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Scene text detection is challenging due to the diverse text appearance, the complex background, and the
expensive labeling of training data. For detecting arbitrary-shaped texts, most existing methods require
heavy data labeling efforts to produce polygon-level annotations for supervised training. In order to re-
duce the cost in data labeling, we propose to combine center point annotation into mixed-supervised
scene text detection, in which the dataset comprises small number of fully annotated images and large
number of weakly annotated images by center points. For better incorporating point supervision, we
adopt self-training strategy based on a detector which locates texts by predicting their centers. Besides,
in order to weight the pseudo labels generated during self-training, we also propose a novel regres-
sion uncertainty estimation module to measure the quality of detection results. Extensive experiments
on five benchmark datasets (ICDAR2015, C-SVT, CTW1500, Total-Text and ICDAR-ArT) show that using
small amount of polygon annotated data and large amount of center point annotated data, our detector
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can achieve competitive detection performance.
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1. Introduction

Scene text detection [1-3], which is a fundamental step for
scene understanding, autonomous driving, and human-computer
interaction [4], aims to localize the text instances in scene images.
Since text instances in real-world are variable in scale, direction
and shape, most scene text detection methods [5-7] use polygon
annotation for training robust text detectors. However, the cost of
polygon labeling is extremely high, limiting its large-scale exten-
sion in real-world applications.

To reduce the cost of data annotation, particularly for
arbitrarily-shaped text detection, an alternative is to utilize
weak annotations. Some methods [8,9] attempt to annotate texts
with bounding boxes, which can roughly distinguish the fore-
ground and background locations. For lowering labeling costs,
Wu et al. [10] adopted scribble lines to depict the texts. Although
these annotations reduce the labeling costs to some extent, they
did not lead to competitive performance, while the annotation cost
is still considerable. In this paper, we propose to use the very
cheap center point annotation in mixed-supervised scene text de-
tection, for achieving competitive performance at low labeling cost.
we annotate each text instance in the image by one center point
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for two main reasons. Firstly, The center point annotation provides
strong prior of object location, which is suitable for supervising
the training of detector. Secondly, compared with other annotation
formats, center point annotation is extremely cheap and suitable
for large-scale data scenarios. To compare the costs of four an-
notation methods, we roughly calculate the average time cost of
four annotation methods (polygons, bounding boxes, scribble lines,
and the proposed center points) to label 500 images from ICDAR-
ArT [11]. As shown in Fig. 1, the average time per image is about
1min for annotating with polygons, 39s with bounding boxes, 25s
with scribble lines, and only 17s with center points. We thus aim
to utilize the center point annotations to boost the detection per-
formance.

Some researchers adopted weakly-supervised learning [8,10] or
semi-supervised learning [12] to scene text detection. However,
the big performance gap of these methods with the fully super-
vised model makes them impractical for real applications. Another
promising approach is to utilize mixed-supervised learning, where
only a part of data is strongly annotated and the rest is labeled
with weak supervision forms. This approach is very practical in
real scenarios, where it is easy to acquire a large number of scene
images but hard to annotate them in detailed object boundaries.
In such cases, mixed-supervised learning enables utilizing weakly
annotated data to improve the model performance.

In this paper, we propose a self-training based mixed-
supervised method for training scene text detectors combining
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Fig. 1. Examples of four labeling methods and the time cost of using them to label an image.

polygon labels and center point labels. Firstly, for facilitating the
incorporation of point labels, we adopt a detector [9], which lo-
cates text instances by predicting their centers. Secondly, in or-
der to utilize the weakly annotated data to boost the performance,
we adopt a self-training strategy. Specifically, a teacher model is
first obtained by training with a small set of strongly annotated
data and then used to annotate the weakly annotated data with
the guidance of point labels. In practice, there will inevitably be
some negative samples in the pseudo labels. To evaluate the qual-
ity of pseudo label, we add a novel regression uncertainty estima-
tion module to the detector. Finally, we mix the strongly annotated
data with weakly annotated data with pseudo labels, and use them
to train a student model. The estimated uncertainties of pseudo
labels are used to weight their supervisions, so as to reduce the
impact of negative samples. As far as we know, this is the first at-
tempt to accomplish scene text detection using point supervision.

In summary, the contributions of this paper are in three folds:

(1) We propose a novel mixed-supervised scene text detection
method by training with small amount of fully annotated data and
large amount of weakly point annotated data. It achieves a good
trade-off between annotation cost and detection performance.

(2) We adopt a self-training strategy incorporating a novel re-
gression uncertainty estimation module to utilize large amount
point annotated data for boosting detection performance.

(3) Extensive experiments on two multi-oriented text datasets
(ICDAR2015 [13] and C-SVT [14]) and three arbitrary-shaped text
datasets (CTW1500 [15], Total-Text [16] and ICDAR-ArT [11]) show
that using only 10% strongly annotated data combined with 90%
weakly annotated data, our model yields performance comparable
to fully-supervised models.

2. Related works
2.1. Fully supervised scene text detection

The existing methods for scene text detection can be roughly
divided into two types: regression-based and segmentation-
based. The former is mainly built on generic object detec-
tors [17,18]. To detect multi-oriented (non-horizontal) texts, the
Faster-RCNN [17] was adopted with the anchor modified to a ro-
tated form to fit multi-oriented texts [19]. Liao et al. [20] pro-
posed TextBoxes, which modified the anchors and Kkernels of
SSD [18] to detect large-aspect-ratio scene texts. SegLink [3] pre-
dicts the bounding boxes of character segments and their links.
On basis of the Densebox [21], DDR [22] and EAST [1] detect
multi-oriented texts by regressing text boundary as quadrangle.
Wu et al. [23] proposed CE-Text, in which a task-specified hierar-
chical attention scheme is adopted to enhance feature representa-
tion ability on the basis of context information. These methods can
only detect oriented texts.

Segmentation based methods take semantic segmentation
methods [24] for reference, and utilize convolution operations to
extract semantic information form feature maps for pixel-level la-
bel prediction. PSENet [6] segments text instance by progressively
expanding kernels at different scales. MaskTextSpotter [5] regards
arbitrary-shaped text detection as an instance segmentation prob-

lem. Wang et al. [7] proposed a pixel aggregation network, which
is equipped with a low computational-cost segmentation head and
a learnable post-processor. Jain et al. [25] explored harmonic fea-
tures to represent the text component shape variations for clas-
sifying text and non-text components. These methods can de-
tect arbitrarily-shaped texts, but usually require large amount of
strongly annotated data (e.g., in polygonal form) for training.

2.2. Scene text detection with weak labels

To alleviate the requirement of strongly annotated data, some
weakly supervised scene text detection methods where proposed.
WeText [26] and CRAFT [27] use character-level labels to boost
the word detection performance. While to alleviate the cost of
character-level labeling, they train a character detector using a
small number of character-level annotated text images or syn-
thetic data, and apply rules or threshold to pick the most reli-
able predicted candidates, to be used as additional supervisions
to boost the performance of word detector. Some other meth-
ods [8,10,14] use partially annotated data to train the text detec-
tor. Specifically, Wu et al. [10] use scribble line annotated text im-
ages in weakly supervised framework for scene text detection. Sun
et al. [14] published a large dataset, where each image is only
annotated with one dominant text, and proposed an algorithm
to combine these partially annotated data and strongly annotated
data for joint training. Wu et al. [8] proposed to train arbitrarily-
shaped text detector with bounding boxes annotated data in dy-
namic self-training strategy. Further, Liu et al. [12] proposed a
semi-supervised text detection framework named SemiText, which
firstly used fully annotated synthetic dataset for pretraining, then
conducted inductive and transductive semi-supervised learning on
the unlabeled data.

Although these methods can reduce the cost of annotation sig-
nificantly, their performance is far inferior to the fully supervised
models. In this paper, we propose to train detector using text im-
ages annotated as center points, which are much cheaper and eas-
ier to annotate compared to polygons, bounding boxes, and lines.
To better trade off between annotation cost and performance, we
propose a mixed-supervised learning strategy with a center based
detector. Using only a small set of strongly annotated images and
large amount of weakly annotated images, our mixed-supervised
model can yield competitive performance.

3. Method
3.1. Point annotations

We annotate each text instance with a center point (see Fig. 1).
As a weak supervision, point labeling has been used to reduce the
annotation time for semantic segmentation [28] and generic ob-
ject detection [29], but it has not been explored well in scene text
detection. The existing methods [22,30] usually treat scene text de-
tection as a multi-task learning problem consisting of classifica-
tion and regression. The classification task is to classify the pixels
into text and non-text. Since, the center point annotation contains
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strong prior of text location, it is suitable for supervising the train-
ing of text detector. With the guidance of text center, the text de-
tection degenerates into a simpler task: regressing the offsets from
the given points to the text contours.

To evaluate the effectiveness of the mixed-supervised text de-
tection in experiments, the weak labels are generated from the
polygon-level labels provided by public datasets. In real applica-
tions, the annotator only needs to click within the midpoint of the
text centerline without being very accurate. This is a very natural
way for people to find text in the image.

3.2. Basic detection model

The detector of [9] is suitable for incorporating point supervi-
sion because it localizes text instance by predicting their center
points. The whole architecture is illustrated in Fig. 2. The frame-
work consists of four modules: backbone network, text proposal
network, contour initialization network, and contour deformation
network. Specifically, text proposal network generates horizontal
text proposals based on features extracted by the backbone net-
work. Given the original features and text proposals, the contour
initialization network are used to get more accurate and suitable
initial contour for each text instance. Finally, the contour deforma-
tion network takes the initial text contours and original features as
input, and perform iterative contour regression to produce outputs.

Text Proposal Network consists of only two branches: (1) The
classification branch calculates a heatmap, where the peaks are
supposed to be the text centers; (2) The regression branch pre-
dicts the offsets from each peak to the upper left and lower right
corners of the proposal box.

Contour Initialization Network is essentially a regression
model, which could output four extreme points of the text pro-
posal. We extend a line in both directions at each extreme point,
and connect their endpoints to obtain a octagon, which can be re-
garded as the initial contour.

Contour Deformation Network is used to regress the offsets
from points on the initial contour to the corresponding points on
the ground-truth. And the same regression method is adopted as
the contour initialization.

The above three networks are jointly trained in multi-task
learning, with loss defined as:

L= Ecls + )\lﬁreg + A-Zﬁcin + )\3£cdn4 (1)

Lys and Lreg, the loss functions of the classification task and
regression task in text proposal generation network, adopt the
smooth ¢; loss and focal loss [31], respectively. £, and L., are
the loss functions of contour initialization network and contour de-
formation network, respectively, and smooth ¢ loss is adopted. A1,
Ao and A3 are balancing parameters and are all set to 1 in our ex-
periments for simplicity (observing that fluctuating around 1 does
not influence the performance significantly).

3.3. Learning strategy

For mixed supervised learning with a small number of strongly
annotated images and a large number of weakly annotated images,
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structure of the text detector.

we adopt the self-training strategy, which has made considerable
progress in semi-supervised learning [32,33]|. The main steps are
as follows:

(1) Based on the detector in Section 3.2, we firstly train a
teacher model using the strongly annotated images.

(2) The trained teacher model is used to generate pseudo-labels
for the center point annotated images. Specifically, the peaks on
the heatmap of the classification branch output of the teacher
model are replaced with the ground truth text centers so as to
generate more accurate text proposals. Accordingly, the following
contour regression parts can predict better text boundaries, which
are used as pseudo labels.

(3) The pseudo labeled images are combined with fully labeled
images to train a superior student model.

Inevitably, there are low quality pseudo labeled samples in the
mixed dataset used in the third step. Using the confidence of the
pseudo label to weight the pseudo supervision can alleviate the
deterioration caused by noisy pseudo labels. The existing text de-
tection methods usually use the classification score as the confi-
dence of the output text boundary. However, the pseudo labels in
our pipeline are generated based on the ground-truth text centers,
the classification scores are not available. Hence, we use the un-
certainty of regression to evaluate the pseudo labels, which will be
described in detail in the next subsection.

3.4. Regression with uncertainty estimation

A regression uncertainty estimation branch is parallel to the re-
gression branch in the text proposal network, as shown in Fig. 3.
It has the same structure with the other two branches. Specifi-
cally, the original features are passed through a 3 x 3 convolution,
ReLU and another 1 x 1 convolution to produce the output of four
channels, representing the uncertainty of the horizontal and verti-
cal offset prediction from the center point to upper left and lower
right corners of the bounding box, respectively. During training, the
regression uncertainty estimation branch is optimized by the KL
loss [33].

Specifically, let z denotes an offset, which is the prediction tar-
get of the regression task. Assuming the offsets are independent,
we use a single variate Gaussian for simplicity, and get the follow-
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Classification

Regression

L cls
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Regression Std }—» Ly,

Fig. 3. The architecture of the detection head added with regression uncertainty
estimation module.
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ing probabilistic model:

1 _ (2)?

P = e (2)

2mo?

where © is parameters of detection model. z. is the estimated
offset. Standard deviation o measures the uncertainty of the pre-
diction. When o — 0, it means the model is extremely confident
about the predicted offset.

The ground-truth offset can also be formulated as a Gaussian
distribution, with o — 0, which is a Dirac delta function:

Pp =68(z-2zg). (3)

where zg is the ground-truth offset.
Here, we take [33] for reference, and try to estimate ® by min-
imizing KL-Divergence between Pg(z) and Pp(z):

® = argmin 3 Y D (@) [P () )

where N is the number of training samples. And the KL loss Ly;
can be formulated as:

L = Die (P (2)||Po (2))

— [ Bo@)log (Po(@)) dz ~ [ Po(@) log (P (2)) iz 5)
zo—2z.)? log(o?) log(2
S g )+ BT _Hbo(2)).

When the offset z. is predicted inaccurately, the variance o2 is
expected to be larger so that Ly, will be lower. log(27r)/2 and
H(Pp(z)) do not depend on ®, hence:

_ 2 2

The loss is differentiable w.r.t offset z. and offset standard devia-
tion o':

CKL X

d r Ze—2Zg

az KL o2 o
d (Ze—24) 1

EEKL ==+ ;.

Since o is in the denominators, the gradient sometimes can ex-
plode at the beginning of training. To avoid gradient exploding, our
network predicts o = log(o2) instead of o in practice:
e« 1

Lt ¢ — (zg — 2¢)? + = 8

KL 2 (g e) + 2 ( )
Meanwhile, considering the influence of outliers, we adopt a
smooth L; loss:

1 1
ﬁKLIefa(|Zg—Ze|—§)+§(¥~ (9)

Therefore, the loss of the whole detection framework is updated
to:

L = Les + M Lreg + A2 Lein + A3Legn + AaLyr. (10)

where A4 is set to 1 in our experiments.

For using the estimated uncertainty to measure the quality of
output result in inference, we convert the network output o back
to o, and calculate the confidence of each text contour by:

4
s=1- % (Z Sigmoid(o,)), (11)

i=1

where o; is the standard deviations of i-th offset prediction. Finally,
to weight the pseudo labels generated during self training (de-
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scribed in Section 3.3), a confidence weighted loss £ is proposed
as follow:
L=scC, (12)
which makes the training focus more on reliable samples.

In short, the learning strategy of the proposed mixed-
supervised framework can be summarized as Algorithm 1. Specif-

Algorithm 1 Self-training based learning strategy.
Require: Polygon labeled images: (x1,y1), (X2.¥2). ..., (Xn.¥n);
Center point labeled images: (X1, p1), (X2, D2), ..., (Xm, Pm)-
Ensure: Trained parameters 6.
1: Training the model 6 on (x1,¥1), (X2,¥2),..., (Xn,¥n);
2: Infer pseudo label y; < M((X;, p;)). 0) ;
3: Calculate the confidence s; of each pseudo label y; by Eq. (11);
4: Mixed retraining model 6 on the union of (x1,y1), (X2,¥2).
oo (Xn,yn) and Ry, 91, 51), (R2, 92, 82), - - - Rm, Im. Sm)-

ically, we have limited polygon labeled images {(x;, y;)};, where
x; and y; denote the i-th images and its polygon-level label, and a
large set of center point labeled images {(X;, pj)}’f:l, where &; and
p; denote the j-th image and its center point label. We firstly use
the polygon labeled images to train an teacher detector 6. Then
we send the weakly annotated images {ij};.":l to the detector 6
to generate pseudo labels. M(-) in the Algorithm 1 refer to the
inference. Specifically, the peaks on the heatmap of the classifi-
cation branch output of the teacher model are replaced with the
ground truth text centers {pj}}"=1 so as to generate more accurate
text proposals. Accordingly, the following contour regression parts
can predict better text boundaries, which are used as pseudo labels
{7 T:l' In addition, the regression uncertainty estimation module
outputs the confidence {sj}’jﬁ:1 of the pseudo labels. Finally, we
conduct mixed retraining of the model by using both {(x;, y;)},
and {(%;, J;, Sj)}TZp and confidence s; is used to weight the super-
vision of pseudo labels, which makes the training focus more on
reliable samples.

4. Experiments
4.1. Datasets

To demonstrate the effectiveness of the proposed method, we
conduct experiments on five public benchmark datasets.

ICDAR2015 dataset [13] contains 1000 training images and 500
test images. This dataset is focused on incidental scene text, in
which each text is labeled as a quadrangle with 4 vertexes in
word-level.

C-SVT dataset [14] contains 430,000 training images, of which
30,000 are fully annotated and the remaining are weakly anno-
tated, where only the corresponding text-of-interest in the regions
is given as weak annotations. Each text is labeled with adaptive
number of vertices. In our experiment, we only use the fully anno-
tate images for the convenience of evaluation.

CTW1500 dataset [15] contains 1000 training images and 500
test images. Besides horizontal and multi-oriented texts, at least
one curved text is contained in each images. Each text is labeled
as a polygon with 14 vertexes in line-level.

Total-Text dataset [16] has 1255 training images and 300 test
images, which contains curved texts, as well as horizontal and
multi-oriental texts. Each text is labeled as a polygon with 10 ver-
texes in word-level.

ICDAR-ArT dataset [11] consists of 5603 training images and
4563 test images, which contains multilingual arbitrary-shaped
texts. Each text is labeled with adaptive number of vertices.
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Table 1 Table 3
Detection results on ICDAR2015. The subscript indicates the standard deviation. Detection results on CTW1500. The subscript indicates the standard deviation.
Method Precision Recall F-measure FPS Method Precision Recall F-measure FPS
EAST [1] 83.6 73.5 78.2 13.2 TextSnake |[2] 67.9 85.3 75.6 -
TextSnake [2] 84.9 80.4 82.6 1.1 TextRay [42] 82.8 80.4 81.7 -
SegLink+ [36] 80.3 83.7 82.0 - PSENet-1s [6] 84.8 79.7 82.2 3.9
TextField [37] 84.3 83.9 84.1 1.8 Wau et al.-TAS [10] 83.8 80.8 82.3 9.2
PSENet [6] 86.9 84.5 85.7 1.6 CRAFT [27] 86.0 81.1 83.5 -
FCENet [38] 90.1 82.6 86.2 - TextDragon [30] 84.5 82.8 83.6 8.7
TextMountain [39] 87.3 84.1 85.7 10.4 ContourNet [43] 83.7 84.1 83.9 4.5
PAN+ [7] 91.4 83.9 87.5 12.6 TextMountain [39] 83.3 83.6 834 -
MOST [40] 89.1 87.3 88.2 10.0 PAN+ [7] 87.1 81.1 84.0 36.0
100%Poly 89.4 824 85.8 Zhang et al. [44] 87.8 81.5 84.5 12.2
10%Poly&90%Point 86.2.4036 80.1.028 83.0.031 Dai et al. [45] 82.3 87.2 84.7 11.8
10%Poly&90%Unlabeled 80.9.4039 77.6.031 7924036 21.6 ABCNet v2 [46] 85.6 83.8 84.7 -
10%Poly 772403 76.9.027 77.0+029 100%Poly 86.1 82.1 84.1
10%Poly&90%Point 8394039 81.8.4027 82.8.029 323
10%Poly&90%Unlabeled 83.4.067 79.14059 81.2.013
10%Poly 81.340.79 7914102 80.2.4026

4.2. Implementation details

We implemented the experiments with Pytorch 1.1 on a work-
station with 2.9 GHz 12-core CPU, 256G RAM, GTX Titan X and
Ubuntu 64-bit OS. We adopt the DLA-34 [34] as the backbone net-
work. The model is pre-trained with SynthText [35] dataset, and
then fine-tuned on the real datasets separately for 200 epochs with
batchsize 36. The initial learning rate is set to 1 x 1074 and is di-
vided by 2 at 80th, 120th, 150th, and 170th epoch. The data is
augmented by: (1) rescaling images with ratio from 0.5 to 2.0 ran-
domly, (2) flipping horizontally and rotating in range [-10°, 10°]
randomly, (3) cropping 640 x 640 random samples from the trans-
formed image. In the inference stage, the short side of the in-
put image is scaled to a fixed length (720 for ICDAR2015, 460 for
CTW1500, 960 for ICDAR-ArT, and 640 for C-SVT and Total-Text),
with the aspect ratio kept.

4.3. Experimental results

For the three datasets, we randomly select 10% of original train-
ing images as strongly annotated data and take the rest 90% as
weakly (center point) annotated data, resulting in a 100-900 split
for ICDAR2015 and CTW1500, a 125-1,130 split for Total-Text, a
560-5,043 split for ICDAR-AIT, and a 3,000-27,000 split for C-SVT.
Based on the data division, we can get the following models:

(1) 100%Poly: Model trained with all images, which are anno-
tated with polygons.

(2) 10%Poly: Model trained with 10% images, which are anno-
tated with polygons.

(3) 10%Poly&90%Point: Model trained with all images, of which
10% are annotated with polygons, and 90% are annotated with cen-
ter points.

(4) 10%Poly&90%Unlabeled: Model trained with all images of
which 10% are annotated with polygons, and 90% are unlabeled.
The learning strategy used is similar to that of “10%Poly&90%Point”,
but there is no point guidance in the generation of pseudo labels.
We use a threshold 0.35 to filter low-quality samples.

Table 2

Considering the impact of data split on the final results, we split
the data five times randomly, and report the average results and
standard deviations. The results on five benchmarks are given in
Tables 1-5, respectively.

Results on Multi-Oriented Text: As shown in Tables 1 and 2,
our mixed-supervised model “10%Poly&90%Point” achieves 83.0%
and 76.9% of F-measure on ICDAR2015 and C-SVT, respectively.
Compared with the two baseline models “10%Poly”, the per-
formance gains are 6.0% and 3.7%, respectively. This demon-
strates the effectiveness of the proposed mixed-supervised learn-
ing in the sense that adding weakly annotate data improves
the performance. When comparing with “10%Poly&90%Unlabeled”,
“10%Poly&90%Point” outperforms by 3.8% and 1.9% on ICDAR2015
and C-SVT, respectively, which proves the significance of point su-
pervisions. Although there are still gaps between fully-supervised
models and mixed-supervised models (2.8% and 2% on ICDAR2015
and C-SVT, respectively), considering that the cost of point anno-
tation is much lower, the results are valuable. Some qualitative
results are shown in the first and second columns of the Fig. 4,
where we can see that our method can handle multi-oriented texts
very well.

Results on Arbitrary-Shaped Text: We further conduct ex-
periments on more challenging arbitrary-shaped texts, and the
results are shown in Tables 3-5. We can see that our mixed-
supervised models “10%Poly&90%Point” have greatly exceeded the
baseline models “10%Poly” and achieved 82.8%, 83.2%, and 72.0%
of F-measure on CTW1500, Total-Text, and ICDAR-ArT respec-
tively, demonstrating the effectiveness of the proposed method
when handling texts with arbitrary shapes. Meanwhile, our mixed-
supervised learning strategy does not affect the inference speed,
which is still competitive. Some examples of text detection results
are shown in the third to fifth columns in Fig. 4, where it is seen
that the detection model can accurately locate horizontal, multi-
oriented and curved texts.

Detection results on C-SVT. The subscript indicates the standard deviation.

Method Precision  Recall F-measure  FPS
DB-+oCLIP [41] 81.5 70.9 75.8 -
EAST [1] 73.4 79.3 76.2 -
PSENet+oCLIP [41] 90.7 67.0 77.1 -
Sun et al.-Train [14] 80.4 74.6 77.4 -
Sun et al.-Train+400K Weak [14]  81.7 75.2 78.3 -
100%Poly 83.5 74.5 78.9
10%Poly&90%Point 80.6.027 73.61036  76.9:029 242
10%Poly&90%Unlabeled 77.8:029 724,035 75.0.031

10%Poly 73.51033 7291028  73.2:032
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Fig. 4. Examples of text detection results. First column: ICDAR2015; second column: C-SVT; third column: CTW1500; fourth column: Total-Text; fifth column: ICDAR-ArT.

Table 4
Detection results on Total-Text. The subscript indicates the standard deviation.

Method Precision Recall F-measure FPS
SemiText-Transductive [12] 78.0 58.3 66.7 2.1
SemiText-Inductive [12] 79.2 59.0 67.6 2.1
Wu et al.-TAS [10] 78.5 76.7 77.6 11.2
SelfText [8] 82.5 77.6 80.1 -
TextRay [42] 83.5 77.9 80.6 -
PSENet-1s [6] 84.0 78.0 80.9 3.9
CRAFT [27] 87.6 79.9 83.6 -
Dai et al. [45] 82.0 88.5 85.2 11.8
PAN+ [7] 89.9 81.0 85.3 383
FCENet [38] 89.3 82.5 85.8 -
SRSTS [47] 92.0 83.0 87.2 18.7
Zhang et al. [44] 90.3 84.7 87.4 10.3
100%Poly 88.2 833 85.6
10%l’oly&90%Point 84.4i0_59 82.1i0,47 83.2i0‘33 24.2
10%Poly&90%Unlabeled 829,030  78.8.049  80.8.027
10%Poly 80.2:051 78.5:038 7944023

Table 5

Detection results on ICDAR-ArT. The subscript indicates the standard deviation.
Method Precision Recall F-measure FPS
TextRay [42] 76.0 58.6 66.2 -
Dai et al. [45] 66.1 84.0 74.0 11.8
100%Poly 80.8 68.7 74.3 16.4
10%Poly&90%Point 80.5.057 65.1.039 7204042
10%Poly&90%Unlabeled 77.9.40.40 642,055 704,405
10%Poly 7721063 58.9.038 66.8.10.42

Comparison with Other Methods Using Weak labels: Com-
pared with the method which use character box to boost the per-
formance of word detection, as shown in Tables 3 and 4, the per-
formance of our mixed-supervised model “10%Poly&90%Point” is
slightly lower (0.7% and 0.4% on CTW1500 and Total-Text, respec-
tively) than that of CRAFT [27]. However, it should be noted that
CRAFT needs complete strong annotations and additional charac-
ter annotations, while our method only needs 10% strong annota-
tions combined with 90% weak annotations. We achieve the per-
formance close to CRAFT with much lower labeling cost.

Compared to methods which use partial annotations to re-
duce labeling cost, our method also shows advantage. As shown
in Tables 3 and 4, our mixed-supervised model outperforms the
corresponding model (TAS) of Wu et al. [10], which uses line-
level annotations to supervise model training. Compared with Self-
Text [8], which trains PSENet [6] with pseudo labels generated
with the aid of bounding box annotations, as shown in Table 4, our
mixed-supervised model also achieves better performance (83.2%
vs 80.1%). In addition, Sun et al. [14] proposed to use a large par-
tially labeled dataset (each image annotated with one dominant
text) to boost performance, and obtained 0.9% improvement by
adding 4,000,000 weakly annotated data (as shown in Table 2). In

Table 6
The benefits of the KL loss and confidence weighted loss on “10%Poly&90%Point”.
“KL" and “CW" indicates KL loss and confidence weighted loss, respectively.

Dataset KL cw Precision Recall F-measure
CTW1500 - - 83.6 80.5 82.0

v - 84.0 80.6 823

- v 85.3 80.0 82.6

v v 83.9 81.8 82.8
Total- - - 84.1 80.8 824
Text v - 84.9 80.6 82.7

- v 83.5 82.5 83.0

v v 844 82.1 83.2

contrast, our mixed-supervised model yields significant improve-
ment compared to the baseline.

Compared to semi-supervised method [12], our method also
outperforms by a large margin, as shown in Table 4. Although the
method does not use any strong annotation, our method uses only
10% strong annotation to obtain a big advantage, which is very
worthwhile.

4.4. Ablation studies

Influence of the Regression Uncertainty Estimation Module.
The proposed regression uncertainty is learned by optimizing the
KL loss. Therefore, we conduct experiments with or without the
KL loss, and the results on CTW1500 and Total-Text are shown in
Table 6. It is verified that the models trained with KL loss pre-
form better. Although the improvement brought by adding KL loss
is relatively weak, our intention is to estimate the uncertainty of
regression, which can be used to weight the pseudo supervision.

Influence of the Confidence Weighted Loss. We evaluate the
influence of the confidence weighted loss (see Eq. 12) via experi-
ments with or without it. The results of experiments on CTW1500
and Total-Text are shown in Table 6. We can find that the con-
fidence weighted loss improves the basic models obviously. It at-
tributes to that with confidence weighting, the influence of noise
samples on training would be limited, and the model learning
tends to focus on reliable samples.

Influence of the Proportion of Strongly Annotated Data. We
perform experiments with variable proportions (from 1% to 40%)
of strongly annotated data on the ICDAR-ArT dataset. The model
trained with only strongly annotated data is regarded as baseline.
As shown in Fig. 5, the performance of mixed supervised model
improves as the proportion of strongly annotated data increases,
and outperforms baseline in all data split settings, which demon-
strates that images with point annotations can improve the perfor-
mance.

Influence of the Point Location. We explored the influence of
center point location fluctuation in text line direction and the per-
pendicular direction of the text line, respectively. Specifically, we
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Fig. 5. F-measure versus proportions of strongly annotated data for mixed-
supervised models on ICDAR-AIT test set.

Table 7
The influence of point location on “10%Poly&90%Point” on ICDAR2015.

Fluctuation Direction Ratio Range Precision Recall F-measure

No Fluctuation - 86.2 80.1 83.0

Text Line Direction [0.00, 0.05] 86.6 79.2 82.8
[0.05,0.10] 85.1 80.0 82.5
[0.10,0.15] 84.2 80.4 82.2

Perpendicular [0.00, 0.05] 85.9 80.1 82.9

Direction of Text Line [0.05,0.10] 85.0 80.8 82.8
[0.10,0.15] 84.5 80.5 82.4

Both Directions [0.00, 0.10] 84.8 80.7 82.7

randomly move the center point along the direction of the text line
and the perpendicular direction of the text line within a certain
range, which is defined as a certain ratio of the length or height
of the text line. As shown in Table 7, for two directions, when the
fluctuation ratio is lower than 0.1, the performance does not de-
teriorate. This is because our text detector predicts the region of
center point rather than a single center point. When the ratio is
higher than 0.1, the performance degrades slightly due to the poor
quality of pseudo labels. In addition, we also explore the situation
of fluctuations in both line and perpendicular directions, that is,
randomly moving the center point within an ellipse with a radius
of (0.11,0.1h), where [ and h are the length and height of the text
line, respective. We can find that performance can still be main-
tained. The stability of performance against slight fluctuation of
center point annotation justifies the practicality of the proposed
method.

5. Conclusion

In this paper, we verify the effectiveness of center point annota-
tions in mixed-supervised scene text detection task, which greatly
reduce the cost of labeling. We adopt a self-training strategy based
on the a detector which localizes texts by predicting their centers.
For weighting the pseudo labels, we propose a regression uncer-
tainty estimation module to measure the confidence. Extensive ex-
periments show that our mixed-supervised method achieves com-
petitive performance, and adding weakly labeled data can improve
the detection performance evidently compared to training with
strongly annotated data only.
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