual
denotes generated similarity matrix for extracting and enhancing text-relafgehtyres, which can provide rich discriminative information
Lnf(grmatlon in input features. *” denotes'element-wse multiplication and for per-pixel prediction and are crucial for separating text/non-
+" denotes weighted summation operation.
text regions from complex background pixels. In recent state-
) S ) of-the-art segmentation-based studies [18], [20], [23], people
corresponding element of similarity matrix can be formulateghainly focus on constructing complex text region representa-
as 1 tions and ignore the importance of speci ¢ deep modules for
M; =exp =jiti  Fi2 (1) text detection task. In our current work, RCM is proposed to
adaptively extract region-aware contextual features based on
where we employ L2 norrj) jj » to measure distance betweenhe semantic response in the prede ned local regions. To the
l; and the region-speci ¢ responge . The exponential func- best of our knowledge, our paper is the rst study to explore
tion is utilized to normalize each element in similarity matrixthe effectiveness of region-aware based gate mechanisms in
is a hyper-parameter to rescale distance and we takd the eld of scene text detection.
in following experiments. Comparison with state-of-the-art multi-scale methodolo-
According to the resulted similarity matrix, the text-relategjies: Detection from multi-scale perspective has also studied
features can be enhanced via gate mechanism and weighigoth scene text detection and general object detection frame-
residual connection, which can be expressed as works. From scene text detection perspective, state-of-the-art
= M1+ @ methodologies are different from ours even though they extract
multi-scale features to improve robustness of their models. In
where is a learnable parameter to balance the contributigder to obtain features of different scales, MSR [19] takes

between input featurels and the enhanced features. as input the different scales of the images into the deep
_ _ network, respectively outputs the predictions for text regions.
B. Progressive Fusion Module But this calculation resource consumption is too enormous to

In previous section, we have developed Region Contdx¢ realistic in application. [5], [18] concatenates feature of
Module (RCM) to extract distinguishable text-related contexifferent levels directly in the last step from deep network
tual information in a set of prede ned local regions. Howevegerspective. However, we think that concatenating features of
due to the large scale variance of text instances in natudhifferent levels directly is not completely potential to detect
scene, a single scale-specic RCM may miss some pivotiExt regions from multi-scale perspective. From general object
text-related features for detecting text instance, especially fdetection perspective, Cascade-RCNN [35] is composed of a
the small text regions in high-level feature maps. To remedgries of detection modules, each of which is trained based on
this problem, in this paper, we employ multiple RCM branchegositive and negative samples with different loU thresholds.
to extract multi-scale contextual information from differenfhe output of the previous detection module is employed
layers and gradually combine them via progressive fusion. as the input of the latter detection module, where stage-by-

As shown in Fig. 2, from feature extraction decoder, wstage training strategy is implemented to extract multi-scale
build our RCM branches on top of four feature maps F,, positive samples under multiple loU thresholds. There are two
F3, andF, to extract multi-scale text-related features. Themlifferences between Cascade-RCNN and our current work.
instead of concatenating features of different levels directly, virérstly, Cascade-RCNN uses multi-scale structure to iteratively
separate the resulted feature maps into two pairs and merggress proposals while our PFM utilize multi-scale structure
them in an iterative manner. Specially, we rst concaterfate to fuse feature maps with different scales. Secondly, Cascade-
with F, and F3 with F, followed with a1l 1 convolution RCNN iteratively regresses proposals based on a single feature
to fuse different features. Then two RCM branches are furthehile our PFM fuses different features with multiple scales to
constructed on the resulted feature méfpsand Fy, to fuse reach our text detection goal, and thus our PFM is able to
them in the similar manner. utilize more plentiful semantic features to generate accurate

From our perspective, the advantages are twofold: predictions. In our proposed PFM, instead of concatenating

It merges feature maps with different scales respectivefgatures of different levels directly, we separate the resulted
As a result, the features can be better integrated and the cf@ature maps into two pairs and merge them in an iterative
textual information of different scales provides complementarganner. Not only we nd that this way make it possible
information for accurately detecting text regions. that the contextual information of different scales provides



complementary information to each other, but also we thifk Implementation Details

that the progressive structure of our proposed PFM makesrg evaluate our plug-and-play modules (RCM and PFM),
neural network deeper and provides more nonlinear featur@s, -hoose PAN [5] as our baseline model, and incorporate
which provide more robust and discriminative predictions. proposed modules into the baseline model, termed as RP-
Text. The overall pipeline is shown in Fig. 2. In original
PAN [5] model, the four feature maps after FFM addition
IV. EXPERIMENTS module are upsampled and concatenated into a nal feature
map with4 128 channels. In this paper, we remove the up-
In this section, we perform extensive experiments to demosampling and concatenating operation. Instead, we implement
strate the effectiveness of our method on four standard sceng RCM and PFM on top of the “element-wise addition” layer
text detection benchmarks, including Total-Text [2], SCUTef FFM in PAN [5]. Following PAN [5], the output feature
CTW1500 [3], ICDAR2015 [36] and MSRA-TD500 [4]. map of our proposed module is further employed to predict
Experimental results demonstrate that our proposed motett region, kernel and similarity vectors for clustering pixels
achieves state-of-the-art performance on Total-Text, SCURto text regions. We implement the same loss function as
CTW1500, MSRA-TD500 datasets. In the following, we willPAN [5] to optimize our model:
introduce implementation details of our model and then per-
form several ablation experiments on Total-Text dataset. Then, L= Ly + Lyer + (Lagg *+ Luais) 3)
the experimental results on four standard benchmarks are

given. Finally, we provide visualizations results and spedifi€relex is the dice loss [39] of text regions aigle, is the
analysis of our method. dice loss of text kerneld. 534 denotes aggregation loss which

clusters text regions and kernels in the same text instances
while Lgs denotes discrimination loss to keep the distance
among the kernels. and are used to balance the importance
among elements of loss function.

h We apply Adam [40] optimizer in our experiments. For the

800,000 synthetic images which are created by includin ptimization process, we rst pretrain our model on SynthText

approximately8 million quadrilateral synthetic text instance gtﬁset with orr]we epo;:]h, then lne-tune on speci ¢ ber:jchmarks
with random fonts, sizes, colors on background images.VYft 600 epochs, such as Total-Text, ICDAR2015 and SCUT-

CTW1500. Since the training set of MSRA-TD500 is rather
small, we follow PAN [5] to include400images from HUST-
TR400 [38] as extra training data.

A. Datasets

SynthText [37] is a large scale text detection dataset wit

takes into account the natural scene layout.

Total-Text [2] contains 1;255 training and 300 testing
images with polygons annotations. These images have more training process, we utiliz€ GPUs with8 images per
I- L

than 3 different directions of text regions: horizontal, multG U for Total-Text and SCUT-CTW1500 datasets while
directional and cqrved..The image; are collected from r;é?EUS with4 images per GPU for ICDAR-2015 and MSRA-
isncsetgﬁzeznd contain horizontal, mult-oriented and curved t 500 datasets. In testing stage, single-scale testing strategy
' . is employed. The short sides of testing images are kept as
SCUT-CTW1500 [3] is another well-known standard g, o Total-Text dataset an@36 for MSRA-TD500 dataset,
arbitrary-shape text detection benchmark which contaifssich keep the same with PAN [5]. Besides, the short sides of
1,000 training and 500 testing images with English a”dinput images are kept &00for SCUT-CTW1500 dataset and
Chinese scripts for curved text detection. Every text annotatigrl152for ICDAR-2015 dataset. The down-sampling backbone,
is marked as 14-point polygon. learning rate strategy, kernel settings and negative positive
ICDAR-2015 [36] is one of commonly used datasets iatio of Online Hard Example Mining (OHEM) [41], are kept
scene text detection domain, which include00 training  the same as PAN [5]. The above implementation details apply
and500testing images collected from Google Glass. The te}d two scenarios: (1) Our RP-Text model. (2) For the sake
regions are annotated by the four vertices of quadrilateral. of complete fairness, we reimplement PAN [5] in standard
MSRA-TD500 [4] focuses on multilingual quadrilateral texthbenchmark datasets under the same conditions.
in natural scenes. Text instances of indoor images are mainly
from signs, door panels and warning signs, while those of t%e
outdoor images are mainly from brands and billboards undér
complex natural scenes. The resolution of images is betweenn this section, we conduct extensive experiments on Total-

1296 864and1920 1280 It contains300training and200 Text dataset [2] to validate our proposed model with different
testing images with English and Chinese scripts. settings and demonstrate the effectiveness of our model. We

HUST-TR400 [38] comprises 400 images which includeemploy PAN [5] as our baseline and reimplement this model

English scripts and Arabic numbers with different fonts, sizefQ" fair comparison, which is marked gsn TABLE Il 11 IV,

colors and orientation. Following PAN [5], to solve the training 1) Ablation Study for RP-Textn the following, we evalu-
data insuf ciency problem of MSRA-TD500, we take HUST.ate the contribution of RCM and PFM in our RP-Text method.
TR400 as extra training data when ne-tuning on MSRA- 1The codebase is ofcial PyTorch inplementation: https:/github.com/
TD500. whai362/panpp.pytorch

Ablation Analysis



TABLE |
EXPERIMENTAL RESULTS WITH DIFFERENT COMBINATIONS OFRP-TEXT.
COMBINED WITH RCM AND PFM, OUR RP-TEXT SIGNIFICANTLY
IMPROVES TEXT DETECTION PERFORMANCE ON OTAL-TEXT DATASET.

Bagelinel RCM PEM | P (%) R (%) F (%)
it p 88.4 80.3 84.2
87.7 81.9 84.7

89.0 80.3 84.5
89.4 82.8 86.0

T T T
©

p p

however, behaves superior when predicting text instances of
Fig. 4. Architecture of (a): RP-Text wio PFM: (b): RP-Text wio RCM, inTultiple scales. _ _
our ablation study. “C” denotes concatenation operation in this gure. When PFM exists, with the help of RCM, recall increases

by 2:5% while precision only increases b@:4%, which

indicates our RCM module can effectively |l the text areas
RP-Text model without RCM and PFM modules is the PAN [5hissed by PAN [5]. From Fig. 5, we nd RCM helps RP-
model which serves as the baseline for comparison in this sdext detect small text instances with better accuracy (see the
tion. For RP-Text without PFM, as shown in Fig. 4(a), we ented rectangles of row. 1 and row. 3). For small text regions,
ploy four RCM branches to extract scale-speci ¢ text-relateithe characteristic that locating in limited regions of images
context features ofr1, F», F3 andF4, and then concatenateis exceptionally obvious so that RCM's ability that lling
the resulted feature maps directly, which follows [5], [18] fronthe small text instances missed by the baseline veri es that
multi-scale detection perspective. For RP-Text without RCMur RCM is expert at extracting local text-related signal from
as shown in Fig. 4(b), we simply concatenate different featunatural scenes with dominating background.
maps followed withl 1 convolution in a progressive manner. When combining PFM and RCM together, there is a
Finally, we combine RCM and PFM modules with baselinsigni cant improvementl:8% on F-measure. Therefore, PFM

model to construct our RP-Text model. and RCM can provide complementary context information for
Experimental results are shown in TABLE | and severaicene text detection task. With the help of PFM, RCM can
conclusions can be drawn from this table: focus on multi-scale regions and adaptively extract text-related

When RCM exists, with the help of PFM, there dr&% features for each scale. With the help of RCM, PFM can
improvement on precision while recall increased @9%, eﬁectively detects text in differently scales in more potential
which verify that the multi-scale information has a positiv@redicted text regions.
contribution to detecting text regions with different scales. One 2) Ablation Study for Region Context Modulén this
the one hand, from Fig. 5, we nd that RP-Text can bette§ection, we focus on studying the in uence of Region Context
detect both large and small text regions. (red rectangle of roodule (RCM) with different structures and settings.

1) But RP-Text without PFM only detects text regions from Effective Pooling Method for RCM: In this paper,

single scale. (red rectangle of row. 2) The small text regioMé employ max pooling operating to distinguish and extract
are detected as one big text instance whose predicted sizé€Xé-related regions in our RCM module. However, in recent
quite similar with neighborhood predictions, which is calletvorks [34], [43]-[45], average pooling is another popular
as "one-to-many” detection [42]. In our ablation analysis, th@Peration to adaptive extract global contextual information,

evaluation calculation formula for Total-Text [2] dataset cafispecially for the pixels belong to background or dominated
be de ned as objects. We perform extensive experiments to indicate the

_S(gt; T det;) differences between max pooling and average pooling. As

Mij = S(diet,-) (4)  shown in TABLE II, max pooling outperforms average pooling
by 1:2% in F-measure in RCM module. Comparison visual-

where M;; denotes element of precision calculation matrikzations between and average pooling and max pooling are
that stores the precision rate of each detection boggs, shown in Fig. 6.
denotesith ground-truth bounding text regionet; denotes  However, RCM with average pooling still outperforms
jth bounding text fegion prediction resuf, denotes pixel PAN [5] baseline by0:6% in F-measure. We think the reason
area of text region, denotes intersection pixel area of twovhy RCM with average pooling still outperforms PAN [5]
regions. From this equation, we nd that wh&{gt; det;) baseline is owing to the existence of prede ned pooling local
keeps unchanged, the larger thédet;), the lower the value regions.
of Mj; , which in turn lowers the precision score. On the Effectiveness of Prede ned Local Regions in Proposed
other hand, since RP-Text can better detect text regions WRICM: In order to further verify the effectiveness of our
multiple scales, the performance of detect small text regiopsoposed prede ned pooling local regions for text detection,
can improve as well (see the blue rectangles of row. 1 and rome also provide experiment results of global average pooling
2 in Fig. 5) so that recall can be improved. This experimebased RCM, which completely follows [34], [43]-[45]. Ac-
shows that concatenating features of different levels directtprding to TABLE II, RCM with global average pooling even
which follows [5], [18] is a sub-optimal option. Our PFM,deteriorate 0.3% points in F-measure comparing with baseline.



TABLE Il
ABLATION STUDY FOR SUITABLE POOLING SIZES INRCM. THE POOLING
TYPE IS MAX POOLING IN EXPERIMENTS

Methodology | RCM pooling size| P (%) R (%) F (%)
PAN [5] Y B 884 803 842
2 87.7 80.6 84.0
4 89.3 81.4 85.2
RP-Text 8 89.4 828  86.0
16 88.4 81.4 84.7

TABLE IV

COMPARISON BETWEEN DIFFERENT FUSION STRUCTURES IN
PROGRESSIVEFUSION MODULE.

Methodology | PFM type | P (%) R (%) F (%)
PAN [5] y - 884 803 842
A 804 828 860

B 882 8lL1 845

RP-Text c1 886 811 847
c2 887 820 852

Context Module: From Fig. 6, we nd that the generated
self-attention gates indeed have higher response to the text
instances, which enable our RP-Text to strengthen the weight
for text regions when predicts text polygons. Moreover, Fig. 6
also reveals that our Region Context Module with max pooling
has stronger signal response in text regions than that with
average pooling.

Suitable Pooling Size in Region Context Module:As we
have discussed in Sect. IlI-A, compared with general object
detection, text instances usually locate in limited regions and

Fig. 5. Prediction visualization for RP-Text (with both Region Contextve separate feature maps into local regions to better

Module (RCM) and Progressive Fusion Module (PFM)), RP-Text withol i ; _
PFM, RP-Text without RCM. The main differences are marked using red aLE pture context information. Therefore, the hyper parameter

blue rectangles. is a signi cant parameter for our model, which provides

an important scale priori about text regions. Experiments in
TABLE Il TABLE Il verify this perspective and our method achieves
COMPARISON BETWEEN DIFFERENT POOLING TYPES IIRCM. GLOBAL best performance when pooling size8sWe will keep this
AVG DENOTES GLOBAL AVERAGE POOLING LAYER WHICH IS BROADLY Setting in fOIIOWing experiments.

USED IN STATE-OF-THE-ART SEGMENTATION METHODS TO EXTRACT ) ) ) )
GLOBAL FEATURES. AVG AND MAX DENOTE AVERAGE POOLING AND 3) Ablation Study for Progressive Fusion Modulk this

MAX POOLING IN RCM, RESPECTIVELY IN THIS CASE, WE SET THE section, we focus on studying our Progressive Fusion Module

POOLING SIZE AS8 IN EXPERIMENTS. (PFM) with four different structures for multi-scale feature
Methodology | Pooling Type in RCM| P (%) R (%) F (%) fusion, termed as PFM-A, PFM-B, PFM-C1 and PFM-C2 (see
PAN 5]y - 884 803 842 Fig. 7 for details), respectively. PFM-A is our default choice
Global Avg 883 80.0 839 - i i - -
RP-Text Avg 678 821 sas in other experiments. It is worthy to menthn th_at the PFM
Max 894 828  86.0 C1 and PFM-C2 have the same structure with different fusion
order.

Experiment results are present in TABLE IV and the fol-

This experiment studies that when negative pixel signal liswing conclusions can be drawn: (1). Compared with PFM-B,
dominated in natural images, max pooling can be appligide improvement of PFM-A1(8%) is more considerable. (2).
to extract local text-related signal from scene text imagdsor PFM-B, the improvement is very limited comparing with
Different from semantic segmentation tasks, background iBAN [5] baseline in F-measur®:3%). We think the reason
formation is completely noisy signal in natural scene imagesay come from the information redundancy and the training
for text detection. Applying average pooling cannot givprogress complexity in PFM-B. (3). Compared with PFM-
promising improvement since it introduces noise signal fro@1, PFM-C2 achieves better performance, since the nest
background pixels when applying self-attention mechanisfieature mapK,) can provide more local text-related response
Besides, different from [34], [44]-[46], prede ned local re-and provide better guidance for further fusion. Based on
gions are separated to help extract textual information befakove experiments, we select PFM-A as our nal Progressive
operating pooling, which enable RCM to extract region-awafeusion Module and employ this structure in the following
signal in limited regions with more ef ciency. experiments.

Visualization Analysis of similarity matrix in our Region Visualization Analysis of PFM: We visualize attention
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