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HGR-Net: Hierarchical Graph Reasoning Network
for Arbitrary Shape Scene Text Detection
Hengyue Bi , Canhui Xu , Cao Shi , Guozhu Liu , Honghong Zhang , Yuteng Li ,

and Junyu Dong , Member, IEEE

Abstract— As a prerequisite step of scene text reading, scene
text detection is known as a challenging task due to natural
scene text diversity and variability. Most existing methods either
adopt bottom-up sub-text component extraction or focus on
top-down text contour regression. From a hybrid perspective,
we explore hierarchical text instance-level and component-level
representation for arbitrarily-shaped scene text detection. In this
work, we propose a novel Hierarchical Graph Reasoning Network
(HGR-Net), which consists of a Text Feature Extraction Network
(TFEN) and a Text Relation Learner Network (TRLN). TFEN
adaptively learns multi-grained text candidates based on shared
convolutional feature maps, including instance-level text contours
and component-level quadrangles. In TRLN, an inter-text graph
is constructed to explore global contextual information with
position-awareness between text instances, and an intra-text
graph is designed to estimate geometric attributes for establishing
component-level linkages. Next, we bridge the cross-feed interac-
tion between instance-level and component-level, and it further
achieves hierarchical relational reasoning by learning comple-
mentary graph embeddings across levels. Experiments conducted
on three publicly available benchmarks SCUT-CTW1500, Total-
Text, and ICDAR15 have demonstrated that HGR-Net achieves
state-of-the-art performance on arbitrary orientation and arbi-
trary shape scene text detection.

Index Terms— Scene text detection, arbitrary shape text, hier-
archical relation modeling, graph convolutional network.

I. INTRODUCTION

TEXT instances in scene images carry valuable informa-
tion and provide concise expression for the understanding

of human reading. Scene text detection is a fundamental and
prerequisite task in automatic scene text reading and has been
utilized in various real-world multimedia applications, such as
image retrieval, office automation, and robot navigation. Scene
text detection is still challenging, due to aspect ratio variability,
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perspective distortion diversity, and arbitrary shapes of the text
instances. To cope with the aforementioned challenges, early
works use specific handcraft features for scene text detection.
Constrained by the complexity of redundant intermediate
processes and heavy heuristics rules, these methods can hardly
handle intricate situations, especially arbitrarily-shaped scene
text detection.

Benefitting from prosperity of object detection and segmen-
tation with deep learning, the process of arbitrarily-shaped
scene text detection has been greatly accelerated. Recent
researches could be roughly summarized as two groups:
bottom-up methods [1], [2], [3], [4], [5], [6], [7], [8], [9],
[10], [11], [12], [13], [14], [15] and top-down methods [16],
[17], [18], [19], [20], [21], [22], [23], [24], [25], [26], [27],
[28], [29], [30], [31], [32], [33], [34], [35], [36], [37].
Bottom-up methods apply deep neural network to densely
extract segments or regional attributes, and subsequently
reconstruct the extracted components to different text instances
by post-processing. Consequently, bottom-up methods usually
neglect modeling global geometric context from overall layout.
Besides, complicated post-processing step is inevitable and
time-consuming.

For top-down methods, previous works [16], [19], [20],
[22] try to crop oriented text instances based on modified
region proposal networks. Although these methods exploit text
orientation angle information for proposal generation, they
might be insensitive to detect arbitrary shape texts due to
limited respective fields. Recent works [26], [27], [28], [29]
are proposed to directly learn parameterized text contours for
curved and oriented text detection. Interestingly, one of the
notable characteristics is that text instances can be regarded
as an ordered series of homogeneous components [38]. Thus,
top-down methods tend to overlook implicit text geometric
distribution in natural scenes due to insensibility to textual
attributes of sub-text components.

Therefore, either exploiting geometric attributes from partial
text components or modeling global context between holistic
text instances is of importance for arbitrary shape scene text
detection. However, few efforts have been made on both
component-level and instance-level detection to fully exploit
potential information among text layout and locality. Though,
Mask TextSpotter [21] is proposed to handle text instances
with arbitrary shapes via an instance-level detector and another
separate character-level recognizer, it might ignore intuitive
and vital interaction between two levels. Motivated by these
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Fig. 1. Illustration of different text detection methods. Detection results
are shown with blue bounding boxes. (a) bottom-up methods. (b) top-down
methods. (c) HGR-Net: HGR-Net generates multi-grained text candidates
and exploits intra-text and inter-text graph embeddings for hierarchical graph
reasoning.

issues, we construct an intra-text graph and an inter-text graph.
As shown in Figure 1(c), graph learners receive the constructed
graph data, which updates two-level graph embeddings by
capturing global contextual information and implicit spatial
relationship, respectively. Moreover, we bridge the interaction
between component-level and instance-level for hierarchical
relational reasoning.

In this paper, we propose a novel Hierarchical Graph
Reasoning Network (HGR-Net) for accurate and robust scene
text detection, where HGR-Net mainly consists of two sub-
networks: Text Feature Extraction Network (TFEN) and Text
Relation Learner Network (TRLN). To begin with, moti-
vated by ABC-Net [26] and TextSnake [2], the input text
instances will be regarded as a combination of instance-level
Bezier curves, component-level serial quadrangles, and bound-
ing boxes with annotated categories. Hence, TFEN utilizes
shared convolutional features to generate multiple descrip-
tors with geometric attributes, and provides aligned feature
representation. Then, TRLN integrates three modules includ-
ing Inter-Text Global Contextual Module (Inter-Text GCM),
Intra-Text Spatial Layout Module (Intra-Text SLM), and
Hierarchical Relational Reasoning Module (HRRM). For the
given multi-grained text candidates, Intra-Text SLM constructs
an intra-text graph to establish linkages from spatial layout
perspective, while Inter-Text GCM constructs an inter-text
graph to explore instance-level contextual information. HRRM
achieves hierarchical relational reasoning by learning comple-
mentary graph embeddings with cross-feed interaction.

The main contributions of this paper are summarized as
follows:

• We propose a novel end-to-end Hierarchical Graph Rea-
soning Network (HGR-Net) for arbitrary shape scene
text detection, which has achieved state-of-the-art perfor-
mance on various publicly available benchmarks.

• TFEN can adaptively extract multi-grained text candi-
dates and textual contents based on shared convolutional
feature maps.

• TRLN integrates Intra-Text SLM to establish
component-level spatial relationship and Inter-Text

GCM to explore instance-level contextual information.
And it further achieves relation aggregation and
cross-feed interaction with aid of hierarchical design,
which could restrain the effects of occluded, redundant
and ambiguous situations.

• To the best of our knowledge, HGR-Net is one of the very
first attempts to perform hierarchical linkage likelihood
deduction across levels for arbitrary shape scene text
detection, while keeping a proper real-time inference
speed.

II. RELATED WORK

Undoubtedly, scene text detection, as a preliminary step
of text reading, has attracted considerable attention due to
challenges on localizing diverse and complex text instances.
Hence, efforts have been made on increasing efficiency and
improving accuracy. In this section, we briefly review related
studies, including early works based on engineered features
and recent approaches based on deep learning. We encourage
readers to refer to recent comprehensive and detailed surveys
on scene text detection methods [38], [39].

The early researches mainly focus on connected component
analysis (CCA)-based methods [40], [41], [42], [43] and
sliding window classification (SLC)-based methods [44], [45],
[46], [47] to deal with regular horizontal labeled datasets, such
as ICDAR03 [48], ICDAR11 [49], and ICDAR13 [50]. CCA-
based methods first detect text components via a variety of
methods, such as edge detection or extreme region extraction,
and then stack potential candidates into holistic text instances
by utilizing heuristic rules. And SLC-based methods adopt
multiple sliding windows to extract positive text candidates
and group them into text regions. However, early works heav-
ily rely on pre-processing and post-processing steps, which
are insufficient to handle more intricate situations, such as
arbitrary orientation benchmarks [41], [51], [52] and arbitrary
shape benchmarks [24], [53].

Recently, benefitting from the advancement of deep learn-
ing, the performance of scene text detection has been greatly
improved. Bottom-up methods [1], [2], [3], [4], [5], [6], [7],
[8], [9], [10], [11], [12], [13], [14], [15] mainly utilize fully
convolutional network (FCN) to densely generate text predic-
tion maps, and then post-processing algorithms are applied for
grouping inclined region candidates. TextSnake [2] describes
text instances as a sequence of ordered sliding round disks,
and uses FCN to estimate geometric relation of sub-text
components for final prediction. TextDragon [5] is designed
to describe text instances as a series of quadrangles to handle
arbitrarily-shaped text detection. DRRG [12] firstly uses CNN
to predict geometric attributes of divided text components,
and then GCN is to perform linkage deduction for stacking
the components together. CentripetalText [13] divides text
instances into combinations of text kernels and centripetal
shifts which are implemented and clustered for text contour
generation. Text instances are generated by estimating linkages
among text units. However, bottom-up methods usually neglect
geometric context of holistic text instances. And inevitable
component aggregation complicates the overall pipelines.
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Fig. 2. The overall architecture of HGR-Net. It consists of two pipelines, including Text Feature Extraction Network (TFEN) and Text Relation Learner
Network (TRLN). (a) TFEN generates multi-grained text candidates and extracts regional feature representation based on shared convolutional feature maps.
(b) TRLN first utilizes multi-grained textual attributes to construct an instance-level inter-text graph and a component-level intra-text graph. Then, Hierarchical
Relational Reasoning Module (HRRM) guides graph linkages to learn cross-feed interaction.

Top-down methods [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25], [26], [27], [28], [29], [30], [31], [32], [33],
[34], [35], [36], [37] treat scene text detection as a spe-
cial type of object detection. Previous methods [16], [19],
[20], [22] use modified anchor-mechanisms to detect horizon-
tal and arbitrarily-oriented text instances. Textboxes++ [20]
adopts FCN to detect arbitrarily-oriented scene text instances.
Based on SSD framework [54], Textboxes++ [20] modifies
axis-aligned bounding box generation and utilizes quadrilateral
bounding boxes to represent text instances with arbitrary
orientation. In RRPN [22], Rotation Region Proposal Net-
work (RRPN) and Rotation Region-of-Interest (RROI) are
adapted to predict inclined region proposals. Dai et al. [32]
put forward an arbitrarily-oriented detector with Anchor-
free Corner Evolution (ACE), which progressively predicts
compact quadrilateral text boxes by dynamic information
gathering. As the aspect ratios and layouts vary significantly in
the wild, horizontal and arbitrarily-oriented text detectors are
incapable of fitting text instances with arbitrary shapes. Thus,
recent works [26], [27], [28], [29] have focused on contour
regression to face with arbitrarily-shaped benchmarks. ABC-
Net [26] regresses control points for approximating curved
text contours progressively, so as to detect text instances
with Bezier curve adaptation. FCE-Net [28] first formulates
irregular text instances with Fourier signature vectors, and
then reconstructs contour points in the image spatial domain.
TextBPN [27] consists of a boundary proposal module and
an adaptive boundary deformation module, which roughly
generates text candidates and progressively performs boundary
refinement. However, recent contour-based methods ignore
implicit geometric distribution of exploiting homogeneous text
components.

Additionally, with the rise and development of Trans-
former [55] in computer vision committee, top-down
Transformer-based detectors [30], [33], [34], [35] have been
proposed to detect text instances in the wild, which usually
adopt ViT [56] or DETR [57] and their variances as the
basic framework. For instance, Zhou et al. [35] present Aggre-
gated Text TRansformer (ATTR) for exploiting interaction
across different scales. A set of images in different scales
are firstly projected into sequences of flatten patches. Then,
the transformer encoder extracts multi-scale feature represen-
tation and generates binary text masks as text embeddings.

The scale-wise decoder aggregates features across different
scales and output detection queries. Long et al. [36] present
a novel network Unified Detector for simultaneous scene text
detection and layout analysis. MaX-DeepLab [58] is taken as
the backbone network to extract image features and queries for
detection and layout analysis branches, respectively. Because
of lacking inductive biases and relying on large-scale training,
Transformer-based methods are faced with the challenge of
high computational cost.

From a hybrid perspective, we propose a novel detector
HGR-Net for arbitrarily-shaped text detection in a hierarchical
manner. Each input text instance is regarded as a combination
of instance-level Bezier curve and component-level ordered
quadrangles. HGR-Net first estimates geometric attributes of
multi-grained text candidates, and then constructs an inter-text
graph and an intra-text graph for establishing linkages.
To achieve hierarchical relational reasoning, it further bridges
the cross-feed interaction and conducts complementary graph
embedding updating.

III. OUR APPROACH

The overall architecture of HRG-Net is shown in Figure 2.
It is composed of two pipelines, including Text Feature
Extraction Network (TFEN) and Text Relation Learner Net-
work (TRLN). Functionally, Text Feature Extraction Network
(TFEN) generates multi-grained text candidates and extracts
regional feature representation based on shared convolutional
feature maps. Text Relation Learner Network (TRLN) con-
structs an inter-text graph and an intra-text graph. Inter-text
graph is to capture instance-level contextual information with
position-awareness from visual connections, and intra-text
graph is to estimate component-level geometric attributes
for establishing spatial linkages. After two-level graph con-
struction, Hierarchical Relational Reasoning Module (HRRM)
guides graph linkages to cross-feed interaction, which aims
at learning complementary graph embeddings with integrated
spatial-related and contextual information.

A. Text Feature Extraction Network

To detect text instances with arbitrary shapes, Text Feature
Extraction Network (TFEN) is proposed to exploit multiple
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Fig. 3. Illustration of Text Relation Learner Network. Inter-Text Global Contextual Module (Inter-Text GCM) constructs inter-text graph to encode
instance-level contextual information, and Intra-Text Spatial Layout Module (Intra-Text SLM) constructs intra-text graph to capture spatial layout relationship
from component-level geometric attributes. After graph construction, Hierarchical Relational Reasoning Module (HRRM) learns graph embeddings by cascading
the association between inter-text graph and intra-text graph.

Fig. 4. Illustration of Inter-Text GCM and Intra-Text SLM. (a) Inter-Text GCM explores contextual information with position awareness, and inter-text
adjacency matrix Ainter can be calculated. (b) Intra-Text SLM first constructs the initial intra-text graph. And then graph nodes with geometric attributes are
aggregated, and the coarsened intra-text graph can be obtained. The captured spatial relationship is applied to build intra-text adjacency matrix Aintra .

descriptors with geometric attributes. After extracting con-
volutional feature maps by ResNet-50 [59] with FPN [60],
TFEN generates text candidates for the input images, which
learns to regress control points of parameterized Bezier curves,
quadrilateral boxes of text components, and bounding boxes
with categories. Subsequently, feature alignment is applied to
extract regional feature representation.

Conventional anchor-based detectors adopt a variety of
anchor boxes generated by Region Proposal Networks

(RPN) [61] as reference to perform box regression and classi-
fication. However, horizontal anchor boxes proposed by RPN
are mainly applied to regular object detection, which are
insufficiently robust for irregular text instances. Recent ABC-
Net [26] models text instances by Bezier curves, leading
to considerable improvement in arbitrarily-shaped scene text
detection. Inspired by ABC-Net, parameterized Bezier curve is
employed to represent text instances, and instance-level branch
is developed to regress control points of cubic Bezier curves.
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To explore component-level branch, we refer to TextSnake [2]
and TextDragon [5] to divide each text instance into a series
of ordered quadrilateral boxes.

We define a multi-task loss function for an input scene text
image, which is formulated as,

L = Lcls + λ1Lbbox + λ2Lcontour + λ3Lcomponent, (1)

where Lcls and Lbbox are the loss functions for classification
and bounding box regression, which are identical as in [61].
Anchors are classified as either positive samples or nega-
tive samples. Specifically, for the positive anchors, we adapt
smoothL1 loss function for text contour and component regres-
sion. It is defined as,

Lcontour(c∗

i , ci ) =
1
T

∑
i

p∗

i smoothL1

(
c∗

i − ci
)
,

Lcomponent( f ∗

i , fi ) =
1
K

∑
i

p∗

i smoothL1

(
f ∗

i − fi
)
,

smoothL1(x) =

{
0.5 x2, if |x | < 1,

|x | − 0.5, otherwise.
(2)

Here, i is the anchor index, and pi represents predicted
probability of positive anchor i . Vector ci is the predicted
control points, and vector c∗

i corresponds to the control
points of labeled ground truth contour. Vector fi is the
predicted quadrilateral boxes, and vector f ∗

i corresponds to
the labeled ground truth components. T is the number of
pair-wise control points, and K corresponds to the number
of ordered quadrilateral boxes. Thus, for each positive anchor,
the parameterizations of tuples (ci , c∗

i ) and ( fi , f ∗

i ) can be
calculated as follows,

fi x = (x f
i − xa

i )/wa
i , fiy = (y f

i − ya
i )/ha

i ,

fiw = log(w
f

i /wa
i ), fih = log(h f

i /ha
i ),

f ∗

i x = (x f ∗

i − xa
i )/wa

i , f ∗

iy = (y f ∗

i − ya
i )/ha

i , (3)

f ∗

iw = log(w
f ∗

i /wa
i ), f ∗

ih = log(h f ∗

i /ha
i ),

ci x = (xc
i − xa

i )/wa
i , ciy = (yc

i − ya
i )/ha

i ,

c∗

i x = (xc∗
i − xa

i )/wa
i , c∗

iy = (yc∗
i − ya

i )/ha
i , (4)

where xa
i , ya

i , wa
i , and ha

i denote coordinate, width, and height
of anchor i , respectively. Variables (xc

i , yc
i ) and (xc∗

i , yc∗
i ) are

predicted control points and labeled control points. Variables
x f

i and x f ∗

i are predicted components and labeled components
(likewise for y f

i , w
f

i , and h f
i ).

Motivated by Mask TextSpotter [21], RoIAlign is adapted
to extract text feature representation, and the extracted aligned
features are subsequently shared with parallel instance-level
and component-level branches, which not only simplifies over-
all pipeline, but also reduces training complexity.

B. Text Relation Learner Network

In real world scenarios, it is natural for humans to recognize
scene texts by exploiting hierarchical relationship empirically,
which is beneficial for detecting scene texts in various complex
situations. However, few studies have focused on jointly
learning instance-level and component-level information. The

integration of partial and holistic cues could bring better under-
standing of the detection [62]. To this end, in Figure 3, Text
Relation Learner Network (TRLN) constructs an Inter-Text
Global Contextual Module (Inter-Text GCM) for encoding
global contextual information from instance-level visual con-
nection. And an Intra-Text Spatial Layout Module (Intra-Text
SLM) encodes spatial layout relationship from geometric
attributes among text components. After graph construction,
Hierarchical Relational Reasoning Module (HRRM) is to learn
complementary graph embeddings for inferring linkages.

1) Inter-Text Global Contextual Module: Illustration of
Inter-Text Global Contextual Module (Inter-Text GCM) is
depicted in Figure 4(a). We firstly define a dynamic graph
Ginter = (Vinter , Einter ) to explore global context information
with position awareness, where Vinter ∈ RN are inter-text
graph nodes, Einter ∈ RN×N represent inter-text graph edges,
and N is the number of instance-level candidates. Given
regional features X ∈ RN×C×W×H extracted from RoIAlign,
learnable Position Encoding (PE) [55] is applied on the feature
matrix X . Global Average Pooling (GAP) is then used to
squeeze spatial dimension.

Xg = GAP(X enc) ∈ RN×C2×H2×W2 . (5)

Here, N is the number of text instances, Xg is the
output feature matrix with channel dimension C2, GAP is
implemented by 2D adaptive average pooling, and X enc is
the feature matrix X with positional encoding. To encode
contextual information, the reshaped feature matrix Xr

g ∈

RN×C2 H2W2 are further transformed into a latent space by
non-linear function φ(·), which can be formulated as,

X L = φ(Xr
g) ∈ RN×L , (6)

where L is the dimension of transformed latent space. Thus,
we calculate the adjacency matrix Ainter , which is defined as,

Ainter = X L ⊗ X T
L ∈ RN×N , (7)

where X T
L ∈ RL×N is the transpose matrix of X L .

2) Intra-Text Spatial Layout Module: The intra-text graph
Gintra = (Vintra, Eintra) is to establish spatial-related linkages
among generated text components, where Vintra ∈ RN2 repre-
sent intra-text graph nodes, and Eintra ∈ RN2×N2 are intra-text
graph edges, and N2 is the number of component-level can-
didates. As shown in Figure 4(b), graph nodes Vintra ∈ RN2

with geometric attributes Dintra ∈ RN2×d belong to same text
instances will be associated and grouped up. We then aggre-
gate graph nodes Vintra ∈ RN2 to high-level V e

intra ∈ RN , and
the mean-pooling operation is used to map geometric attributes
Dintra ∈ RN2×d to De

intra ∈ RN×d2 . Thus, we generate the
coarsened intra-text graph Ge

intra = (V e
intra, Ee

intra).
Based on Ge

intra , position correlation matrix E p(i, j)
between graph node i and j is computed as follows,

E p(i, j) = τ(E D((xi , yi ), (x j , y j ))) ∈ RN×N , (8)

where E D(·) is the Euclidean distance calculation. τ(·) not
only normalizes input variables to [0, 1], but also extends
a negative proportion. The intuition behind is that more
correlated components are closer in spatial layout [63].
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Moreover, Ec(i, j) is the cosine correlation matrix to
describe angle distance between graph nodes. It can be written
by,

Ec(i, j) =
(xi , yi ) · (x j , y j )

∥(xi , yi )∥
∥∥(x j , y j )

∥∥ ∈ RN×N . (9)

After that, we integrate position correlation matrix
E p(i, j) and cosine correlation matrix Ec(i, j) to build
component-level adjacency matrix Aintra for coarsened
intra-text graph Ge

intra . It can be written by,

Aintra = E p(i, j) ∪ Ec(i, j) ∈ RN×N . (10)

3) Hierarchical Relational Reasoning Module: After graph
construction, GCN learns to update graph embeddings by
propagating information across the edges of the graph. Con-
strained by the flat structure [64], it is unable to deduce
linkages in a hierarchical way. Therefore, Hierarchical Rela-
tional Reasoning Module (HRRM) is presented to bridge
information interaction across instance-level and component-
level, which can provide complementary graph embeddings
by aggregating and inferring mutual information. After graph
reasoning, feature fusion is used to integrate visual feature rep-
resentation, intra-text graph embeddings and inter-text graph
embeddings.

For component-level graph reasoning, we use H (l)
intra to

denote the hidden feature matrix.

H l+1
intra = σ

(
L intra H (l)

intra W l
intra

)
, (11)

H0
intra = X, (12)

L intra = ˜Dintra
−

1
2 ˜Aintra ˜Dintra

−
1
2 . (13)

Here, σ presents the Leaky ReLU activation function,
W l

intra is the learned weight transformation matrix of
component-level reasoning, L intra ∈ RN×N is the normalized
Laplacian, Ãintra = Aintra + I is the intra-text adjacency
matrix with added self-connections, and ˜Dintra ∈ RN×N is
the degree matrix.

For instance-level graph reasoning, intra-text graph embed-
dings are mapped into the component-to-instance feature space
via an M L P architecture, which are fused with regional
features X . The injected textual attributes provide auxil-
iary inner-text information. We formulate this process as
follows,

H l+1
inter = σ

(
L inter H (l)

inter W l
inter

)
, (14)

H0
inter = X ⊕ MLP(H l+1

intra), (15)

L inter = ˜Dinter
−

1
2 ˜Ainter ˜Dinter

−
1
2 , (16)

where σ presents the Leaky ReLU activation function, W l
inter

is the learned weight transformation matrix of instance-
level reasoning, L inter ∈ RN×N is the normalized Laplacian,
Ãinter = Ainter + I is the inter-text adjacency matrix with
added self-connections, D̃inter ∈ RN×N is the degree matrix,
and ⊕ is channel-wise concatenation operation.

Intra-text graph embeddings, inter-text graph embeddings
and visual feature representation will be incorporated to pro-
vide complementary text representation for result prediction.

This process can be summarized,

Z = FC(X ⊕ H l+1
intra ⊕ H l+1

inter ). (17)

Here, Z , ⊕, and FC are the enhanced feature representa-
tion, channel-wise concatenation, and fully-connected layers
liked [65], respectively. The dimensions of graph embeddings
H l+1

intra and H l+1
inter are consistent with the dimensions of visual

feature representation X .

C. Ground Truth Generation

Common arbitrarily-shaped scene text datasets, such as,
SCUT-CTW1500 [24] and Total-text [53], use polygonal labels
to annotate curved text contours. We extend multi-grained
annotations on the original ground truth, including bounding
boxes with categories, component-level ordered quadrangles,
and instance-level control points of parameterized Bezier
curves. Mathematically, given the annotated text instance with
curved contour, it consists of a group of points

{
(X p

k , Y p
k )

}K
k=1,

where (X p
k , Y p

k ) represents the kth point. Firstly, the corre-
sponding horizontal bounding box bboxi can be formulated
as,

bboxi =
(
min(X p

k ), min(Y p
k ), max(X p

k ), max(Y p
k )

)
, i ∈ N ,

(18)

where N is the number of annotated text instances. Then,
we adapt a flexible yet simple component-level annotation
generation method [2] to produce a series of ordered quad-
rangles. For each text instance, we calculate the vertices of
top edges E t

n =
{
et

k
} f +1

k=1 and bottom edges Eb
n =

{
eb

k
} f +1

k=1 .
Thus, a series of quadrangles componenti can be written by,

componenti =

{
(et

k, et
k+1, eb

k , eb
k+1)

} f

k=1
, i ∈ N , (19)

where f is the number of text components within a text
instance, and we empirically set it to 6. Finally, parameter-
ized Bezier curves [26] are adopted to describe much more
free-form text contours, which are formulated as contouri =

{Bk}
m
k=1 , n ∈ N , where Bk represents the kth control point and

m is set to 8.

IV. EXPERIMENTS

To validate the effectiveness of the proposed HGR-Net,
we evaluate it on three scene text benchmarks, includ-
ing one arbitrarily-oriented dataset ICDAR15 [66], two
arbitrarily-shaped datasets SCUT-CTW1500 [24] and Total-
Text [53].

A. Public Datasets

Total-Text is a widely used scene text dataset for arbitrary
shape scene text detection released by Ch’ng et al. [53]
in 2017, and each text instance is labeled with word-level
polygon. It has 1255 images for training and 300 images
for testing, including horizontal, arbitrarily-oriented, and
arbitrarily-shaped text instances.

SCUT-CTW1500 is another vital arbitrarily-shaped scene
text dataset, which is provided by Liu et al. [24]. It consists of
1500 images and over 10000 text line annotations, including
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TABLE I
DETECTION RESULTS BETWEEN HGR-NET AND THIRTY STATE-OF-THE-ART METHODS ON SCUT-CTW1500, TOTAL-TEXT, AND ICDAR15. BU AND

TD REPRESENT BOTTOM-UP AND TOP-DOWN METHODS, RESPECTIVELY. THE BEST RESULT OF EACH COLUMN IS HIGHLIGHTED IN BOLD

1000 training and 500 testing images. Different from Total-
Text, it contains both Chinese and English text instances, and
each text instance is annotated by a 14 vertices polygon.

ICDAR 2015 Incidental Text (ICDAR15) consists of a
total of 1500 images collected from natural scenes, including
1000 training images and 500 testing images. Multi-orientation
text instances are contained in ICDAR15 with word-level
quadrangle annotations.

B. Implementation Details

HGR-Net is implemented by Pytorch framework. A com-
mon setting of ResNet-50 together with FPN is utilized as
the basic backbone. For training phase, HGR-Net is trained
using stochastic gradient descent (SGD) with a momentum of
0.9 and weight decay of 0.0001, and the image batch size is
set to 2. HGR-Net is firstly pre-trained on SynthText150K
dataset [26] (150K images including straight text images
and curved text images) and ICDAR17-MLT dataset [77]
(7200 images with multi-language annotation) for 270K itera-
tions, with an initial learning rate of 0.01 which is decayed by
10 at the 160Kth iteration and 220Kth iteration. Then, HGR-
Net is fine-tuned on the corresponding training set of the target

datasets and the maximum iteration here is 160K. The initial
learning rate is 0.001, and it is decayed by 10 at the 80Kth

iteration and 120Kth iteration. The whole training process
takes about 2 days. Data augmentation during training includes
random crop and random scale training. We first crop input
images randomly. And the cropped images are assured to avoid
cropping text instances. The short edges within image are then
resized to a range from 640 to 896, and the long edges are
kept within 1600. For inference phase, we evaluate HGR-Net
on SCUT-CTW1500, Total-Text, and ICDAR15 benchmarks.
For our different multi-grained proposal generation strategy,
we adopt 3 scales and 3 aspect ratios, and 100 proposals are
posted after NMS.

All experiments are performed on single Nvidia GTX
2080Ti GPU and an ubuntu20.04 workstation with an Intel(R)
Xeon(R) Silver 4210 2.20GHz CPU 64GB RAM.

C. Comparison With State-of-the-Art Methods

In this section, HGR-Net is compared with thirty state-
of-the-art methods on both arbitrarily-shaped and arbitrarily-
oriented scene text benchmarks, which is shown in Table I.
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Fig. 5. Qualitative detection results of HGR-Net, which are depicted with blue masks. (a) Results on Total-Text. (b) Results on SCUT-CTW1500. (c) Results
on ICDAR15.

TABLE II
COMPARISON WITH DRRG [12], ABC-NET [26], AND FCE-NET [28] ON SCUT-CTW1500 AND TOTAL-TEXT BENCHMARKS USING TIOU

METRIC [76]. THE BEST RESULT OF EACH COLUMN IS HIGHLIGHTED IN BOLD

1) Arbitrarily-Shaped Scene Text Detection: As mentioned
above, SCUT-CTW1500 and Total-Text datasets focus on
text instances with arbitrary shapes. From Table I, HGR-
Net obtains 86.0% and 87.5% in terms of H-mean on
SCUT-CTW1500 and Total-Text, respectively, which achieves
superior detection performances. Compared with bottom-up
methods, such as TextSnake [2], TextDragon [5] and Cen-
tripetalText [13], HGR-Net benefits from directly adopting
contour regression to detect curved text instances, instead of
relying on complicated post-processing. Mask TextSpotter [21]
simultaneously predicts both text instances and characters, but
it needs character-level annotations for supervision. Compared
to Mask TextSpotter, HGR-Net applies two parallel branches
to regress text instances and components without time-
consuming character-level annotations. Moreover, we take
a next important step beyond two-level textual information

extraction, in which HGR-Net bridges information interaction
across levels to learn hierarchically complementary features.
Thus, HGR-Net has achieved 2.3% higher performance than
Mask TextSpotter on Total-Text dataset.

Despite recent advancement of top-down methods, such as
ABC-Net [26], Boundary [75], PCR [29], FCE-Net [28], and
TextBPN [27], HGR-Net achieves more competitive perfor-
mance in terms of H-mean. Particularly, HGR-Net is 0.5%
superior to FCENet on SCUT-CTW1500 benchmark (86.0%
versus 85.5%) and performs 0.5% better than ABC-Net on
Total-Text benchmark (87.5% versus 87.0%).

Moreover, compared with GCN-based method DRRG [12]
presented for exploring linkage likelihood between detected
components, HGR-Net not only learns to establish component-
level linkages, but also captures contextual information with
position-awareness among text instances. After that, GCN
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Fig. 6. Qualitative detection results of HGR-Net, DRRG [12], ABC-Net [26], and FCE-Net [28] on selected samples, which are depicted with blue polygons.

aggregates graph node linkages and propagates relation infor-
mation to its neighbors, which guides HGR-Net to learn
complementary graph embeddings. It is noted that HGR-Net
has achieved 1.5% and 1.8% higher on H-mean than that
of DRRG on SCUT-CTW1500 and Total-Text datasets,
respectively. Some qualitative results on arbitrarily-shaped
benchmarks are depicted in Figure 5(a) and (b).

2) Arbitrarily-Oriented Scene Text Detection: As for
arbitrarily-oriented benchmark ICDAR15, HGR-Net also out-
performs previous methods. Compared with top-down meth-
ods proposed to learn rotated text representation, such as
Textboxes++ [20], RRPN [19], TBTD [30] and ACE [32],
HGR-Net adapts anchor generation to obtain text location
roughly, and then we progressively regress text contours
and components from two parallel branches. Some qualita-
tive results on arbitrarily-oriented benchmark ICDAR15 are
depicted in Figure 5(c).

D. Comprehensive Comparison With DRRG, ABC-Net, and
FCE-Net

Besides standard H-mean metric, we have applied
Tightness-aware Intersect-over-Union (TIoU) metric [76] to
evaluate detection performance. The indicators TIoU-Recall,
TIoU-Precision, and TIoU-Hmean are used to assess com-
pleteness, compactness, and tightness of detection results,
respectively. Table II provides detection results of HGR-Net,
DRRG [12], ABC-Net [26], and FCE-Net [28] in terms of
TIoU metric. It is noted that HGR-Net achieves the best results
in terms of TIoU-Recall, TIoU-Precision, and TIoU-Hmean
indicators on both SCUT-CTW1500 and Total-Text datasets.

Comparing the results on TIoU metric and previous H-
mean metric, we find that FCE-Net shows better H-mean
performance than ABC-Net in terms of H-mean on SCUT-
CTW1500 dataset (85.5% versus 84.7%). On the contrary,
ABC-Net has surprisingly achieved better performance in
terms of TIoU-Hmean metric (64.2% versus 65.4%). This
could be attributed to different text contour parameterization
between Bezier curves and Fourier curves, which results
in different compactness and completeness. As shown in
the fourth and fifth columns of Figure 6, detection results
predicted by parameterized Bezier curves are more compact
and sharper. Compared with ABC-Net, the substantial supe-
riority of HGR-Net could be attributed to complementary
multi-grained textual information extraction and comprehen-
sive representation learning. For Total-Text dataset, bottom-up
method DRRG outperforms ABC-Net, and FCE-Net in terms
of TIoU-Recall, but it shows limited TIoU-Precision per-
formance. It could be inferred that the higher TIoU-Recall
of DRRG is benefited from text component extraction and
aggregation. And top-down methods ABC-Net and FCE-Net
tend to make text detection compact by applying concise and
efficient text curve parametrization. Moreover, as for hybrid
HGR-Net, it ranks the first place in terms of TIoU-Recall
(64.2% versus the second place DRRG 63.5%) and TIoU-
Precision (72.5% versus the second place ABC-Net 68.6%)
on Total-Text dataset, where the evolved graph embeddings
could join forces for detection refining.

Figure 6 depicts an intuitive visualization comparison of
detection results predicted by different methods in multiple
situations, including occluded text, low-contrast background,
and text in high diversity. At the bottom of Figure 6(a-3), for
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Fig. 7. Qualitative detection results of baseline, Intra-Text SLM, Inter-Text GCM, and HGR-Net. The centroids of detected text instances and components
are connected by learned graph edges. Edge thickness corresponds to scaled edge weights.

the last line with characters ‘II P M M SAT’, DRRG detects
each individual character separately instead of a holistic text
instance. However, it is rarely encountered in top-down meth-
ods. HGR-Net, ABC-Net and FCE-Net directly learn to predict
holistic text instances. Figure 6(a-4) has overlapping issues
and redundant detection. However, the redundant detection is
generally low in HGR-Net due to partial spatial relationship
captured by component-level Intra-Text SLM. In the second
row of Figure 6, for the long text instance ‘SCAPEGOAT’
in the style of WordArt, DRRG, ABC-Net, and FCE-Net
suffer from missing characters. But, HGR-Net is able to
handle curved text instances with diverse text fonts and styles,
thereby confirming the values of exploiting global context for
detection completeness. In the third row of Figure 6, there
exists low-contrast background noise similar to foreground
text, which might potentially lead to unexpected detection.
HGR-Net is capable of enhancing the robustness of textual
representation learning by instance-level and component-level
cooperation and information interaction. In Figure 6(c-2),
HGR-Net obtains accurate detection results and matches the
ground truth closely. The above observation is consistent with
performance comparison shown in Table II in terms of TIoU
metric [76].

E. Ablation Study

To verify the effectiveness of each module, several ablation
experiments are conducted on arbitrarily-shaped Total-Text

and SCUT-CTW1500 datasets, and quantitative results are
shown in Table III.

1) With or Without Component-Level Branch (CLB):
The baseline is implemented by Faster R-CNN with the
adapted instance-level contour regression branch. As shown
in Table III, detection result of baseline equipped with
component-level branch (CLB) exceeds that of baseline alone
by 0.5% (83.7% → 84.2%) and 0.6% (83.5% → 84.1%).

2) With or Without Intra-Text Spatial Layout Module (Intra-
Text SLM): Using Intra-Text SLM, the results can be improved
by 1.3% (83.7% → 85.0%) and 1.7% (83.5% → 85.2%),
respectively. Moreover, compared to the baseline trained
with CLB, it obtains higher results in terms of H-mean
(84.2% → 85.0% on Total-Text and 84.1% → 85.2% on
SCUT-CTW1500).

3) With or Without Inter-Text Global Contextual Module
(Inter-Text GCM): We conduct experiments to study the influ-
ences of the baseline with/without Inter-Text GCM. Compared
with Intra-Text SLM, linkage establishing in instance-level is
equally vital for scene text detection, which guides detectors to
explore global contextual information from pixel-wise visual
connection. From Table III, the performance of the baseline
with Inter-Text GCM is improved by 1.5% (83.7% → 85.2%)
and 1.3% (83.5% → 84.8%).

4) With or Without Hierarchical Relational Reasoning
Module (HRRM): Integrating two-level graph embeddings,
the performance has been improved by 2.8% and 2.0%.
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TABLE III
ABLATION STUDY ON SCUT-CTW1500 AND TOTAL-TEXT BENCHMARKS WITH DIFFERENT MODULES. △ IMPR. REPRESENTS THE IMPROVEMENT

OF THE H-MEAN COMPARED WITH THE BASELINE. THE MODULES ARE DENOTED AS FOLLOWING: CLB COMPONENT-LEVEL BRANCH;
INTRA-TEXT SLM INTRA-TEXT SPATIAL LAYOUT MODULE; INTER-TEXT GCM INTER-TEXT GLOBAL CONTEXTUAL MODULE; AND

HRRM HIERARCHICAL RELATIONAL REASONING MODULE. THE BEST RESULT OF EACH COLUMN IS HIGHLIGHTED IN BOLD

TABLE IV
INFERENCE SPEED AND ACCURACY COMPARISON OF HGR-NET, ABC-

NET AND DRRG ON SCUT-CTW1500 BENCHMARK

In detail, it achieves higher improvement than the baseline
with Intra-Text SLM (1.3% → 2.8% and 1.7% → 2.0%)
or Inter-Text GCM (1.5% → 2.8% and 1.3% → 2.0%).
Ideally, we want to inject intra-text graph embeddings into
feature matrix, and thus enrich feature matrix for inter-text
graph learning. The injected textual attributes are expected to
provide auxiliary inner-text information. However, an implicit
limitation of the learned two-level graph embeddings is that
they are unable to perform information interaction and relation
deduction across hierarchical levels. HRRM bridges cross-feed
interaction between the constructed intra-text graph and inter-
text graph to achieve information aggregation and propagation.
By learning complementary graph embeddings, the baseline
equipped with CLB, Intra-Text SLM, Inter-Text GCM and
HRRM achieves optimal performance. It obtains performance
improvement by 3.8% (83.7% → 87.5% on Total-Text) and
2.5% (83.5% → 86.0% on SCUT-CTW1500).

5) Inference Speed: To evaluate the real-time detection per-
formance, we investigate computation efficiency on different
settings of HGR-Net. Hierarchical graph reasoning costs most
of computation time, which includes Intra-Text SLM and Inter-
Text GCM. It takes approximately 9 ms per image, accounting
for 70 % the computation time. Due to dynamic graph learning
for each input image, it thus inevitably consumes additional
computational costs.

In Table IV, we further compare HGR-Net with ABC-
Net and DRRG under the same device and experimental
settings. Especially, we have removed the recognition branch
of ABC-Net for a fair comparison. It is shown that HGR-Net
outperforms ABC-Net and DRRG by 1.3 (84.7% versus
86.0%) and 1.5 (84.5% versus 86.0%) on SCUT-CTW1500

benchmark. However, ABC-Net shows faster inference speed
than HGR-Net and DRRG. It could be attributed to that
ABC-Net adopts anchor-free baseline network with simplified
pipelines.

6) More Results: Figure 7 shows the qualitative com-
parison between HGR-Net, baseline, Intra-Text SLM, and
Inter-Text GCM. Moreover, Figure 7(a-2), (b-2), and (c-2)
depict the learned graph structures from Intra-Text SLM,
and Figure 7(a-3), (b-3), and (c-3) depict the learned graph
structures from Inter-Text GCM. In Figure 7(a-1), the long
yellow text instance ‘Captain Kibbs Inn’ is falsely split into
separate fragments. And the false detection issues are also
found in Figure 7(c-1), where the bottom long text instance
‘D.A.V.Sektion Leutkirch’ and the bottom-right equation
‘1984+85’ are not correctly detected by the baseline. HGR-
Net could capture global contextual information from the
constructed inter-text graphs, and instance-level relation aggre-
gation might enable us to properly detect the text instances
with a variety of aspect ratios, with larger receptive field. Thus,
the text contours could be accurately located. In Figure 7(b-1),
the baseline suffers from occlusion problems, with the back-
ground ropes occluding most text instances vertically. Due
to the exploited sub-text components, HGR-Net is sensitive
to text locality in spatial layout. Therefore, these clues with
geometric information would help stack partial fragments into
the holistic text instances based on component-level intra-text
information propagation. Hence, it is obvious to see that the
detected text components are relatedly connected by learned
graph edges, as shown in Figure 7(b-2). At the bottom of
Figure 7(a-1), two redundant candidates are overlapped with
the blue text instance ‘grul spirits’. After hierarchical relational
reasoning, the overlap issue is alleviated by learning advanced
graph embeddings and the performance of HGR-Net is thus
improved by linkage likelihood deduction.

F. Limitation and Discussion

Our method is one of the very first attempts to explore
multi-grained text representation learning and hierarchical
linkage likelihood deduction across levels. It still has several
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limitations. First of all, due to the notable characteristics of
text in the wild, such as inevitable variations in shape, font,
orientation, and aspect ratio, a fixed number of text compo-
nents within text instances is usually not practical. In cases
where a text instance consists of small and short words, setting
fixed number of components is likely to result in reduced
homogeneity, which could deteriorate detection performance.
Second, due to the vanishing gradient problem, GCN-based
methods are usually limited to shallow models [78]. Although
graph learning modules show promising results, as shown in
Table III, the combination of deep graph architecture is an
interesting avenue for future work.

V. CONCLUSION

We have presented HGR-Net, a novel end-to-end trainable
framework for arbitrary shape scene text detection. Different
from previous scene text detectors, which focus on top-down
or bottom-up methods, HGR-Net exploits instance-level as
well as component-level textual attributes from a hybrid per-
spective. To exploit multi-grained textual information, we first
generate instance-level and component-level text candidates.
Meanwhile, inter-text and intra-text graph construction is
utilized to establish two-level linkages, and graph reasoning
achieves cross-feed interaction with the aid of hierarchical
design. The overall detection performance has been pro-
moted, and the effects of occluded, redundant and ambiguous
issues can be restrained by learning multi-grained textual
attributes and complementary graph embeddings. Extensive
experimental results demonstrate the superiority and efficiency
of HGR-Net on both arbitrary shape and arbitrary orientation
benchmarks.
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