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ARTICLE INFO ABSTRACT

Keywords: As a fundamental task, end-to-end text spotting aims to integrate text detection and recognition into a
Text spotting unified framework, which is known as a challenging task due to text diversity and background noise. Existing
Arbitrary shape scene text text spotting methods employ instance-level local features or holistic global feature representations for text

Hierarchical relation reasoning

‘ spotting, without capturing intrinsic hierarchical relationships among multiple granularities. From a hybrid
Graph convolutional network

perspective, we propose a novel Hierarchical Relation Graph Reasoning Network for Scene Text Spotting
(HiTextSpotter) to enrich textual representations at different granularities and capture hierarchical relations
using graph structure. HiTextSpotter consists of Global and Local Feature Extraction Network (GLFE), Multi-
Granularity Graph Relation Reasoning Network (MGRR), and task prediction head. GLFE primarily extracts
multi-grained features, including global-level features from Transformer encoder equipped with deformable
attention for holistic field, fine-grained local textual instance-level and component-level features generated
by Top-K Bezier center curve proposals. Within MGRR, instance-level graph is designed to learn contextual
information and the relationship between instances, and component-level graph is constructed to capture
geometric properties for detailed representations. Additionally, an adaptive gated fusion module is introduced
to integrate the hierarchical features at different granularities. Finally, the enhanced features are fed into
Transformer decoder, where learnable explicit point queries capture text semantics and locations for final
results. Extensive experiments on three publicly available scene text benchmarks Total-Text, ICDAR 2015,
SCUT-CTW1500, as well as the official map benchmark ICDAR24 MapText, demonstrate that our method
achieves superior performance in detection and recognition.

1. Introduction methods [19-29] are different from general object detection, and focus
on component level granularity, which first generates a dense predic-

It is well known that text semantics and relation are of critical tion map for subtext and then groups them together depending on
importance for understanding the world in various real-world appli- which components belong to the same text instance [3]. These meth-
cation scenarios, such as autonomous driving, image retrieval, social ods are sensitive to sub-text component attribute and text geometric
media analysis, geographical and historical studies [1-8]. Text de- distribution. In contrast, top-down methods [2,9,30-41] predict whole
tection and recognition, termed as text spotter, has been researched text at instance level, which extracts holistic contextual information for

in the past decades. Due to text diversity patterns in size, aspect
ratio, font style, perspective distortions, and shape [9], text spotting
in unconstrained conditions remains challenging. Although numerous
early works depend on heuristic rules and specific handcrafted features
for text spotting [10-18], the complexity of pipeline and inflexibility
limits its application for scene text field [3].

In deep learning research, most classical text spotting methods
follow the detection-by-recognition paradigm, which can be roughly
summarized as two branches: bottom-up methods and top-down meth-
ods. Due to the characteristic of homogeneity and locality, bottom-up

text objects. After detection, both methods require an extra connector
such as Region of Interest (RoI) operations for feature alignment. ABC-
Net [35] introduces Bezier curves into scene text spotting field for
arbitrary shape scene text, which improves the detection tightness.
Benefiting from the remarkable improvement of DEtection TRans-
former (DETR) in object detection, DETR-like text spotting meth-
ods [42-51] complete text detection and recognition simultaneously,
and get rid of the additional connector. To cope with the prevalence
of arbitrary size scene text, DETR-like framework employs deformable
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Fig. 1. Illustrations of different text spotting methods: (a) DETR-like methods employ global features from encoder to detect and recognize text instances
simultaneously. (b) Classical two-step methods adapt detection-by-recognition paradigm, and utilize instance or subtext component level features for recognition.
(c) Multi-granularity method leverages different grain representation to fully explore potential of inherent contextual information among hierarchical structure.

attention mechanism for multi-scale convolutional feature map. Specif-
ically, TESTR [45] employs separate dual-decoders for detection and
recognition tasks. For better synergy of two tasks, DeepSolo [46]
lets point queries gather semantics and location information, and
achieves state-of-the-art performance. Recent DETR-like studies have
introduced innovations in text spotting from diverse perspectives [1,47,
50-52], including enhanced synergy mechanisms, coarse-to-fine learn-
ing, denoising training strategy, and adaptive reading order modeling.
Retrospectively, the aforementioned text spotters predict location and
content based on single granularity. To be specific, bottom-up methods
locate text at sub-text component granularity and this fine-grained
detection unit makes model sensitive to text geometric distribution.
Furthermore, component level units can be assembled into text in-
stance level grain. Top-down methods mainly focus on instance level,
which can better represent holistic contextual information. And most
recent DETR-like methods spot text instances on global image features.
Therefore, either utilizing individual or partial context from instances
and components or exploiting holistic information from global features
is of significance. Based on the above observations, we expect the
model to utilize intrinsic structured relations and inherent contex-
tual information across different granularity scales. Compared with
single-granularity modeling methods, the multi-granularity modeling
architecture demonstrates enhanced capability in systematically in-
vestigating hierarchical intrinsic correlations and synergistic interac-
tions across three distinct abstraction levels, namely global semantics,
instance representations, and component features. Specifically, we
propose to leverage component-level features for composite representa-
tions of sub-textual units, while employing instance-level embeddings
to establish inter-textual relational patterns through structured seman-
tic modeling. Furthermore, global-level characterization is designed
to conduct holistic scene reasoning by integrating contextual infor-
mation. This hierarchical framework enables different granularities
to synergistically compensate for information scarcity at individual

granularity levels. Notably, Glass [53] extracts global features cropped
from shared backbone, and computes local features individually from
high resolution word region images, but it may ignore the inherent
interaction between different instances. HGR-Net [54], from a hybrid
perspective, exploits textual attributes and interaction at instance and
component level, but lacks the capacity of global scene reasoning
from attention mechanism. Prompted by above questions, the multi-
granularity model should be designed as Fig. 1. Ideally, a hierarchical
architecture encompasses three critical components: global contextual
awareness, instance relation exploration, and component partial rep-
resentation. Motivated by DRRG [28], graph convolution network is
applied to perform relational reasoning and deduce linkage relation-
ships among hierarchical structures due to its innate advantage for
deducing relationships between nodes on the graph.

In this paper, we propose a novel unified Hierarchical Relation
Graph Reasoning Network for scene text spotting (HiTextSpotter),
which not only extracts comprehensive feature representations at dif-
ferent levels but also employs Multi-Granularity Graph Learner for
independent and robust interaction modeling for every distinct layer.
HiTextSpotter architecture consists of two key sub-networks: Global
and Local Feature Extraction Network (GLFE) and Multi-Granularity
Graph Relation Reasoning Network (MGRR), along with a task pre-
diction head. Initially, GLFE employs a shared multi-scale convolu-
tional feature map to refine global-level features from Transformer
encoder, focusing on the holistic context. It also extracts local textual
instance-level features by top-k Bezier proposals, and fine-grained
component-level features to represent partial information. This multi-
level visual representation may enrich the understanding of text image
structures. Then, MGRR is composed of three critical components:
Instance Relation Graph Learning Module, Component Level Graph
Learning Module, and Adaptive Gated Fusion Module. Specifically, the
instance-level graph is constructed to capture inter-text relationships
and contextual properties, while the component-level graph focuses on
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intra-text spatial geometric information. For feature fusion, a dynamic
adaptive gated fusion mechanism is introduced to facilitate seamless
integration of these differing features. Finally, hierarchical features are
fed into a single Transformer decoder, which enables learnable explicit
queries to learn the position and semantics information for ultimate
prediction.

In conclusion, our contributions of this paper can be summarized as
follows:

» We propose Hierarchical Relation Graph Reasoning Network, a
novel end-to-end trainable network for text spotting, which has
explored the efficacy of multi-granularity feature modeling in
scene text spotting and has demonstrated superior performance
on scene text and map text benchmarks.

Global and local feature extraction network (GLFE) generates hi-
erarchical features to achieve intrinsic contextual representations.
Specifically, hierarchical features, extracted from shared multi-
scale feature maps, include overarching global features of the
entire image, individual instance-level features of text regions,
and fine-grained component-level features representing subtext
partial spatial information.

Multi-Granularity Graph Relation Reasoning Network (MGRR)
designs instance relation graph learning module for inter-text
relations and component level graph learning module for geomet-
ric and spatial properties. Then, features at multiple levels are
adaptively and dynamically fused.

2. Related work

Text detection and recognition task has long-standing research his-
tory. Research conducted prior to the deep learning era mostly de-
pends on the design of features [3]. In detection, most studies uti-
lize connected component analysis (CCA) [10-14] or sliding window
(SW)-based classification [15-18]. CCA-based methods initially refine
candidate components by diverse techniques, such as color clustering
or extreme region detection. Subsequently, non-textual elements are
eliminated by applying either handcrafted rules or classifiers. In SW
classification, the input image is traversed by windows of multiple
sizes, and each window is then categorized as text segments or not. In
recognition, feature-based techniques are employed to recognize text
content from text regions. However, due to the limited representation
capacity of low-level or mid-level handcrafted image features, these
approaches were susceptible to error accumulation and struggled to
cope with complex scenarios [3].

With the rapid advancement of deep learning, recent researches
have explored the application for text detection and recognition. Text
spotting methods are generally categorized into two approaches: classi-
cal two-step methods and DETR-like methods. Classical two-step meth-
ods [2,20,30-34] follow the detection-by-recognition paradigm [2,9,
32-34], and relies solely on the detected text region images from
the detection phase to recognize the text content. In contrast, DETR-
like methods [44-49] perform both detection and recognition of text
instances in a single, integrated process.

Most classical two-step methods employ a connector, such as Re-
gion of Interest (Rol)-based operations, to bridge the detection and
recognition [20,30-32]. Text-Alignment layer [30] learns a direct map-
ping between an input image and a set of character sequences or
word transcripts. Additionally, ROI-Rotate [32] is proposed to share
the feature between detection and recognition. Mask TextSpotter [2]
addresses scene text spotting task using a segmentation method, which
initially employs Mask R-CNN to identify the text area, followed by
a character segmentation module for recognition. Its subsequent ver-
sion [34] refines the detection method and transitions from region
proposal network (RPN) to segmentation proposal network to better
deal with text diversity. To cope with the difficulty of arbitrary shapes
and orientation, many efforts have been dedicated to overcome this

Knowledge-Based Systems 345 (2026) 116091

issue. TextSnake [21] describes text instances as a sequence of ordered,
overlapping disks centered on symmetric axes. TextDragon [20] uses a
series of quadrangles to represent text. ABCNet series [9,35] employs
parameterized Bezier curves to model curved text, which not only
improves detection accuracy, but also avoid segmentation complexity.
Following the lead of ABCNet, most of subsequent methods [45-49]
adapt Bezier curves to detect text instances. However, this two-step
pipeline may ignore the inter-text relation and interaction [55].

Influenced by the significant progress of Transformer architecture
and DEtection TRansformer (DETR) in the domain of object detection,
numerous DETR-like methods [45-51] have been proposed to address
scene text spotting task. TTS [44] has demonstrated its efficacy in
weak annotations situation by integrating an Recurrent Neural Net-
work(RNN) recognizer into Deformable DETR. SPTS [43] uses single-
point for detection and follows the sequence prediction paradigm for
recognition. To share information between scene text detection and
recognition, TESTR [45] utilizes a shared backbone and Transformer
encoder but employs separate dual-decoders for each task. Scene text
spotting synergy is the mutual interaction and cooperation between
text detection and recognition, and recently attracts significant atten-
tion. To achieve better synergy between detection and recognition,
DeepSolo [46] employs learnable explicit point queries within a single
decoder to perform both tasks concurrently. However, some argue that
DeepSolo makes all the queries for both detection and recognition task
solely relying on implicit synergy and cannot fully realize the potential
of these two interactive tasks. ESTextSpotter [47] introduces task-aware
queries that are tailored for two distinct tasks, enabling explicit synergy
and the modeling of discriminative and interactive features. However,
recent DETR-like models implicitly model text instances relation and
component attribution.

Multi-Granularity feature extraction methods [49,56-58] has at-
tracted great attention in many deep learning fields, which extract
information in different feature Spaces and level. Though previous
works have used multi-scale deep convolutional networks like Fea-
ture Pyramid Networks (FPN) [59] to learn different scales feature,
it struggles to effectively balance the relation between particular and
holistic elements. HTS [60] unifies the tasks of scene text spotting and
layout analysis, introducing a new dataset and a innovative method.
HTS firstly produces Bezier curve polygons of text lines and an affinity
matrix for paragraph grouping. Then, line-to-character-to-word mod-
ule splits the text line into characters and further merges them back
into words. Leveraging the promptable and multi-grained segmenta-
tion capabilities of Segment Anything Model (SAM), Hi-SAM [61]
achieves text segmentation across four hierarchies, including stroke,
word, text-line, and paragraph. In domain adaptive detection realm,
many works are proposed for domain-invariant feature learning. For
separate scene text detection and recognition task, HGR-Net [54] gener-
ates textual information at instance and component level, and construct
hierarchical graph detect text instances. MGP-STR [56] introduces
multi-granularity prediction strategy from natural language process-
ing to integrate linguistic knowledge. Inspired by this, MGN-Net [49]
is proposed to integrate visual and semantic information by graph
structure and multi-granularity grammatical feature are extracted for
semantic presentation. By contrast, just utilizing multi-scale feature for
visual presentation is insufficient. In this paper, each input image is
regarded as a combination of background and text instances, and text
instance is aggregated by a series of partial components.

3. Methodology

Our HiTextSpotter comprises three distinct pipelines, including
Global and Local Feature Extraction Network (GLFE), Multi-granularity
Graph Relation Reasoning Network (MGRR), and task prediction heads.
Furthermore, the proposed architecture is depicted in Fig. 2. In GLFE,
after receiving the multi-scale feature maps, integrated feature extrac-
tion module extracts hierarchical feature representations. Specifically,
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Fig. 2. The framework of our proposed HiTextSpotter method. Global and Local Feature Extraction (GLFE) network utilizes a backbone to refine enhanced
multi-scale feature maps. These feature maps, equipped with positional embeddings, are then fed into Transformer encoder with deformable attention to generate
top-K proposals and global features for holistic representation. Instance-Level Feature Extractor and Component-Level Feature Generator extract instance and
component-level features, respectively. Multi-Granularity Graph Relation Reasoning (MGRR) Network first utilizes these hierarchical contextual representations
to construct two graphs that model the relationships and interactions among instance and component levels. Transformer decoder then employs point queries to
learn both semantic and positional information. Finally, the prediction heads simultaneously predict the center line, script, and confidence scores from queries.

global representations are encoded by Transformer encoder with multi-
scale deformable attention, and instance-level features are extracted
depending on top-k proposals. Inspired by TextDragon, Component-
level Feature Generator is designed for subtext description. Conse-
quently, MGRR network constructs hierarchical graph structures at
component-level to learn spatial contextual information and instance-
level to prompt inter-text interaction. After sufficient visual modeling,
Transformer decoder enables learnable point queries to learn text loca-
tion and content explicitly. Finally, these point queries with requisite
text semantics and locations can be further decoded to center line,
boundary, and script.

3.1. Global and local feature extraction network

For a text image, the image contains both text regions and back-
ground, and the text regions can be viewed as a series of aggregated
sub-text components. Based on this observation, Global and Local
Feature Extraction Network (GLFE) is proposed to generate integrated
features at various levels, which comprises multi-scale feature extrac-
tion module(MSFE) and integrated feature extraction module (IFEM).
MSFE employs ResNet with Feature Pyramid Networks (FPN) to gener-
ate multi-scale feature representations, enabling subsequent models to
discern both global contextual information and intricate local details.
IFEM generates comprehensive features across three levels: global fea-
tures that encapsulate the holistic context, instance-level features that
are tailored to individual textual regions, and component-level features
that capture the nuances within text areas.

Multi-scale Feature Extraction Module. After employing the
ResNet architecture equipped with a Feature Pyramid Network [59]

(FPN) to obtain the convolutional feature maps, the last three feature
maps, denoted as res;, are retained, with each feature map having a
shape of d;xh;xw;. To achieve higher-level abstractions, the last feature
map is fed into the Vision Enhancement Module. Within this module, a
convolution operation downsamples the feature map, extracting a more
abstract representation, denoted as res,,,. Here a multi-scale global
representation is

me = Uielresi’ (l)

where I denotes as the set of feature map layers.

Integrated feature extraction module. In Transformer encoder,
we employ deformable attention to align with the multi-scale fea-
ture representations effectively. Technologically, for multi-scale feature
maps F,,, let p, € [0, 1]? represent the normalized coordinates of the
reference point for each query element ¢, and the update operation is
elaborated as

M S DeformAttn(Z,, p,, {res;}icr)

M
2 W

m=1

< @
0D Avigi - Wres (@B, + Appigi) | »
iel k=1
where m, i, k denote the indices for attention head, input feature
level, and sampling point, respectively. 4p,,,,, and A, represent the
sampling offset and attention weight of the kth sampling point in ith
feature level and the mth attention head. W, and W/ are learnable
weights. After the Transformer encoder process, the global feature map
Fyiop € R™*? is generated, where token count can be calculated
by n, = Y,c;(h; X w;) and d is the number of hidden dimension.
Consequently, using F,,,,, Bezier center curve proposals BP and their
corresponding confidence scores .S are derived. Specifically, a grid with
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Fig. 3. The framework of our proposed Multi-Granularity Graph Relation Reasoning (MGRR) network. Instance Relation Graph Learning Module constructs

inter-text graph to capture contextual interactions among different text instances.

Component Level Graph Learning Module builds an intra-text graph for spatial

attribute aggregation within a single text instance. Finally, Adaptive gated fusion module fuses the enhanced features from previous modules.

dimensions n, x 2 is plotted over the entire image, with each grid
point (x;,y;) corresponding to a location on image, where x; and y,
are normalized coordinates within the range [0, 1]. Subsequently, global
features F,,, are fed into a multi-layer perceptron to predict 4 offsets
for each pixel. For every point (x;, y;), indexed by i, and for each Bezier
control point indexed by j € {1,2,3,4}, the offsets are given by

(Ax;;, Ay;j) = MLP(Fypp0)- 3)

By computing the original grid positions with these offsets, the final
positions of the control points for the Bezier curves are:

BP; = (X;;,);;)

=(c (x; + o (Ax,-j)) o (v + ol (Ay,-j)))
This allows us to obtain n, proposals BP with the shape n, x 8, with
each proposal corresponding to a feature token. Then, a binary classi-
fication linear layer is employed to calculate n, confident scores which
judge whether the proposal is text or not. To refine all the proposals

into more plausible candidates, the top-k proposals are selected as the
final proposals using the following operation:

C)

BP,, =C(BP) 5)
where BP,, € R">3 and C denotes the cropping operation.

Instance level feature extractor. This extractor is designed to
refine individual features for each region of text instances. Similar
to the process of generating top-k proposals, the extractor identifies
the corresponding instance-level features from the global feature map

based on the generated proposals. And the process of instance feature
extractor can be described as:

Fins = C(Fglabal)’ (6)

and F,,, € R"*4

Component level feature Generator. Text instance can be viewed
as an ordered series of homogeneous components [3]. Motivated by
TextDragon [20], we separate text instances into several sub-text com-
ponents. Component-level features capture the intricate details within
each text region, allowing for fine-grained modeling that provides
an accurate geometric description of text instance. We expect that
this approach can enhance the ability to distinguish between intra-
text characters, ensuring that subtle differences are properly repre-
sented. Technically, the shape of received instance level features F,,; =
[f1s s f3eens fn,] is [n;, d]. Instance level feature maps are reshaped to
Feomp, Of shape [n;,n,, Jp], where cip = d/n, and the reshaping operation
can be illustrated as
F/

compo

= D(F,,,). %)

Then the feature is flattened at the second dimension and get the fea-
ture Fc’ ompo of shape [n;,n,, [pr. Given that the last dimension of FC’ ompo
cannot adequately express component level information, we introduce
an adapter. To be specific, we first expand the feature dimension from
zip tom (m > (fp). To further encourage the feature transformation
capacity, adapter is introduced, which consists of two linear layer and

activation function. The first linear layer is to expand feature dimension
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and the second is to do feature transformation, as represented by the
following equation:

Feompo = P(FloppsW. + BOW, + B, (®)

compo

where F,,,,, € R W,, W,, B,, B, are parameters of the linear layer and

¢ represent the activation function.
3.2. Multi-granularity graph relation reasoning network

In the context of daily living, humans instinctively leverage hier-
archical relationships to read texts when facing diverse and complex
situations. Similar to human reading habits, we anticipate that the
model will not only thoroughly examine the holistic content of an
image but also focus on the intricate details within text regions to bring
better understanding for the spotting task [62]. In this view, we lever-
age multi-granularity graph structures to jointly model instance-level
and component-level feature representations. To be specific, we con-
struct instance relation graph learning module for encoding complete
contextual information for inter-text visual connection. And component
level graph learning module encodes spatial layout relationship for
intra-text from geometric attributes among text components as shown
in Fig. 3. As graph can represent any form of data structure [63],
the superior modeling capabilities of graph structure can estimate
the geometry attributes and inter-text relationship among different
level [28,64].

Instance Relation Graph Learning Module. Received the
instance-level feature F;,, € R™*¢, we construct a dynamic graph
G,,s = G(F,,,). The graph between texts G,,, is composed of a collection
of nodes W, and a set of edges E,,,. For node construction, instance-
level features F,; = [x,,%y,...,X,,] encompass n; tokens, which
represents »; text instances. And each token x, is treated as a graph
node n,,,, resulting in the instance-level features F;, being represented
as a series of unordered nodes NV, = {n,;,n,, ..., n,, }. The inter-text
relation evaluation are established by edge linkage. In this phase, we
utilize K-NN algorithm to find k nearest neighbors for a node n;, and
establish graph edge ¢;; from »; to n;. Given a node n;, the distance d;;
from n; to n; is calculated by formula:

d;; = Norm(EdcDis(n;, n;)), ©)

where Norm(-) normalizes the distances to [0, 1]. As the direct quantifi-
cation of the relationship between text instances, Euclidean distance

EdcDis(ny;, n,;) is calculated by

M
3 (m—ny)%. (10)

m=1

EdcDis(n;,n;) =

u is the feature dimension. Consequently, the closest k nodes are
selected as its neighbors, denoted as N, (n,). K edges E; are es-
tablished, where each edge ¢;; connects node n; to node n; for all
neighbors n; in N, (n,). This process could generate overall edges
E,s = {E|.E,. ..., E,} for all nodes N,,s- Consequently, the graph
structure G;,; = (N;,,, E;,,,) is constructed, summarizing the process as
Gy,s = G(F;,,). This process establishes the cornerstone for the reason-
ing to relationship between instances. The general graph construction
processing is depicted in Algorithm 1.

The generated graph G,,, = {N,,, E;,,} is used to explore global
text instance context information. The updated text instance could
gather context from both itself and its relevant text instances. The
mainstream update process for graph convolutional network involves
two key steps: aggregation and combination. In aggregation, as a node,
every text instance aggregates information from its adjacent text nodes
based on the established edges E;,,. During combination phase, every
text instance node updates its feature representation by integrating
information from the aggregated data along with its own features. The
detailed operation details are as follows:

Giys = F(Giug, Wiy 1D

ins ms>
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Algorithm 1 The process of graph construction.

Input: tokens € R"“, k(number of neighbors)

Output: nodes, edges

nodes = token_to_node(tokens)

edges = []

: for token in tokens do
neighbors = KNN(token, other_tokens, k)
edges_current_node = build_edge(token, neighbors)
edges.append(edges_current_node)

end for

return (nodes, edges)

A A AT

= Comb(Agg(Mns’ Eins’ Wains)’ Nim" VVcim')’ (12)

where Comb and Agg are aggregation and combination operations at
graph level. W, is learnable weight. W, and W,,,, are for aggregat-
ing from neighbors and for combining aggregated features with current
node.

For a node, the process of aggregation and combination is similar to
the above description of the entire graph. The node x; first aggregates
features from all its neighbors N'(x;) in the aggregation step, and then
it combines the aggregated features with its own in the combination
step. As for a single node x;, the detailed formulation is as follows:

x) = comb(x;, agg(x;, E;, N'(x)), W,), W,), 13)

where comb and agg are aggregation and combination operations for a
single graph node.

GIN (Graph Isomorphism Network) [65] is designed based on graph
isomorphism theory, aiming to approximate the expressive power of
the Weisfeiler-Lehman graph isomorphism test. This means that GIN
can better capture the structural information of graphs, especially for
complex structures with similar node features. GIN can more accurately
distinguish different graph structures. This characteristic is precisely
suitable for relational reasoning of scene text among inter-text and
intra-text. The specific implementation is as follows:

agg()=x'= Y x, 14
JEN (i)
comb(-) = x,’. =ex; +(1+ s)xl’.'. (15)

To this end, the graph learning process could be denoted as G’ =
GL(G).

Component Level Graph Learning Module. Intra-text graph learn-
ing process is similar to the update process of above instance-level
graph. To establish spatial-related linkages among text components
within single text instance, intra-text graph is generated by G.,,,, =
G(Fompo)s and it contains two parts (Nepmpos Ecompo)- During construc-
tion, the nodes of intra-text graph are converted by geometric repre-
sentation F,,,,,, and edge will be linked for text spatial distribution.
During inference, visual information within a text region is aggre-
gated based on their relative proximity relationships. This enables tex-
tual component to integrate geometric and semantic information from
its adjacent elements for reasoning, thereby facilitating information
inference and deduction:

Géompo = F(chmpo’ I/Vcampo) (16)
= Comb(Agg(Ncompa’ Ecvmpm Wacompo)’ Ncampo? I/Vccampv)' a7

Adaptive gated fusion module. Merging the enhanced component-
level and instance-level features in a harmonious way remains a chal-
lenging task. After numerous attempts, we introduce a novel and
effective approach known as the Adaptive Gated Fusion (AGF) Module.
Since the features at both the instance and component levels share the
same shape, we first concatenate them into a single feature vector.
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Subsequently, a weight transformation matrix is applied to this con-
catenated vector to compute the attention weights, as illustrated in the
following equation:

a =0 ([Fi F,

compo

].wy). (18)

Then, we consider « and (1 — a) as the weighting factors for features
at component-level and instance-level, respectively. We then aggregate
these features to obtain the fused instance-level representation.

Fmerged = U‘Fcompo +(1-o Fins- 19

In contrast to the extracting process of instance level features, we
reintegrate the fused instance-level features back into their corre-
sponding positions within the global feature map, thereby achieving
multi-granularity feature fusion.

Transformer Decoder. The character sequences are depicted as a
series of ordered points and model them by learnable explicit point
queries [46,66]. Our compound query integrates both positional and se-
mantic embeddings. When creating the positional query for the selected
proposal BP,,,., n points are uniformly sampled for each proposal BP,.
Subsequently, we generate all normalized point coordinates Coords €
REXNX2 “which are then fed into positional encoding layer and Multi-
layer Perceptron (MLP) layer to generate the positional queries P,:

P, = M LP(PE(Coords)). (20)

Besides, we adopt a series of learnable embeddings as semantic queries
C,. The composite queries Q are generated: 0 = P, + C,.

In Transformer decoder layer, we model both positional and seman-
tic information using learnable point queries. The detailed updating
process is depicted in Fig. 2. Initially, intra-group self-attention is
employed to refine the relationship between point queries within a
single text instance. Subsequently, we utilize inter-group self-attention
to uncover relationships among different text instances. After updating
the queries, these composite queries are sent to the deformable cross-
attention mechanism to extract information from hierarchical visual
features generated by the GLFE network. Finally, a three-layer Multi-
layer Perceptron (MLP) head is applied to predict the offsets and update
the point coordinates.

Task Prediction. Upon receiving the updated queries encoded req-
uisite text semantics and locations, four parallel prediction heads are
employed to address distinct tasks: (1) Instance Classification: A linear
layer is utilized to predict a binary classification, determining whether
the object is text or background. A threshold is established at a fixed
value, which corresponds to the average of N scores. (2) Character
Classification: Linear layers are similarly used to classify whether the
character is a text character or background. Since the object queries are
derived from Bezier points, each query represents either a character or
background. (3) Center Curve Offsets: A three-layer MLP is employed
to predict the coordinate offsets relative to the original coordinates
generated by the encoder. (4) Boundary Offsets: Analogous to the
center curve offsets, we utilize a three-layer MLP to predict the offsets
relative to the ground truth points.

Loss. As for the set prediction problem that uses a fixed number
of outputs to match the ground truths, HiTextSpotter follows most of
the DETR-like methods [45,46], and utilize the Hungarian algorithm
to perform pairwise matching and minimize the matching cost C,
between prediction Y and ground truth ¥ :

match

G-1
arg min Z Conaten (Y&, Y@ | 21
@ g=0

where G is the number of ground truth instances per image. The
matching cost per instance consist of the difference between positive
and negative for classification and L1 distances.

The total loss function consists of two parts: encoder loss and
decoder loss. The encoder loss L,,. is an auxiliary loss for intermediate
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supervision, which propagates back directly to the encoder for more
accurate proposal generation and faster convergence, and decoder loss
L4.. provides multi-task learning losses for the final prediction. In
detail, encoder loss has two parts: classification loss and coordination
loss, which are denoted as

Eenc = Z < cls‘cii[)s + }'mord[’g;ord> . (22)
i

As for hyper-parameters, A.;s, Aexts Acoords A5q are set to 1, 0.5, 1, 0.5,

respectively. These hyper-parameter weights are applied to all decoder

layers.

Aqs and A4 are the hyper-parameters. For more accurate Bezier
center curve proposals, we calculate L1 loss across N uniformly sam-
pled points along the curve, rather than relying on the four Bezier
control points solely.

The decoder loss function consists of four parts: classification loss,
text classification loss, center curve coordination loss, and boundary
loss, which can be formulated as:

- (k) (k) (k) (k)

Edec - 2 (Aclsﬁclg + /Lrextﬁtext + Acoordﬁwo,«d + }“bdﬁbd ) . (23)
k

Instance classification loss L, enables the model to determine whether

the object is text or background. And focal loss is utilized to solve the

foreground-background class imbalance problem. For the jth query,

the focal loss for instance classification is formulated as:

£8) = = Tjjetmy @ (1 - 59)" log (B9)

cls S\ o (24)
— Tijgime) (1 — @) (b<j ) log (1 — b(/)) i

where bY) is the probability for the text-only instance class, I is the
indicator function, and Im(c) is the image of the mapping o. Text clas-
sification loss £,,,, is employed to minimize the discrepancy between
predicted script and ground truth text, and CTC loss is used to avoid
the length mismatch between the two scripts:

Y

text —

. .
I jetmey CTC@" 9, i9) (25)

Coordinate loss L,,,,, and boundary loss £,, employ L1 loss functions
for supervising point coordinates on the center curve and bounding box,
respectively, aiming to better localize text instance and fit the shape of
text region:

(67'D) _ i
i

; -p (26)

N
W _
£l = Lemen D, |

i=1

top; —top;

)

where p, top, bot refer to the coordinates of center curve, top boundary,
and bottom boundary, respectively.

) _
£bd _H(jelm(w)} z (
i=1

(@7'0) _ o )

i i

(07'0) _ U)“
(27)

+ || bot

In conclusion, the total loss function can be formulated as

L= [’enc + [’dec' (28)

4. Experiments

A comprehensive series of experiments was conducted to assess
the effectiveness of our proposed method. These experiments were
performed on a historical map dataset ICDAR24 MapText [8] and three
scene text datasets, including the arbitrarily-oriented dataset ICDAR
2015(IC15) [67], and two arbitrary-shape datasets, SCUT-CTW1500
[68] and Total-Text [69].
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4.1. Public datasets

ICDAR 2015 [67] focuses on incidental scene text and consists of
1500 images captured with wearable cameras, including 1000 images
for training and 500 for testing. Each image in this dataset contains
vocabularies of up to 100 words, comprising the words present in the
image along with distractors.

SCUT-CTW1500 [68] is another vital scene text spotting dataset
released by [68], because it contains numerous horizontal and multi-
oriented texts. It includes 10,751 text annotations across 1500 im-
ages: 1000 for training and 500 for testing. The dataset features a di-
verse distribution of images, encompassing indoor and outdoor scenes,
born-digital text, blurred images, and perspectives with distortion.

Total-Text [69] is a widely used scene text spotting dataset charac-
terized by images containing more than 3 different text orientations:
horizontal, multi-oriented, and curved. This dataset comprises 1255
images in the training set and 300 images in test set, with each image
labeled at the word level using polygon annotations.

ICDAR 2024 MapText Dataset is a new dataset released for the IC-
DAR MapText 2024 Robust Reading Competition [8]. Unlike traditional
scene text detection tasks, extracting text from historical maps presents
unique challenges, such as dense text regions, rotated and curved text,
and widely spaced characters. Furthermore, a map with dimensions of
2000 x 2000 may contain between 100 and 300 words, presenting a
considerable challenge.

4.2. Implementation details

This model is implemented using the PyTorch 1.7 framework. Un-
less otherwise specified, ResNet-50 with FPN is used as basic backbone.
Regarding model settings, both encoder and decoder consist of 6 lay-
ers, with the number of heads and sampling points set to 8 and 4,
respectively, in the deformable attention mechanism. For proposals,
the number of top-k proposals is set to 100, and each proposal has 25
sampled points generated by Bezier control points. The model predicts
37 character classes for the Total-Text and ICDAR 2015 datasets and 96
character classes for the CTW1500 and MapText datasets. During the
training process, the AdamW optimizer is utilized for backpropagation.

Data Augmentation. During the training process, we employ seven
data augmentation methods to enhance the model’s robustness. Specif-
ically: (1) Random Rotation: The image is randomly rotated within
the range of —45 to +45 degrees. (2) Random Crop: This technique
crops the image randomly to a size that is a relative fraction of the
original image. (3) Resize Shortest Edge: The image is resized so
that the shortest edge meets one of the specified lengths in the list,
while ensuring the largest dimension does not exceed 1600 pixels. (4)
Random Contrast: The contrast of the image is adjusted randomly. (5)
Random Brightness: Similar to Random Contrast, this method randomly
alters the brightness of the image. (6) Random Lighting: The lighting
conditions of the image are adjusted randomly. (7) Random Saturation:
The saturation of the image is changed randomly.

Training settings. In the pre-training process, the model is trained
for 435K iterations with an initial learning rate of 10~4, which is de-
cayed by a factor of 10 after 375K iterations. The training is conducted
on various datasets, including Synthetic Text, Total Text, MLT (Multi-
Language Text), ICDAR 2013, and ICDAR 2015. Most experiments
are performed on 8 NVIDIA TITAN Xp GPUs using an Ubuntu 16.04
workstation equipped with an Intel(R) Xeon(R) 2.20 GHz CPU and
64 GB of RAM.

4.3. Comparison with state-of-the-art methods

In this section, we compare our model with state-of-the-art methods
across various benchmarks to address the challenges in both scene
text and map text. To ensure fairness, all methods are based on the
ResNet architecture as their foundational backbone, unless specifically
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noted otherwise. For the detection task, the acronyms P, R, and F1
correspond to Precision, Recall, and F1-Score, respectively. In end-to-
end text spotting task, the term ‘None’ signifies results obtained without
any lexicon, and ‘Full’ denotes outcomes derived from a lexicon that
includes the entire vocabulary of the test dataset.

Result on arbitrarily-shaped datasets. As mentioned previously,
Total-Text and CTW1500 datasets focus on curved text instances. To
evaluate the performance of our model on arbitrarily-shaped bench-
marks, we conduct experiments using Total-Text and CTW1500. The
detection results are summarized in Table 1. Our model achieves the
highest Fl-score of 87.5% on CTW-1500 benchmark, outperforming
TESTR by 1.2%. On Total-Text, HiTextSpotter records an F1l-score of
88.7%, highlighting the model’s robust detection capability for curved
text. Notably, our model demonstrates a higher precision compared to
other models evaluated. For the precision (P) metric, HiTextSpotter
achieves scores of 91.6% and 92.7% for the CTW1500 and Total-
Text datasets, respectively. This performance can be attributed to the
model’s strong ability to capture intricate details, while simultaneously
addressing both holistic and local aspects of text instances. The end-
to-end recognition results on the Total-Text and CTW1500 datasets
are presented in Table 2. HiTextSpotter consistently outperforms other
methods across all lexicon settings on Total-Text dataset. Particularly,
in lexicon-free setting, our model achieves an H-mean of 81.7%, ex-
ceeding TESTR by 8.4% and DeepSolo by 2.0%. A comparison with
TESTR results illustrates that our model, utilizing a single decoder
for modeling, achieves a synergy between detection and recognition
tasks. This synergy results in significant improvements in recognition
performance. Additionally, the comparative results with DeepSolo sug-
gest that enhanced attention to component-level features could further
improve the model’s ability to recognize textual details.

Result on arbitrarily-oriented datasets. In terms of the
arbitrarily-oriented benchmark ICDAR 2015, HiTextSpotter also
demonstrates commendable performance. For detection task,
HiTextSpotter achieves the highest F1 score of 90.7%, surpassing
TESTR and DeepSolo by 0.7%. Moreover, the superior precision metric
of 93.7% surpasses TESTR and DeepSolo by 3.4% and 0.9%, respec-
tively. For end-to-end recognition task, our model achieves the highest
recognition scores of 86.9% and 82.3% on ICDAR 2015 benchmark
under the strong and weak lexicon settings. This further substantiates
that augmenting detail features via graph representation appreciably
enhances performance across recognition tasks.

4.4. Ablation studies

To investigate whether Graph Neural Networks can learn from mul-
tiple level features and multi-granularity graphs, we have conducted
ablation experiments on Total-Text to explore the effectiveness of the
modules we propose.

(1) With or Without Component Level Graph Learning Module(Com.
Graph). The baseline model is implemented using milestone approach
of DeepSolo, which directly feeds global features into Transformer
decoder. As shown in Table 3, the model incorporating Component
Level Graph Learning module demonstrates a slight improvement for
the detection task, achieving a 0.2% increase in H-mean index. For
the recognition task, the model attains an accuracy of 80.1% without
lexicon, surpassing the baseline by 0.4%. This enhancement can be
attributed to the additional modeling of component-level features, but
the mismatching between component and holistic ones may exists.

(2) With or Without Adaptive Gated Fusion Module(AGF). In our
initial attempt to incorporate component-level features into global
features, we directly added the features processed by Component Level
Graph Learning Module to the original features, but we recognized that
such a straightforward addition might disrupt the original information.
Inspired by this [90], we employ Adaptive Gated Fusion Module to
mitigate conflicts between different feature spaces. As can be seen in
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Table 1
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Detection results comparing HiTextSpotter with thirty state-of-the-art methods on SCUT-CTW1500, Total-Text, and ICDAR 2015
datasets. The symbol ‘— indicates that the original paper did not include an evaluation for that dataset.

Method Backbone CTW-1500 Total-Text ICDAR 2015
R P F1 R P F1 R P F1
SegLink [23] VGG-16 48.4 38.3 42.8 30.3 23.8 36.7 76.8 73.1 75.0
TextSnake [21] FCN+FPN 85.3 67.9 75.6 74.5 82.7 78.4 73.9 83.2 78.3
LSAE [26] ResNet-50 77.8 82.7 80.1 - - - - - -
TextDragon [20] VGG-16 82.8 84.5 83.6 75.7 85.6 80.3 - - -
TextField [22] VGG-16 79.8 83.0 81.4 79.9 81.2 80.6 80.1 84.3 82.4
SegLink++ [19] VGG-16 79.8 82.8 81.3 80.9 82.1 81.5 80.3 83.7 82.0
CRAFT [24] ResNet-50 81.1 86.0 83.5 79.9 87.6 83.6 84.3 89.8 86.9
PAN [25] ResNet-18 81.2 86.4 83.7 81.0 89.3 85.0 81.9 84.0 82.9
DRRG [28] VGG-16+FPN 83.0 85.9 84.5 84.9 86.5 85.9 84.7 88.5 86.6
CentripetalText [29] ResNet-50 79.9 88.3 83.9 82,5 90.5 86.3 - - -
DMPNet [70] ResNet-50 61.7 63.9 62.7 - - - - - -
CTD+TLOC [71] ResNet-50 69.8 77.4 73.4 71.0 74.0 73.0 77.1 84.5 80.6
EAST [72] ResNet-50 49.7 78.7 60.4 50.0 36.2 42.0 78.3 83.3 80.7
Textboxes++ [73] ResNet-50 - - - - - - 78.5 87.8 82.9
RRPN [74] ResNet-50 - - - - - - 77.0 84.0 80.0
ATTR [26] ResNet-50 80.2 80.1 80.1 76.2 80.9 78.5 83.3 90.4 86.8
MSR [75] ResNet-50 79.0 84.1 81.5 73.0 85.2 78.6 - - -
PSENet-1s [76] ResNet-50 79.7 84.8 82.2 78.0 84.0 80.9 85.5 88.7 87.1
LOMO [77] ResNet-50 76.5 85.7 80.8 79.3 87.6 83.3 83.5 91.3 87.2
Mask TTD [78] ResNet-50 79.0 79.7 79.4 74.5 79.1 76.7 87.6 86.6 87.1
Counter-Net [79] ResNet-50 84.1 83.7 83.9 83.9 86.9 85.4 86.1 87.6 86.9
DB [27] ResNet-50 80.2 86.9 83.4 82.5 87.1 84.7 82.7 88.2 85.4
Mask TextSpotter [2] ResNet-50 - - - 82.4 88.3 85.2 87.3 86.6 87.0
Boundary [80] ResNet-50 - - - 85.0 88.9 87.0 - - -
PCR [81] ResNet-50 82.3 87.2 84.7 82.0 88.5 85.2 - - -
FCE-Net [82] ResNet-50 83.4 87.6 85.5 82.5 89.3 85.8 - - -
TBTD [83] ResNet-50 - - - - - - 78.3 89.8 83.7
ACE [84] ResNet-50 - - - - - - 82.6 82.1 82.4
TextBPN [85] ResNet-50 80.6 87.7 84.0 83.3 90.8 86.9 - - -
GLASS [53] ResNet-50 85.5 90.8 88.1
SwinTextSpotter [42] Swin-T-FPN - - - - - 88.0 - - -
ABCNet v2 [35] ResNet-50-FPN 83.8 85.6 84.7 84.1 90.2 87.0 86.0 90.4 88.1
TESTR [45] ResNet-50 83.1 89.7 86.3 83.7 92.8 88.0 89.7 90.3 90.0
DeepSolo [46] ResNet-50 - - - 82.1 93.1 87.3 87.4 92.8 90.0
HiTextSpotter (ours) ResNet-50 83.7 91.6 87.5 85.1 92.7 88.7 87.9 93.7 90.7
Table 2
End-to-End text spotting results on Total-Text, SCUT-CTW1500 and ICDAR 2015.
Method Total-Text CTW-1500 ICDAR 2015
None Full None Full S w G
Mask TextSpotter [2] 65.3 77.4 - - 83.0 77.7 73.5
FOTS [32] - - 21.1 39.7 83.6 79.1 65.3
TextDragon [20] 48.8 74.8 39.7 72.4 82.5 78.3 65.2
Text Perceptron [86] 69.7 78.3 57.0 - 80.5 76.6 65.1
ABCNet [9] 64.2 75.7 45.2 74.1 - - -
Mask TextSpotter v3 [34] 71.2 78.4 - - 83.3 78.1 74.2
PGNet [36] 63.1 - - - 83.3 78.3 63.5
MANGO [38] 72.9 83.6 58.9 78.7 81.8 78.9 67.3
ABCNet v2 [35] 70.4 78.1 57.5 77.2 82.7 78.5 73.0
PAN++ [87] 68.6 78.6 - - 82.7 78.2 69.2
Boundary [80] 66.2 78.4 46.1 73.0 82.5 77.4 71.7
SwinTextSpotter [42] 74.3 84.1 51.8 77.0 83.9 77.3 70.5
SRSTS [88] 78.8 86.3 - - 85.6 81.7 74.5
TPSNet [89] 78.5 84.1 60.5 80.1 - - -
GLASS [53] 79.9 86.2 - - 84.7 80.1 76.3
TESTR [45] 73.3 83.9 56.0 81.5 85.2 79.4 73.6
TTS [44] 78.2 86.3 - - 85.2 81.7 77.4
ABINet++ [90] 77.6 84.5 60.2 80.3 84.1 80.4 75.4
DeepSolo [46] 79.7 87.0 64.2 81.4 86.8 81.9 76.9
HiTextSpotter (ours) 81.7 87.7 63.6 82.1 86.9 82.3 76.2

Table 3, not only does the model show significant improvement over
the baseline model, but it also achieves a 1.6% enhancement in the
recognition task without a lexicon compared to the model equipped
with Component Level Graph Learning module, attaining an H-mean
of 81.3%.

(3) With or Without Instance Relation Graph Learning Module(Ins.
Graph). After experimenting with component-level features, we are

confident that graph convolutional networks can be utilized to pro-
cess features within Transformer framework. Consequently, we em-
ploy Instance Relation Graph Learning Module to conduct graph-based
learning on instance-level features. In Table 3, the model achieves an
h-mean of 88.7% in detection, marking a 1.4% improvement, with a
particularly notable 3% enhancement in the recall metric.

(4) Different types of graph neural network. In Table 4, we conduct
ablation experiments to compare the performance impact of different
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Fig. 4. Qualitative scene text spotting results of baseline and HiTextSpotter. We present text scripts at the right of image. Texts in black font indicate correct
recognition results, while text highlighted with a red background denotes recognition errors. The text ‘Not Found’ denotes instances that are not detected by the

model.
Table 3
Ablation studies on Total-Text. “GlobalF” means global features. “Ins. Graph” means instance relation graph learning module.
“Com. Graph” means component level graph learning module. “AGF” means adaptive gated fusion module. To ensure as much
fairness as possible, we use the same configuration in the ablation experiments.
Baseline Modules Detection End-to-End
GlobalF Ins. Graph Com. Graph AGF P R F1 diff None diff Full
Baseline 4 93.1 82.1 87.3 - 79.7 - 87.0
Baseline+ v v 92.3 83.4 87.6 +0.3 80.4 +0.7 86.6
Baseline+ v v 92.7 82.9 87.5 +0.2 80.1 +0.4 86.8
Baseline+ v v v 93.7 82.7 87.9 +0.6 81.3 +1.6 87.1
Baseline+ v v v v 92.7 85.1 88.7 +1.4 81.7 +2.0 87.7
Table 4 convolution and attention mechanisms for the entire image, the addi-
Ablation studies on different types of graph convolution in Total-Text bench- tional computational costs for the instance and component level are
mark. relatively lightweight.
GNN Detection End-to-End (6) Individual contributions of each loss function. In multi-task learn-
P R F1 None Full ing, multiple optimization objectives are associated with each other.
EdgeConv(TOG) [91] 93.1 84.5 88.6 81.3 87.2 Therefore, changes in a single loss function not only affect its cor-
GraphSAGE(NeurIPS) [92] 917 84.6 88.0 81.6 87.1 responding optimization objective but also exert an indirect impact
MR-GraphConv(ICCV) [93] 93.4 84.6 88.8 81.4 87.6 on the objectives related to it. As shown in Table 6, we have con-
AC-GNNUCLR) [94] 919 84.7 88.2 797 se.4 ducted ablation experiments. By isolating different loss functions, we
GIN(ICLR) [65] 92.7 85.1 88.7 81.7 87.7 ’

GNN. MR-GraphConv achieves the highest detection score of 88.8%,
surpassing GIN at 0.1%. And GIN obtains 88.7% and 87.7% in terms
of H-mean for detection and recognition, achieved 0.1% and 0.5%
higher on H-mean than those of EdgeConv. Compared to EdgeConv,
GIN not only considers the features of node itself but also aggregates the
features of neighboring nodes and applies nonlinear transformations.
This allows GIN to more comprehensively represent the local struc-
tural information of nodes. GraphSAGE also aggregates neighbor node
features, but its aggregation method is relatively simple and may not
effectively capture complex relationships between nodes like GIN does.
Max-Relative GraphConv focus on relative information, but it may not
have as strong discriminatory power as GIN when dealing with complex
graph structures.

(5) Trade-off between performance and computational efficiency. In
Table 5, we compares our model with competitive models on accuracy,
parameters, and inference speed under the same device and experimen-
tal settings. It is shown that HiTextSpotter outperforms ABC-Net and
DeepSolo by 1.8% and 1.5%. As for inference speed, our method is
quicker than detection-by-recognition paradigm model ABC-Net. The
additional graph convolutional network and multi granularities in-
evitably cost computation time. However, compared with the original

10

intuitively observed the effect and contributions of each component.
Text classification loss £,,. guides model to predict the script of
text instance. Without this loss function, model transforms from a
text spotting model to a text detection model, ignoring the semantic
information. The result shows that without this loss function, the
detection performance has decreased by 2.5%. This phenomenon might
be because the design of decoder query is too complex for text detection
task, and this structure causes the model to incorporate redundant
information and interference. Boundary loss £, directly assists model
in predicting the bounding box of text instance, reducing the gap
between predicted polygon boundary and the labeled one. Without
this component, the model cannot predict the bounding box but could
achieve a 1.4% enhancement (83.1% versus 81.7%) in the recognition
task without lexicon. This may be attributed to the fact that coordinate
loss L,,,.q already provides sufficient positional information. The focus
of boundary loss £, is just on predicting coordinates of the top and
bottom points, and it inevitably introduces additional information,
which interferes with the recognition task. The final selection of 1 is
made by comprehensively evaluating the overall performance on the
text spotting task.

4.5. Visualization comparisons and analysis

Fig. 4 illustrates the results of our model in comparison to the previ-
ous mainstream model. Our improvements over the baseline resulted in
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Table 5
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Accuracy, parameter, and inference speed comparison of HiTextSpotter, DRRG, ABC-Net, TESTR and DeepSolo

on Total-Text benchmark.

Method Category Detection(F1) End-to-End None(F1) Params FPS
DRRG Component-based 85.73 - - 12
ABC-Net Instance-based 87.0 73.5 - 10
TESTR DETR-like 88.0 73.3 - 5.5
DeepSolo DETR-like 87.3 79.7 42.5 17
HiTextSpotter(Ours) Hierarchical 88.7 81.7 46.6 15

Table 6

Ablation studies on different decoder loss function settings in Total-Text
benchmark. The last row is our default setting. A with underscore indicates
that it differs from the default hyper-parameter setting. “~” means that the
metric cannot be predicted under current settings.

Hyper-parameter setting Detection End-to-End

Acis Arext Acoord Mg P R F1 None  Full
1.0 0.0 1.0 05 93.0 804 862 - -

1.0 1.0 1.0 05 916 847 83.0 80.8 86.9
1.0 0.5 1.0 0.0 - - - 83.1 88.9
1.0 0.5 1.0 1.0 889 827 857 804 84.9
1.0 0.5 1.0 05 927 851 887 817 87.7

significant advancements in the detection task. Columns (a) and (b) of
Fig. 4 display instances from the arbitrarily-shaped dataset Total-Text,
while columns (c) and (d) showcase samples from the arbitrarily-
oriented dataset ICDAR 2015. In Fig. 4(b-1), the baseline model omits
most inverted text instances. Similar detection errors are observed in
Fig. 4(d-1), where the model erroneously consolidates the lengthy text
“GALAXY NOTE” at the bottom of the image into a single text box, fail-
ing to segment it into separate fragments, which consequently leads to
recognition errors. Our HiTextSpotter enhances features and constructs
graphs at both the instance and component levels. The component-level
graph capitalizes on the flexible nature of graph structures to recon-
struct inverted visual features, generating representations that align
with the model’s reading order. The instance-level graph learns the
relationships between instances, facilitating inter-text communication
and preventing the model from repeatedly focusing on the same text
region. The application of these two graphs effectively addresses the
recognition challenges mentioned earlier. Moreover, HiTextSpotter also
achieves significant improvements in the end-to-end recognition task.
In Fig. 4(a-1), artistic fonts such as “Sweet” and “Natural”, as well as
compressed fonts like “EKUYPE”, are misrecognized by the baseline
model. Similarly, in Fig. 4(c-1), the word “care” at the top of the
image suffers recognition errors due to background interference. The
component-level graph is instrumental in filtering such background
noise, allowing the model to concentrate on the text itself. To provide a
more intuitive understanding of the Instance Relation Graph Learning
Module, Fig. 5(a) visualizes the correlations between instances. The
line and triangle between “EAST” and “BRADY” have a darker color,
and the corresponding similarity between them is the highest. In Fig.
5(b), it can be observed that the word “VINTAGE” positioned on the
circle exhibits a higher degree of similarity compared to the same word
located at the bottom.

4.6. The result of map text spotting

ICDAR 2024 MapText is a competitive competition released in
the Robust Reading competition. Unlike natural scene text, there are
unique challenges within map text, such as dense text regions, widely
spaced characters, and rotated and curved text. Facing these issues, our
HiTextSpotter provides corresponding solutions. Firstly, the primary
challenge with widely spaced characters is hard to connect them over
long distances, leading to drifting and incompleteness in text detec-
tion. To address this, HiTextSpotter employs multi-granularity graph
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Fig. 5. Visualization of the spotting results of our model on scene text images.
The left column intuitively visualizes their correlation levels between text
instances by the colors of lines and triangles, and the right column visualizes
the adjacency matrix partially from the last layer of graph neural network as
a more detailed visualization to demonstrate the feasibility of our relationship
modeling. The values in the adjacency matrix are the output of the last layer
of GNN without any operation, in which we can directly observe the similarity
between different words, and an empty value means the similarity is less than
0.001.

at both the instance and component levels. Specially, component level
graph compares inner parts of the instance, thereby better guiding the
detection box to locate textual region. From samples in Fig. 6(c), (d),
words such as “MEXICO” and “CROCKETT” are accurately recognized.
Secondly, to address the issue of dense text regions like samples in
Fig. 6(a), (c), our model learns relationships between instances by
graph at instance level, enabling inter-instance communication and
thereby avoiding problems such as redundant text detection and over-
lapping detection boxes. Finally, rotated and curved text is one of
the most challenging issues in the field of text spotting. ABC-Net
utilizes Bezier curves to fit the curve text instances, achieving compet-
itive results. As for visual feature, employing the flexible structure of
graphs, HiTextSpotter enables feature to better represent curve and text
regions.

The official quantitative results are presented in Table 7. In the com-
petition, five metrics are used, including F1, Recall (R), Precision (P),
Tightness(T), and Quality(PDQ). Tightness T 2 ﬁ Z(g’d)eTP ToU(g, d)
is the average IoU of all true positives(TP), while Panoptic Detection
Quality PDQ 2 T x F comprehensively evaluates the text spotting
performance. In the text detection and recognition task of this com-
petition, we have achieved the third place in official ranking. In this
result, our method is more competitive than DeepSolo (46.56% vs.
37.91%) and TESTR (46.56% vs. 27.19%), which demonstrates that
relation construction for inter-text and intra-text contributes to the text
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Fig. 6.

Table 7

Text spotting results on ICDAR map text.
Method Baseline Quality Tightness F1 Precision  Recall
HiTextSpotter ResNet-50 46.56 82.89 56.18 61.56 51.66
(newest result)
HiTextSpotter ResNet-50 41.09 82.32 49.61 52.99 46.64
DeepSolo ViTAE-s 37.91 72.55 52.25 49.88 54.87
TESTR(baseline) - 27.19 84.56 3290 34.11 31.76
TrOCR(just - 12.19 78.48 15.54 18.46 13.42
finetuned)

spotting task. We hope our perspective of multi-granularity hierarchical
reasoning can provide new ideas for the text spotting field. After the
competition, our team continues to research more competitive models
based on the competition dataset and finds that without any fine-tuning
and setting change, by enlarging the image size, the scene text spotting
capacity could be significantly improved. Through the adjustment, we
achieved the latest metrics on the validation set, as shown in the first
row of Table 7.

4.7. Limitation and discussion

Firstly, HiTextSpotter currently struggles with mirrored or inverse-
like text instances. In Fig. 4(b-1), the words “WAS”, “MAY”, and
“1824” are completely missed. Additionally, we find that the detection
polygon of the word “FROM” intersects with itself. This may indicates
that the model cannot learn the reading order autonomously, even
though it is implicitly included in text annotations. From the perspec-
tive of loss function, though coordinate loss L,,,,, and boundary loss
L,, supervise the position and shape information of text, they may not
be sensitive to the reading order of text. In other words, they do not
distinguish the information about top, bottom, left, and right directions
of text. Reading order loss in conjunction with the direction perception
module has potential to improve the robustness of inverse-like text.
Besides, map text faces the challenges of being truncated. This is a
significant difference compared to natural scene text. As shown in Fig.
6, we find that, due to the large size and dense distribution, a complete
map is inevitably cropped and saved, with texts at the edges to be split
across different sub-images. In the map text competition, we initially
feed both normal and truncated texts into the model together, but
the result shows that not only could model not effectively detect the
truncated texts, but it also interferes with normal texts. Engineering
solutions (such as re-recognizing the text by stitching the text regions)
may deal with truncated texts. Finally, HiTextSpotter merely relies
on focal loss for instance classification and L1 loss for coordination,
even though they have demonstrated excellent performance. Facing the
challenge of noisy, imbalanced text data, many improved classification
loss functions, such as label smoothing and slide loss may be helpful.
And as for the problem of various scales, alternative loss functions
such as smooth L1 loss and GIoU Loss could be explored for detection
task.
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Qualitative text spotting results of our HiTextSpotter on map images.

5. Conclusion

We have presented HiTextSpotter, a novel end-to-end trainable
framework for text spotting. Unlike previous methods, our HiTextSpot-
ter not only generates different granularity features by Multi-
Granularity Feature Extraction Module but also employs graph con-
volution to model these features at Multi-Granularity Graph Relation
Reasoning module. To be specific, instance-level graph learns the
relationships among all textual instances, mitigating the issues of
repetitive attention and omissions. Meanwhile, component-level graph
consolidates spatial features, providing a finer-grained feature for text
recognition tasks. In addition, adaptive gated fusion module integrates
features at different granularities. The overall detection and recogni-
tion performance has prominent improvement. Sufficient experiments
demonstrate the superiority and efficiency of our HiTextSpotter on both
nature scene and map text benchmarks.
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