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Abstract

The advancement of text shape representations towards
compactness has enhanced text detection and spotting per-
formance, but at a high annotation cost. Current models use
single-point annotations to reduce costs, yet they lack suffi-
cient localization information for downstream applications.
To overcome this limitation, we introduce Point2Polygon,
which can efficiently transform single-points into compact
polygons. Our method uses a coarse-to-fine process, start-
ing with creating and selecting anchor points based on
recognition confidence, then vertically and horizontally re-
fining the polygon using recognition information to opti-
mize its shape. We demonstrate the accuracy of the gen-
erated polygons through extensive experiments: 1) By cre-
ating polygons from ground truth points, we achieved an ac-
curacy of 82.0% on ICDAR 2015; 2) In training detectors
with polygons generated by our method, we attained 86%
of the accuracy relative to training with ground truth (GT);
3) Additionally, the proposed Point2Polygon can be seam-
lessly integrated to empower single-point spotters to gener-
ate polygons. This integration led to an impressive 82.5%
accuracy for the generated polygons. It is worth mentioning
that our method relies solely on synthetic recognition infor-
mation, eliminating the need for any manual annotation be-
yond single points. The code will be publicly available.

1. Introduction
In recent years, the evolution of text shape representation
has significantly enhanced text detection and spotting, pro-
gressing from managing horizontal and multi-oriented text
to adeptly handling arbitrarily shaped text. However, polyg-
onal annotation brings expensive annotation costs and limits
the acquisition of large-scale annotated data, constraining
the overall generalization of the model.

To reduce the requirement of costly annotation, some
researchers have delved into weakly supervised methods.

†Equal contribution.
∗Corresponding author.

Figure 1. Point2Polygon maintains cost-efficient point annotation
while automatically generating polygons with high accuracy.

Several approaches [1, 8, 30, 36, 39] employ coarse detec-
tion annotations to yield refined detection outcomes. An-
other strategy [14] combines synthetic data with box an-
notations and real data with recognition annotations. Re-
cent research by Liu et al. [24] demonstrated that employing
cost-effective single-point annotations for location supervi-
sion can yield competitive results in text spotting. Nonethe-
less, this approach has limitations in certain downstream
applications. Kil et al. [13] argue that single-point anno-
tations fall short in providing adequate text location infor-
mation for tasks like scene text editing [27, 35] and text
removal [19, 34].

Hence, given the high cost of polygonal annotation and
the necessity for accurate text representation, a key question
arises, as shown in Fig. 1: Can we accurately generate text
polygon representations using only single-point annotation,
to keep both the advantages of cost-effective annotation and
compact representation?

However, deriving an accurate polygon directly from
weak supervision of single-point could be a significant chal-
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Figure 2. Adapting to the development in text shape representation, we present Point2Polygon, a novel method that significantly alleviates
the constraints of point supervision.

lenge due to the considerable variations in shape, size, style,
distortion, and layout inherent in scene text. However, re-
cent studies [3, 9, 10, 28, 37] suggest recognition informa-
tion can be beneficial for predicting accurate detection re-
sults.

In this paper, we present Point2Polygon, an efficient
method to transform single points into polygons using a
three-step, coarse-to-fine process. Initially, our Anchor
Generation Module (AGM) creates multiple anchors from
input image sizes and selects the best one using initial
recognition confidence. Next, the Polygon Generation
Module (PGM) shapes these anchors into vertical bound-
ary points, guided by recognition loss and supervised by
the Thin-Plate Spline technique. The final step involves
our Polygon Rectification Module (PRM), which adjusts
the polygon horizontally, using detailed recognition infor-
mation to remove excess points beyond the region of the
text. Extensive experiments demonstrate the accuracy of
the generated polygons. We summarize the advantages of
the proposed method as follows:

• We introduce a novel framework, termed Point2Polygon,
which can efficiently leverage multi-granularity recogni-
tion information to evolve points into polygons.

• Point2Polygon requires only single-point annotations and
synthetic recognition data. Its simplicity also allows it
to be seamlessly integrated with single-point spotters like
SPTS v2 for autonomous polygon generation, with an im-
pressive 82.5% accuracy.

• Experiments demonstrate the accuracy of the generated
polygon through multiple aspects: It achieves 82.0% ac-
curacy on ICDAR 2015 by generating polygons from
ground truth points, and an average of 86% accuracy
training using several detectors.

2. Related Work

In recent years, text representation of scene text has pro-
gressed through distinct stages of development, as pre-
sented in Fig. 2. Early methods mainly focused on hor-
izontal text detection. For instance, Tian et al. [31] in-
troduced a CTPN that predicts a sequence of fixed-width
text fragments along with a vertical anchor frame. Liao et

al. [16] accurately adjust the anchor box and classification
layer based on the SSD [21].

Subsequently, the research focus has shifted towards
multi-oriented text detection. For example, Zhou et al. [41]
proposed EAST to regress the four points in multi-oriented
text. He et al. [7] proposed a framework to directly regress
the multi-oriented text.

Although significant progress has been achieved, re-
searchers find the previous methods still fall short in han-
dling arbitrarily shaped text. To address this issue, two
categories have been developed. The first treats text de-
tection as a segmentation task, initially segmenting the text
kernel and then expanding to the full text. For example,
Wang et al. [32] proposed PSENet, which progressively
expands the kernel to the final text boundary. For real-
time detection, Wang et al. [33] proposed a learnable post-
processing method to expand the kernel. Liao et al. [18]
introduced an adaptive binarization process for the segmen-
tation model. In contrast to segmentation-based methods,
regression-based methods utilize curves directly to fit text.
Liu et al. [23] proposed a parameterized Bezier curve to fit
the arbitrarily shaped text. Similarly, Liu et al. [20] adopt
polynomials to represent the curve text.

Although arbitrarily shaped text can precisely represent
the shape of the text, the cost of annotation is expensive.
Therefore, some researchers have begun to explore reduc-
ing the cost of annotation. One solution utilizes the coarse
detection annotation to generate fine detection results. Hu
et al. [8] and Tian et al. [30] have proposed a similar so-
lution, employing word or line-level annotation to achieve
character-level detection. Additionally, Wu et al. [36] have
utilized curved synthetic data to train a segmentation mod-
ule tailored for text with arbitrary shapes. Another solution
involves using synthetic data with box annotation and real
data with recognition annotation. Kittenplon et al. [14] pro-
pose a weakly-supervised method that uses synthetic data
with box annotations and real data with text annotations to
train the text spotting model. Despite these advancements,
it is important to note that both approaches still require the
expensive annotation of bounding boxes.

Therefore, some methods [24, 26, 29] attempt to further
reduce the annotation costs by employing a single point,
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Figure 3. Overview of the proposed Point2Polygon model. We use the point detector as a basis for obtaining the final text polygon by
supervising it from coarse to fine strategy.

which has shown significant success in end-to-end text spot-
ting. However, it’s important to note that while a single
point is effective in end-to-end text spotting, the bounding
box remains crucial for numerous downstream tasks, as em-
phasized in [13]. In this paper, we introduce Point2Polygon,
a novel approach that generates polygons using only single
points and synthetic recognition information.

3. Methodology
In this paper, we present a solution for evolving polygons
from a single point using coarse-to-fine recognition infor-
mation. The overall pipeline is illustrated in Fig. 3. Firstly,
given an image, a point detector is employed to locate the
central point Ic of a text. Then, we introduce an Anchor
Generation Module (AGM) to generate adaptive multiple
anchors centered on these points and select the optimal one
Ia. It is selected based on coarse-grained recognition infor-
mation (recognition confidence). Next, these selected an-
chors are fed into the Polygon Generation Module (PGM)
to refine the upper and lower boundary points Ip using the
Thin-Plate spline [2]. This module operates under medium-
grained recognition information (recognition loss). Finally,
since the boundary points obtained in PGM often extend
beyond the length of the text horizontally, we introduce the
Polygon Rectification Module (PRM). PRM leverages fine-
grained recognition information (attention map) to finely
adjust the boundary points horizontally, producing a more
precise adjustment Ir of the boundary points.

3.1. Anchor Generation

The Anchor Generation Module (AGM) intercepts multiple
anchors centered on the text’s central point. Subsequently,
these anchors are input into the text recognition module,

and the anchor with the highest recognition confidence is
selected as the optimal anchor. The Fig. 3 illustrates the
process of this module.

As the scene text exhibits significant variations in shape,
we preset different default anchors to cover them. This in-
cludes “extra-long” default anchors designed for extra-large
aspect ratio text, “large” anchors for large aspect ratio text,
“normal” anchors for moderate aspect ratio text, and “short”
anchors for small aspect ratio text. Each category is diver-
sified into multiple sizes to effectively accommodate differ-
ent text instances. Concretely, we empirically establish 4
sizes for extra-long default anchors, 6 sizes for long default
anchors, 5 sizes for normal default anchors, and 6 sizes for
short default anchors. Given the image size (w, h), the sizes
of the corresponding anchors are represented as follows:

(wsl, hsl) =

(
2w

3
or

2w

5
,
h

5q

)
, (1)

(wl, hl) =

(
2w

5j
;
h

5i

)
, (2)

(wn, hn) =

(
2w

5k
,
2h

5k

)
, (3)

(ws, hs) =

(
w

5i
,
2h

5j

)
, (4)

where (wsl, hsl), (wl, hl), (wn, hn), (ws, hs) are extra-
long, long, normal, and short default anchors, respectively.
i, j, k, q are scaling factors sets, where q = 1, 2, 3, 4, i =
1, 2, ..., 6, j = 1, 2, 4, 6, 8, 10, and k = 1, 2, 3, 6, 10.

Then, we send the coarse anchors into the off-the-shell
text recognition model and obtain the recognition confi-
dence. The recognition confidence of an anchor is the sum
of the confidences of each character in the recognition re-
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sult: P =
∑n

i Pi/n, where n is the number of characters
contained in the text and Pi is the prediction confidence for
each character. We select the optimal anchor with the high-
est recognition confidence.

3.2. Polygon Generation

To effectively represent arbitrarily shaped text, we propose
a Polygon Generation Module (PGM) to refine the coarse
anchors from AGM. The entire procedure is illustrated in
the bottom left corner of Fig. 3. Firstly, we evenly sample
10 points along the upper and lower contour for each coarse
anchor. Subsequently, we employ the Thin-Plate Spline
(TPS) to map these sampled points to the boundaries of the
text region. TPS transformation necessitates establishing a
correspondence for each coordinate, enabling the transfor-
mation from the rectangle to the arbitrary text shape. We
refer to the target shape of the text as G and the predefined
rectangle as O. According to the TPS transform, the cor-
responding point of p(x, y) ∈ G on O can be calculated
by

Φ(p) = m0 +M · p+
N∑
i=1

ωiU (∥p− pi∥) , (5)

where M and m0 are unknown parameters to be calculated,
N is the number of control points, ∥p− pi∥is the distance
from p(x, y) to fixed points pi(xi, yi) on the target shape
G. U is the radial basis function U(r) = r2 ln r, and wi

denotes the weighting for different radial bases. Then the
TPS transform function is determined by the parameters

T =
[
m0 M w1 . . . wN

]
, (6)

whose shape is [2, N + 3].
Through the utilization of the TPS transform function,

the coarse anchors can be transformed into boundary points
that are in closer proximity to the text region, enhancing the
precision of localization. Inspired by the text recognition
model [5, 25, 28, 40], we use recognition loss to supervise
the learning of the locations of target boundary points on G.

3.3. Polygon Rectification

We observed that the boundary points generated by the
PGM are often excessively wide. To rectify this issue,
we introduce a Polygon Rectification Module (PRM). The
PRM leverages fine-grained recognition information (atten-
tion map), to remove the excess points beyond the region
of the text. Following the TPS transformation, this prob-
lem does not manifest in the vertical direction. Therefore,
we employ a one-dimensional attention map to refine the
boundary points from the horizontal direction. The en-
tire procedure is illustrated in the bottom right corner of
Fig. 3. We crop the image using the boundary points ob-
tained from PGM. Subsequently, the cropped regions are

forwarded to the recognizer, which generates a sequence of
attention maps at highlighting the character regions in time
steps t.

After obtaining the attention maps of each time step, we
use a threshold τ to transform the attention maps. This pro-
cess is formalized as:

at =

{
1, at > τ, ,

0, at < τ, .
(7)

We assign attention weights of 1 to steps where the attention
weights surpass a specified threshold τ , and 0 to the rest.
The attention map efficiently locates the character positions
in the feature map. As a result, with the attention map, we
can exclude points with zero attention weight, eliminating
unnecessary information.

4. Experiments
To evaluate the effectiveness of our method, we conduct ex-
periments on the popular scene text detection benchmarks,
including ICDAR 2015 [12], TotalText [4], and SCUT-
CTW1500 [22].

4.1. Implementation Details

In this paper, we specifically select ASTER [28] as our
text recognition model. We utilize the synthetic datasets
Synth90k [11] and SynthText [6] for training our text recog-
nizer. We employ the Adadelta optimizer [38] and initially
set the learning rate to 1.0, which is later reduced to 0.1 at
step 0.6M and further to 0.01 at step 0.8M.

4.2. Datasets

ICDAR 2015. This dataset consists of 1000 training im-
ages and 500 test images of incidental scenes with complex
backgrounds and multidirectional text. Some text can also
appear in any orientation and at any location at small or low
resolution, with high variability in blurring, distortion, etc.
TotalText. This dataset is designed to be used for
arbitrarily-shaped text detection and recognition, which
contains 1,255 training images and 300 test images. The
images are annotated with word-level annotations.
SCUT-CTW1500. This dataset is an arbitrarily-shaped
scene text benchmark in line-level annotations. It contains
contains 1000 training images for training and 500 images
for testing.

4.3. Ablation Study

In this section, we utilize the point detector for text center
point prediction to conduct the ablation studies. It is worth
noting that the recognizer in this paper is trained in the
word-level synthetic recognition data. Therefore, the per-
formance on CTW1500 will be lower than the word-level
benchmark ICDAR2015 and TotalText.
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Figure 4. Visualization results of training using the generated polygons. The green-filled polygons are the ground truths, the blue-filled
polygons are the ground truths that are marked as “don’t care”, and the red polygons are the detection results. Method (GT) represents
training using the polygons generated from GT points; while Method (Ours) represents using the polygons generated from existing single-
point text spotter (SPTS v2). Best view in screen.

Method Selection ICDAR15 TotalText CTW1500

AGM PGM PRM Precision Recall Hmean Precision Recall Hmean Precision Recall Hmean
✓ ✓ ✓ 77.1 70.7 73.8 72.0 71.0 71.5 54.2 56.7 55.4

✓ ✓ 18.5 17.1 17.8 11.8 11.5 11.6 6.6 10.3 8.1
✓ ✓ 70.7 65.2 67.9 60.7 60.2 60.4 49.1 51.4 50.2
✓ ✓ 74.4 68.3 71.2 71.7 70.6 71.1 54.0 56.4 55.2

Table 1. Ablation studies on the proposed designs. AGM means the Anchor Generation Module. PGM means the Polygon Generation
Module. PRM means the Polygon Rectification Module.

Ablation study of AGM. To evaluate the efficacy of the
Anchor Generation Module (AGM), we conducted a com-
parative analysis between randomly selected anchors and
those generated using AGM. The results are presented in
Tab. 1. A comparison between the results in the first and
second rows underscores the pivotal role played by AGM
in polygon generation. The absence of AGM results in a
performance decline of 56.0% on IC15, 59.9% on Total-
Text, and 47.3% on CTW1500, respectively. AGM demon-
strates its capability by generating a coarse anchor, provid-
ing the width and height of the text for the subsequent mod-
ules based on recognition confidence. The absence of these
coarse anchors supplied by AGM renders the PGM inca-
pable of generating precise boundary points. The qualita-
tive results are illustrated in Fig. 5.

Ablation study of PGM. To verify the effectiveness of
the Polygon Generation Module (PGM), we conducted an

ablation study where we removed the PGM and directly
forwarded the coarse anchors to the Polygon Rectification
Module. As illustrated in Tab. 1, without PGM, the per-
formance decreased by approximately 5.9% on the IC15
dataset, 11.1% on the TotalText dataset, and 5.2% on the
CTW1500 dataset, respectively. The qualitative results are
illustrated in Fig. 5. The PGM serves to transform the
coarse anchors into boundary points that are in closer prox-
imity to the text region, which plays a crucial role of the
PGM in improving the quality of the boundary points. No-
tably, the PGM is supervised by the recognition loss without
the detection annotations.

Ablation study of PRM. We conducted a comparative
analysis to evaluate the impact of the Polygon Rectifica-
tion Module (PRM) in Tab. 1. The PRM notably influ-
ences IC15, revealing that boundary points from PGM of-
ten extend beyond the boundaries in multi-oriented text.
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Attn. Threshold
ICDAR2015 TotalText CTW1500

Precision Recall Hmean Precision Recall Hmean Precision Recall Hmean
0.05 77.1 70.7 73.8 71.7 70.7 71.2 53.5 56.0 54.7
0.04 77.1 70.6 73.7 71.7 70.7 71.2 53.6 56.1 54.8
0.03 76.9 70.5 73.6 71.9 70.9 71.4 53.7 56.1 54.9
0.02 76.9 70.5 73.6 71.9 70.9 71.4 53.8 56.3 55.0
0.01 76.0 69.7 72.7 72.0 71.0 71.5 54.2 56.7 55.4

Table 2. The influence of attention threshold. Attn. represents attention.

Threshold Results Generated from GT Points
ICDAR2015 TotalText CTW1500

IOU Precision Recall Hmean Precision Recall Hmean Precision Recall Hmean

0.1 97.1 89.8 93.3 97.6 92.8 95.1 94.8 90.6 92.7
0.3 95.7 88.6 92.0 91.4 86.6 88.8 80.0 76.4 78.1
0.5 85.3 79.0 82.0 76.0 72.3 74.1 62.8 60.0 61.3
0.7 48.4 44.8 46.6 32.9 31.3 32.1 27.9 26.7 27.3

Results Generated from SPTS v2 Points
IOU Precision Recall Hmean Precision Recall Hmean Precision Recall Hmean

0.1 92.5 84.8 88.5 92.0 90.7 91.4 85.8 89.7 87.7
0.3 90.0 82.5 86.1 87.9 86.7 87.3 71.8 75.0 73.4
0.5 77.1 70.7 73.8 72.0 71.0 71.5 54.2 56.7 55.4
0.7 32.8 30.1 31.4 27.3 26.9 27.1 23.3 24.4 23.8

Results of Original SPTS v2
DIST Precision Recall Hmean Precision Recall Hmean Precision Recall Hmean

5 59.0 54.4 57.0 46.1 45.4 45.7 61.8 63.7 62.7
10 88.4 80.3 84.2 70.0 69.1 69.5 74.3 76.5 75.7
20 92.7 84.2 88.2 82.7 81.6 82.1 83.0 85.4 84.2
30 94.0 85.4 89.5 87.8 86.6 87.2 85.3 87.9 86.6

Table 3. The comparison involves SPTS v2 point detection and Point2Polygon predictions. ’GT Points’ indicates polygons created from
Ground Truth points, and ’SPTS v2 Points’ denotes polygons derived from SPTS v2 predicted points.

The qualitative results are illustrated in Fig. 5. Without
the PRM, the boundary points generated by the PGM tend
to excessively broaden horizontally, extending well beyond
the actual text region. However, the implementation of the
PRM effectively eliminates these surplus points beyond the
text’s boundaries.

Ablation study of the attention threshold in PRM. Our
method presets the attention threshold to remove the excess
points beyond the text’s range. To evaluate the influence of
different thresholds, we conduct experiments while main-
taining the model structure unchanged, only modifying the
threshold. The results are presented in Tab. 2. Notably,
as the threshold increased, we observed a gradual improve-
ment in the performance of IC15. Conversely, for Totaltext
and CTW1500, we observed a slight decline in performance

with higher attention thresholds. This suggests that there is
a greater need for rectification in the case of multi-oriented
text, which should follow high-quality standards.

4.4. Quality of the Generated Polygon

In this section, we conduct experiments to verify the quality
of polygons generated by our methods. There are two types
of points considered: 1) Center points generated based on
the Ground Truth (GT Points) of the testing set; and 2) Cen-
ter points predicted using SPTS v2 (SPTS v2 Points). Sub-
sequently, we generate polygons based on these two types
and evaluate their performance. It is important to note that
the accuracy of polygons generated from SPTS v2 is con-
strained by its performance.

We test the performance across four IOU thresholds. As
illustrated in Tab. 3, under 0.5 IOU threshold, polygons gen-
erated from GT Points achieve 82% on IC15, 74.1% on To-
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Model ICDAR2015 TotalText CTW1500
Precision Recall Hmean Precision Recall Hmean Precision Recall Hmean

Detection Results Trained Using Original Ground Truth
DBNet + resnet50 89.8 79.4 84.3 84.5 79.6 82.0 68.3 63.4 65.8

PSENET + resnet50 83.6 76.2 79.7 82.3 77.2 79.6 77.5 82.9 80.1
PANET + resnet18 83.1 72.9 77.6 85.9 77.3 81.4 86.3 82.0 84.1

Detection Results Trained Using Polygons Generated from SPTS v2 Point
DBNet + resnet50 82.4 67.9 77.5 81.8 65.0 72.4 61.5 42.8 50.5

PSENET + resnet50 77.4 54.2 63.8 76.5 55.8 64.5 56.3 41.7 47.9
PANET + resnet18 67.8 51.1 58.3 77.9 55.9 65.1 67.2 42.9 52.3

Detection Results Trained Using Polygons Generated from GT Point
DBNET + resnet50 87.4 65.5 74.9 84.6 65.9 74.1 62.9 44.1 51.8
PSENET + resnet50 72.7 58.2 64.6 76.7 56.9 65.3 56.7 38.6 46.0
PANET + resnet18 77.2 51.8 62.0 79.1 57.4 66.5 58.0 45.5 51.0

Table 4. Detection results using the polygon generated from our method. All experiments are conducted in the mmocr. The Raw Ground
Truth means using the polygon from Ground Truth to train the detector. SPTS v2 Point Generated Annotation involves utilizing points
from SPTS v2 to generate polygons for training the detector. GT Point Generated Annotation entails using points from the ground truth
(GT) to generate polygons for training the detector.

Figure 5. Qualitative results of AGM (left), PGM (middle) and
PRM (right). The upper and lower line shows results with or with-
out using the module, respectively. Best view in screen.

talText, and 61.3% on CTW1500, respectively, in terms of
Hmean; while the polygons generated from SPTS v2 Points
achieve 73.8% on IC15, 71.5% on TotalText, and 55.4%
on CTW1500, respectively. We can also observe that as
the IOU threshold decreases, the performance gap between
SPTS v2 Points and GT Points narrows.

To further evaluate the performance of the generated
points from SPTS v2, we also directly compare the detec-
tion performance with SPTS v2. The term “DIST” denotes
the number of pixels within which predicted points are con-
sidered accurate relative to ground truth points. To relate
IOU to DIST, we initially calculate the difference in perfor-
mance between polygons generated from SPTS v2 Points

and GT Points on IC15 under a 0.5 IOU. Using SPTS v2
Points achieves 89.5% of the performance achieved using
GT Points. Therefore, at an IOU of 0.5, the correspond-
ing DIST is about 30. Mapping this to IC15, the generated
polygons from SPTS v2 Points achieve 82.5% of SPTS v2’s
performance. The results demonstrate our method can be
effectively integrated into an existing single-point text spot-
ter to produce polygon results without increasing the label-
ing costs.

4.5. Evaluating on Exsiting Detector

To facilitate a comprehensive comparison between the poly-
gons generated by our method and the ground truth poly-
gons, we utilized these polygons for training the DB-
Net [17], PANet [33], and PSENet [32] models. Specif-
ically, we employed quadrilaterals as ground truth annota-
tions for the IC15 dataset, polygons for the TotalText dataset
and the CTW1500 dataset. All training procedures were
conducted within the mmocr framework [15], and the re-
sults are outlined in Tab. 4 with an IoU threshold of 0.5. The
results are categorized into two types: 1) GT Points Gen-
erated Annotation, where we generated the center points
based on the ground truth (GT Points) from the training set,
and used these polygons to train the detection model; 2)
SPTS v2 Points Generated Annotation, where we utilized
the SPTS v2 to predict the center points (SPTS v2 Points),
and employed the resulting polygons for training the detec-
tion model.

By employing the SPTS v2 Points Generated Annotation
for training the detector, the DBNet demonstrates notable
performance with an accuracy of 77.5% on IC15, 72.4% on
TotalText, and 50.5% on CTW1500. Similarly, the PSENet
achieves 63.8% on IC15, 64.5% on TotalText, and 47.9% on
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CTW1500, while the PANet attains 58.3% on IC15, 65.1%
on TotalText, and 52.3% on CTW1500. Furthermore, it is
evident from the results that SPTS v2 Points Generated An-
notation achieves approximately 86% of the performance
observed when using polygons from the ground truth to
train the model. This highlights the effectiveness of our
method. Further comparison between GT Points Generated
Annotation and SPTS v2 Points Generated Annotation re-
veals that our method achieves superior performance when
training with SPTS points in certain cases compared to GT
points. This implies that our method can serve as an au-
tomatic labeling tool when coupled with a point detector.
Qualitative results are shown in the Fig. 4.

Moreover, by comparing the seventh row of Tab. 3 with
the fourth row of Tab. 4, we observe that the results of
DBNet using polygons generated from SPTS v2 Point out-
perform the performance achieved with polygons without
training by detectors, with 3.7% and 0.9% improvement
on IC15 and Totaltext, respectively, in terms of Hmean.
It demonstrates that while the generated polygon may not
achieve perfect accuracy, its overall quality remains high.
This high-quality polygon allows the detector to further ex-
ceed the performance of the polygon generated from SPTS
v2 Point.

5. Discussion

5.1. Visualization

Example visualization results of the polygon generated by
Point2Polygon are presented in Fig. 6. Point2Polygon can
generate visually-plausible polygons for various of text in-
cluding horizontal, multi-oriented, and arbitrarily-shaped
scene text. We also observe it shows robust performance
in generating polygons for slightly curved text.

5.2. Limitation

A noted limitation is that the generated polygon does not
entirely align with the Ground Truth, especially for some
highly curved texts, as shown in the last line of Fig. 6. Nev-
ertheless, we believe that the current level of precision has
the potential to alleviate the annotation labor and serve as
a foundation to drive future studies in this domain. Addi-
tionally, studies such as TTS [14], SPTS [24], and TOSS
[29] have shown that without any specific location infor-
mation but with transcription-only, successfully training a
robust scene text spotter is still viable. This suggests that
spotters are able to implicitly learn text locations in im-
ages. However, Point2Polygon currently requires a refer-
ence point to generate the polygon, indicating room for po-
tential enhancement.

Figure 6. Visualization results of Point2Polygon. The first row
shows horizontal examples. The second row shows tilted exam-
ples. The third row shows slightly curved examples. The fourth
row shows some failure examples. Best view in screen.

6. Conclusion

We introduce the Point2Polygon for effectively evolve
points into polygons from coarse to fine through multi-
granularity recognition information. A key aspect of our
method is the use of synthetic datasets for recognition infor-
mation, effectively bypassing the need for any manual an-
notation beyond a single point. Our extensive experiments
demonstrate the strength and reliability of our method.
These tests involve direct comparisons to ground truth data,
applying our approach in conjunction with existing text de-
tection systems, and assessing its performance when inte-
grated with the single-point spotting method. While there is
a noticeable distinction between our generated results and
actual ground truths, Point2Polygon has shown encourag-
ing results. Additionally, it is worth noting that this method
may aid in automatically producing more detailed informa-
tion in large-scale image-text pairs, thereby assisting in ex-
tensive training. We believe this approach not only demon-
strates significant potential in the realm of point-to-polygon
evolution but also sets a strong baseline for future research
in this area.
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