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Abstract: Although current scene text detectors achieve remarkable accuracy across different and
diverse styles of datasets by fine-tuning models multiple times, these approaches are time-consuming
and hinder model generalization. As such, exploring a training strategy that only requires training
once on all datasets is a promising solution. However, the text-style mismatch poses challenges to
accuracy in such an approach. To mitigate these issues, we propose a style-aware learning network
(SLNText) for style-robust text detection in the wild. This includes a style-aware head to distinguish
the text styles of images and a dynamic selection head to realize the detection of images with
different text styles. SLNText is only trained once, achieving superior performance by automatically
learning from multiple text styles and overcoming the style mismatch issue inherent in one-size-fits-
all approaches. By using only one set of network parameters, our method significantly reduces the
training consumption while maintaining a satisfactory performance on several styles of datasets. Our
extensive experiments demonstrate that SLNText achieves satisfactory performance in several styles
of datasets, showcasing its effectiveness and efficiency as a promising solution to style-robust scene
text detection.

Keywords: scene text detection; style-aware learning; dynamic selection head; dynamic training
strategy

1. Introduction

Scene text detection has become more and more popular with the development of
computer vision. It has a wide range of practical applications across various styles and
constitutes a crucial predecessor for, e.g., image and video retrieval, autonomous driving,
scene understanding, retail analytics, and industrial automation. Scene text refers to the
written content that naturally occurs within various real-world contexts. The fonts and
styles used in scene text are influenced by the specific surroundings, leading to a diverse
range of text appearances. The different scenes we encounter contribute to the unique styles
of text. However, this variety in text styles presents a challenge when training detectors
and expecting them to work well across different scenarios.

To improve the performance of scene text detectors in different scenarios, researchers
put forward various scene text detection datasets [1-7] with specific characteristics. The
existing algorithms [8-13] have good performances on different datasets, respectively,
by fine-tuning and retraining on each benchmark with individual weight. In contrast to
existing datasets predominantly characterized by a singular text style, real-world scenarios
exhibit a variety of distinct text styles. Furthermore, the textual styles within the input
image of application scenarios during the testing phase remain uncertain. Consequently,
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the style-robust efficacy of extant scene text detectors within these intricate application
scenarios faces more challenges.

To verify our claim, we take ICDAR 2013 [1], ICDAR 2015 [2], MSRA-TD500 [3], and
CTW1500 [4] datasets as examples, and use the union of the four datasets as an application
scenario containing various styles of text. Faced with this situation, the existing methods
adopt two prevailing training strategies. The first strategy is to pre-train on a combined
dataset followed by individual fine-tuning on each distinct dataset. This causes the algo-
rithm to generate a set of parameters for each dataset, which makes the algorithm perform
well on the respective dataset. However, this strategy can lead to the over-fitting of the
corresponding dataset, so that the set of parameters of one dataset does not perform well
on other datasets. Furthermore, during testing, the selection of appropriate parameter
sets becomes infeasible due to the indeterminate text style within the combined dataset’s
input images.

Another strategy is to directly use the combined dataset for training, which can take
into account the detection performance of different styles of text. However, distinct text
styles have a large difference and will interfere with each other during the training stage,
resulting in the detection performance of the detector on a certain dataset that is not as
good as the performance of the method only training on the single dataset.

In this paper, we propose to devise a novel detection algorithm alongside a congru-
ous training strategy capable of precision text detection across scenes characterized by
diverse text styles. This algorithm needs to address two challenges. Style diversity in
feature learning: The proposed model needs to acquire distinctive text style features while
mitigating the inadvertent cross-contamination of feature parameters. Style discrimination
and accurate prediction: During inference, how does the model distinguish disparate text
styles and deliver precise text regions?

Inspired by the dynamic network [14,15], we designed a style-aware learning network
for scene text detection named SLNText. It includes a style-aware head (SAH) and a
dynamic selection head (DSH), where each pair of heads represents different text features
based on the corresponding style. In contrast to previous methods with multi-time fine-
tuning, the proposed SLNText only needs to train once for the shared weight with a
dynamic head. With the assistance of a style-aware head, DSH can dynamically adjust the
network parameters according to the visual features (e.g. scene type, text appearance) of
the input image to alleviate the negative mutual influence from different styles, resulting
in better detection performance. To efficiently train the proposed network, we propose a
dynamic training strategy (DTS) that can train the proposed network with a small additional
training cost compared to the training on the combined dataset. Extensive experiments
on four datasets (i.e., ICDAR 2013, ICDAR 2015, MSRA-TD500, and CTW1500) support
our analysis and conclusions. Compared with the baseline of the proposed method, the
proposed algorithm and training strategy improve by at least 3.84% F-measure performance
on the combined dataset.

The main contributions of this work can be summarized as:

*  We propose a style-aware learning network for style-robust scene text detection named
SLNText. By equipping the style-aware head (SAH) and the dynamic selection head
(DSH)), this reduces the style gap by dynamically adjusting the network parameters.

* A dynamic training strategy is proposed to train the proposed SLNText with little
additional training cost.

¢  The proposed method achieves an improvement with a mean F-measure of 3.85% with
the dynamic prediction heads, where each head represents different features from
different styles.

2. Related Work

Due to the various fonts and contours in the text objects, coupled with the rich
variety of the text scenes, the text style has become diverse, which has brought great
challenges to detection methods. In this section, we conduct a comprehensive review of
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existing approaches that tackle these challenges from two key perspectives: feature learning,
enabling effective text discrimination in complex scenarios; and contour representation,
facilitating precise bounding box delineation.

2.1. Feature Learning for Scene Text Detector

Early text detection algorithms based on deep learning mostly used VGG backbone
networks [16] for multi-resolution feature extraction [17-19]. TextBox [17] utilizes the multi-
scale characteristics of the backbone network itself to learn the feature information for the
corresponding scale texts at different feature layers. With the introduction of the ResNet
backbone network [20] and the feature pyramid network [21], researchers have habitually
combined the two for the multi-scale feature extraction of text. Recent methods [22] in-
tegrate text knowledge into ResNet and feature pyramid networks through image-level
text recognition tasks and then migrate the new backbone network to detection algorithms
to improve the detection accuracy. Reference [23] used ResNet and a U-shaped network
similar to a feature pyramid to construct a multi-scale feature network to generate the
text boundary predictions at different scales. Due to the unique elongated structure of
the text, the algorithm uses conventional square receptive field convolution, which not
only introduces background noise but also has a limited perception range when extracting
text features. Therefore, the researchers have designed various convolutions with elon-
gated receptive fields [17,24,25] and deformable convolution operations [26] to focus the
convolution area on the text area and suppress background interference; and the trans-
former architecture [27,28] is introduced to enhance the long-range modeling ability of text
detectors to compensate for the shortcomings of convolutional receptive fields.

In observing existing text feature extraction networks, it becomes apparent that many
adopt the architecture of general object feature extraction networks. However, these net-
works lack the specific designs tailored for text features. While mature feature extraction
networks yield effective results, they often compromise interpretability and make it chal-
lenging to design subsequent text feature adaptation components. To mitigate the impact
of feature extraction networks on our approach, our designed algorithm architecture offers
flexibility. It can seamlessly utilize both convolutional networks and transformer networks
for learning text features. This adaptability ensures that our extraction approach remains
unaffected by the limitations of specific feature extraction network architectures, providing
a more versatile and effective solution.

2.2. Contour Representation for Scene Text Detector

Text instances have evolved from horizontally distributed ICDAR 2013 [1] to obliquely
distributed ICDAR 2015 [2] and MSRA-TD500 [3], and then to curved distributed
CTW1500 [4]. The form of text presentation is constantly becoming more diverse, and the
ability of detection algorithms to express text contours is constantly improving. From the
early expression of rectangular boxes [17,29] and inclined rectangular boxes [18,19,24], to
the current expression of arbitrary shapes [8,10,13,23,30-32]. The contour point sequence
estimation method based on the Cartesian coordinate system [33,34] and the arbitrary
shape expression method based on polar coordinates [30] not only require later conversion
processing, but are also inaccurate for text positioning with large-aspect ratio differences
and height curvature. FCENet [10] first converts the problem to the Fourier domain
for solution and then uses Fourier signals to fit an arbitrarily shaped text. Many algo-
rithms [8,13,27,31,32,35] use pixel-level learning-based mask layer representation methods
to determine the boundaries of text through geometric calculations. Our method follows
the commonly used pixel-level learning approach to learn text regions in order to achieve
the representation of any text shape.

While existing text detection methods demonstrate commendable performance in
feature learning and contour representation, a notable drawback is the need for tailored
training and tuning for distinct datasets. It not only escalates training costs but also hinders
the application of these algorithms across various scenarios. To tackle this challenge, we
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introduce a style-aware learning method. This innovative method allows for the simul-
taneous learning of text instances from various scenes and shapes, mitigating the style
differences and consequently enhancing the overall performance of our proposed method.

3. Style-Aware Learning Network
3.1. Motivation

To better understand the proposed style-aware learning network and the correspond-
ing training strategy, we introduce them in an experiment-driven way. Firstly, we analyze
the shortcomings of existing strategies and summarize these shortcomings to refine the
feasibility of optimization strategies, and then verify the existence of feasibility through
experiments, providing a theoretical and experimental basis for us to propose a novel
training strategy.

3.1.1. Analysis Settings

The combined dataset used for all experiments consists of four datasets: ICDAR
2013 [1], ICDAR 2015 [2], MSRA-TD500 [3], and CTW1500 [4]. Since the number of training
images varies from dataset to dataset, we expand each dataset by copying training images,
so that each dataset has approximately 1000 training images to balance the influence of
different datasets at the training stage.

3.1.2. Existing Training Strategies

Existing text detection methods consist of two kinds of training strategies, such as
directly straining on a combined dataset, and pre-training on a combined dataset and then
fine-tuning on a certain dataset. As shown in Table 1, we analyze the two existing training
strategies through experiment results.

Table 1. Results of the different training strategies. CD denotes the combined dataset. Pre-training
denotes the initializing of network parameters with the training results of the network on combined
datasets. TC denotes the training time cost of the training strategies, which is a relative value. TD denotes
the training datasets. IC13, IC15, MSRA, and CTW denote ICDAR 2013, ICDAR 2015, MSRA-TD500,
and CTW1500, respectively. We use bold for the top three results for each column in the table.

Mean
Methods TD Pre- TC IC13(%)  IC15(%) MSRA (%) CTW (%) F-Measure
Training o
(%)
Baseline CD 1.00 63.91 7447 76.78 78.10 73.51
IC13 v 1.22 77.94 42.98 30.89 36.87 49.15
IC15 v 1.27 76.71 80.09 37.30 4211 59.37
MSRA v 1.23 4828 43.78 76.45 73.72 61.66
CTW v 1.28 50.42 51.77 7491 81.90 65.21
IC13 0.22 77.02 32.63 2352 3232 42,61
IC15 0.27 75.98 79.82 29.31 38.21 56.08
MSRA 0.23 46.32 38.35 70.40 68.91 56.94
CTW 0.28 47.16 49.44 72.63 81.78 63.07
SLNText CD 1.03 75.06 76.80 77.47 79.42 77.36

The first training strategy is to pre-train the method on the combined dataset and
fine-tune the method on a certain dataset. The comparative experiments are shown in
Table 1. The first line represents the test results of the method, which are trained on the
combined dataset. The four following lines represent the results of the method which
are fine-tuned on the corresponding dataset. The experimental results show that the fine-
tuning operation can greatly improve the performance of the method on a certain dataset.
One exception is the MSRA-TD500 dataset on the which fine-tuning effects are close to
those of pre-training. We analyze that the reason is that the text styles of some images
in CTW1500 and MSRA-TD500 are similar, so the training of CTW1500 can also improve
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the performance of the method on MSRA-TD500. Although fine-tuning has an obvious
improvement effect on the fine-tuned dataset, it significantly affects the performance of
the method on other datasets. Take the second line as an example: the method that is
fine-tuned on ICDAR 2013 brings 30%, 45%, and 42% F-measure reductions for the other
three datasets, respectively. Additionally, the generalization of the dataset also affected this
result; for example, the method which is fine-tuned on CTW1500 brings 13%, 23%, and
2% F-measure reductions for the other three datasets, respectively. This demonstrates that
the CTW1500 dataset is highly generalized because it contains images similar in style to
ICDAR2013 and MSRA-TD500. In general, the fine-tuning operation has a negative effect
on the mean F-measure of the combined dataset, and the worse the generalization of the
dataset, the greater the negative effect of fine-tuning. Since the combined dataset contains
all styles of text, it is the most generalized dataset, so the method’s performance in the
multi-style text detection scenarios will only become worse regardless of which dataset we
choose to use for fine-tuning.

The second training strategy is to train directly on a combined dataset. The compara-
tive experiments are also shown in Table 1. The first line is the result of this training strategy.
Lines 6-9 represent the results of the method which are only trained on the corresponding
dataset. The experiment results show that, even though the training on the combined
dataset can improve the mean F-measure of the method by nearly 8%, the performance on
each dataset is worse than the method that is trained on a single dataset. MARA-TD500 re-
mains the exception and the reason can be concluded from the ninth line that the CTW1500
can provide more diverse training samples with a similar style to MSRA-TD500 so that the
method which is trained on CTW1500 performs better on MSRA-TD500 than the method
which is trained on MSRA-TD500. Except for MASR-TD500, the other experimental results
show that training samples of different styles interfere with each other, and simply mixing
training images with different text styles as a training dataset is not an optimal choice to
solve the problem of multi-style text detection.

3.1.3. Feasibility Analysis

After analyzing existing training strategies, we conclude that, if we want the method
to perform well in multi-style text scenes, then the method needs to train different styles
of text detection in parallel as independently as possible without affecting each other. In
this section, we analyze the feasibility conditions of the parallel independent training.
There are two main findings about the feasibility conditions. One is that the images in the
same dataset have certain similarities and the images between the different datasets are
distinguishable, so the method can accurately classify the images to the corresponding
datasets through the feature extraction network. The other one is that a shared feature
extraction network and a proprietary detection head can greatly reduce the influence
between the different styles of text.

We design a simple classification network with ResNet50 as the backbone to classify
the styles of the images, and the experimental results of this classification task are shown in
Table 2. Each line in Table 2 represents the proportion of images from a particular dataset
to be classified into four datasets. The classification network generates feature vectors for
the multi-scale feature maps by the feature extraction network through average pooling
and then classifies them through the fully connected network. The experimental results
show that, with the exception of the ICDAR 2013 dataset, the probability that images from
all datasets are correctly classified is more than 90%. It can be seen from the results that the
ICDAR 2013 dataset is somewhat similar to the MSRA-TD500 and CTW1500 datasets, while
the ICDAR 2015 dataset is different from the other three datasets, and the CTW1500 dataset
is general. Therefore, nearly 19% of images from the ICDAR 2013 dataset are misclassified
into the CTW1500 dataset. This is due to the similarity between datasets and does not mean
that the network cannot distinguish between different styles of text.

The experimental results of a shared feature extraction network and proprietary
detection heads are shown in the Table 3. The first line denotes the results of the baseline
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directly trained on the combined dataset. The second line denotes the baseline only trained
on the corresponding single dataset. The third line denotes that we use the combined
dataset to train the shared feature extraction network; then, we freeze the parameters of the
feature extraction network and use specific datasets to fine-tune the proprietary detection
heads. It can be seen that not only do shared features not degrade the performance of the
algorithm much, but they can also improve performance on some datasets. Additionally,
the proprietary detection heads according to the text style can effectively avoid the mutual
influence of different styles of text in the training stage.

Table 2. The text style classification results of the testing images from different datasets with a
well-trained classification network.

Test Datasets IC13 (%) IC15 (%) MSRA (%) CTW (%)
IC13 75.54 0.43 5.58 18.45
IC15 0.00 97.60 0.80 1.60

MSRA 1.50 0.00 92.50 6.00
CTW 4.20 0.20 1.00 94.60

Table 3. Influence of shared feature extraction network (FEN) and shared detection head (SDH). MF
denotes mean F-measure.

FEN SDH IC13 (%) IC15 (%) MSRA (%)  CTW (%) MEF (%)
v v 63.91 74.47 76.78 78.10 73.51
77.02 79.82 70.40 81.78 77.26
v 81.44 78.11 78.24 81.32 79.78

3.2. Network Architecture

According to the previous analysis, we find that multi-style text detection can be
realized by classifying the text style of the image, sharing a feature extraction network, and
using the detection head dedicated to the dataset. Therefore, we develop a style-robust text
detection network based on style-aware learning. As shown in Figure 1, this includes two
momentous components: a style-aware head for distinguishing text styles, and a dynamic
selection head for accurately predicting the text instances with different styles. Additionally,
an efficient training strategy is designed to help SLNText obtain a satisfied performance on
the different datasets while keeping nearly the same training and inference time cost as
the baseline.

Style Aware Head Dynamic Selection Head
o0

W[

Figure 1. Architecture of the proposed style-aware learning network, which consists of the feature
extraction network, style aware head, dynamic selection head, and instance segmentation head.

3.2.1. Architecture Design

The SLNText is proposed based on Mask R-CNN, and the architecture of the method
is shown in Figure 1. The method can be divided into four modules: feature extraction
network, style aware head, dynamic selection head, and instance segmentation head. The
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feature extraction network and the instance segmentation head are the same as Mask
R-CNN, we will describe the other two momentous modules in detail.

Style-aware head is added to classify the input image into different text styles and
its architecture is shown in Figure 1. The feature maps output by the feature extraction
network have five scales and the number of channels of the feature maps at each scale
is 256. The feature maps at each scale go through a 1 x 1 convolution and the softmax
operation to obtain an attention mask map, respectively. Finally, the attention mask map
is multiplied by the input feature maps and we add the output to the input feature maps.
Then, the average pooling is applied to obtain five vectors of length 256. These vectors are
concatenated together and go through a fully connected three-layer network to obtain the
final text style classification vector. After a softmax operation, the vector can represent the
text style of the input image.

Dynamic selection head uses different detection heads to detect bounding boxes based
on the classification result of the text style head. It consists of N detection heads and N
means the number of text styles. Each detection head is the same as Mask R-CNN and an
input image activates only one detection head, either during the training or testing stage.

3.2.2. Dynamic Training Strategy

To adapt to the proposed SLNText, we propose a dynamic training strategy (DTS),
which can train our network well at the same training cost as the baseline algorithm. The
pseudo-code of our proposed training strategy is in Algorithm 1. During training, we mix
images from different datasets in a batch. Each image obtains a label indicating its dataset.
Then, the batch goes through the network for feature extraction and alignment. We tag the
features with the corresponding dataset label. These labeled features are sent to the right
detection head and matched with their dataset label to calculate the loss. This process helps
our algorithm learn from various datasets in one go, making it adaptable and effective
across different scenes.

Algorithm 1: Dynamic training strategy

Input:

T € RBx3*HxWand § € CP are a batch of images and its corresponding text
style labels.

A is the annotations of original text detection tasks such as bounding boxes and
text segmentation maps.

Parameter:

C={0,1,2,---,C — 1} is the text style index set.

C is the number of text styles.

B is the training batch size.

Output:

L is the loss of a single iteration.

M = FeatureExtractionNetwork(Z)
S = DynamicStyleHead (M)
Lstyle = CrossEntropyLoss(S, S)
bbox, score = &,
foreach c € C do
m= (S ==c)
M;=M [m}
bbox;,score; = DetectionHead; (M)
bbox < bbox;
score < score;
B = Concatenate(bbox)
S = Concatenate(score)
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Algorithm 1: Cont.

L4t = DetectionLoss(M, B, S, A)
Lseq = SegmentationLoss(M, B, S, A)
L= Estyle + Lot + Eseg

return [

In the testing stage, the input image first passes through the text style head to identify
the style category. Then, based on this style category, the corresponding detection head
provides the classification confidence and offset regression for the proposals within the
dynamic selection head. These refined proposals are projected onto feature maps, and their
features are used as input for the instance segmentation head, ultimately generating the
final detection result.

4. Experiments

To verify the effectiveness of the proposed method, we conducted quantitative experi-
ments on the four datasets, consisting of ICDAR 2013 [1], ICDAR 2015 [2], MSRA-TD500 [3],
and CTW1500 [4]. At the training stage, the four datasets were mixed and input into the
proposed method with their own dataset category labels.

4.1. Implementation Details
4.1.1. Datasets

ICDAR 2013 is a dataset focused on horizontal text in the scene. It contains 229 training
images and 233 testing images with only horizontal texts. ICDAR 2015 contains 1000 training
images and 500 testing images. The dataset contains multi-oriented scene text for incidental
scene text detection. The scene text regions are annotated by 4 vertices of word-level irregular
quadrangles. MSRA-TD500 contains 300 training images and 200 testing images. The dataset
contains multi-oriented scene text in Chinese and English, with resolutions ranging from
1296 x 864 to 1920 x 1280. The text instances are labeled at the text-line level. CTW1500 is a
dataset which focuses on the curved text. It consists of 1000 training images and 500 testing
images. The text instances are labeled at the text-line level.

4.1.2. Training

We use Mask R-CNN [36] implemented on the opening mmocr [37] as the baseline
for all experiments because many scene-text detection methods [38-40] based on Mask
R-CNN have good performance. We use the ImageNet [41] pre-trained on ResNet-50 [20]
with a 5-level feature pyramid structure [21] as the backbone. The whole network is trained
using the stochastic gradient descent (SGD) algorithm for 160 epochs. We set the initial
learning rate as 0.05 and decay it by 0.1 at epochs 80 and 130, respectively. Fine-tuning in
some experiments means that, after the joint training for 160 epochs, another 160 epochs
are individually trained on a certain dataset.

4.1.3. Inference

Considering that the testing image has no text style prior information, and all testing
images are set to have the same test size. We resize the long side of the testing image
to 1080 and keep the aspect ratio unchanged. The evaluation method we use is the offi-
cial evaluation protocol of ICDAR 2015. We use the evaluation method to calculate the
F-measure for the four datasets, respectively, and calculate their mean values as the mean
performance to measure the training strategy.

4.2. Results
4.2.1. Comparisons with Previous Methods

The experiment results of the proposed SLNText on the combined dataset and the
baseline Mask R-CNN trained on the combined dataset and single dataset are shown
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in Table 4. The first line represents the result of Mask R-CNN which is directly trained
on the combined dataset consisting of the four datasets. The second line represents the
result of Mask R-CNN which is pre-trained on the combined dataset and fine-tuned on the
corresponding dataset. The third line represents the result of the proposed method which
is directly trained on the combined dataset.

Table 4. Results of the proposed method and the Mask R-CNN which is trained on the combined
dataset and on each corresponding dataset with the same test size for each dataset. TC denotes the
training time cost of the training strategies, which is a relative value. TD denotes the training datasets.
CD denotes the combined of all datasets. SD denotes the corresponding single dataset.

Mean F-
Pre- IC13 IC15 MSRA CTW
Methods Training TC TD (%) (%) %) %) M:;s)ure
Mask
RONN 1.00 CD 63.91 74.47 76.78 78.10 73.51
v 2.00 SD 77.94 80.09 76.45 81.90 -

Proposed 1.03 CD 75.06 76.80 7747 79.42 77.36
method

According to the results of the first line and the last line, the proposed method outper-
forms the baseline on all datasets. The proposed method is 3.85% higher than the baseline
which is trained on the combined dataset on the mean F-measure. It can be seen from the
results that the proposed method can effectively avoid the interaction of different styles of
text during the training stage through the dynamic selection of the detection heads.

The qualitative results of the proposed method and the baseline are shown in Figure 2.
We leverage different datasets to denote distinct scene text styles. The ICDAR 2013 dataset,
for instance, captures the English scene text in a horizontally focused shooting direction.
In contrast, the ICDAR 2015 dataset showcases English scene text in an oblique direction
resulting from random shooting. Moving to the MSRA-TD500 dataset consists of Chinese
and English scene text with oblique and long objects captured by mixed shooting. Lastly,
the CTW1500 dataset portrays English scene text arranged in a curved direction obtained
by focused shooting. We visually demonstrate the superior detection performance of our
algorithm across various scene types when compared to the baseline. This substantiates
our method’s efficacy in handling diverse text styles and shooting directions, showcasing
its robustness in real-world scenarios.

ICDAR 2013

ICDAR 2015 MSRA-TD500 CTW1500

Figure 2. Qualitative results of the proposed method and baseline on four datasets, i.e., ICDAR
2013 [1], ICDAR 2015 [2], MSRA-TD500 [3], and CTW1500 [4]. Top: results of the baseline trained on
the combined dataset. Bottom: results of the proposed method.



Electronics 2024, 13, 243

10 of 14

The pre-training and fine-tuning training strategy should be the theoretical ceiling
for improving the method performance in a single dataset due to the method learning
more training samples through pre-training and reducing the negative influence caused
by the mutual interference of training samples with different text styles by fine-tuning.
According to the results of the last two lines, the performance of the proposed method is
close to the performance of the baseline, which is pre-trained on the combined dataset and
fine-tuned on the corresponding single dataset. Even the proposed method performs better
on the MSRA-TD500 dataset than the fine-tuned model. We conclude that the reason is
that the shared feature extraction network for the combined dataset can also improve the
performance of the method on some datasets that do not have enough training samples.

4.2.2. Ablation Study for Text Style Label

Compared with the baseline, the proposed method adds additional text style infor-
mation of images as network supervision at the training stage to make a fair comparison.
We conduct an experiment to explore the impact of adding the style-aware head to the
baseline. The experimental results are shown in Table 5. The experimental results show
that adding the style-aware head alone does not bring much improvement to the baseline,
so it indicates that the improvement brought by our proposed method is mainly due to the
dynamic selection head for the detection head.

Table 5. Results of the baseline (Mask R-CNN) and the impact of the style aware head and dynamic
selection head for each dataset.

Style Dynamic Mean F-
Methods Aware Selection I(E/l)?’ I(S/I)S M(§/1§A CTW (%) Measure
Head Head ? ? ? (%)
Baseline 63.91 7447 76.78 78.10 73.51
Ve 65.60 76.22 75.59 77.32 73.98
v v 75.06 76.80 77.47 79.42 77.36

4.2.3. Ablation Study for Training Strategy

To verify the effectiveness of the proposed dynamic training strategy (DTS). We
compared the proposed method with the mask R-CNN which is trained on the combined
dataset, which we named CT. For the proposed method, if DTS is not used, we first pre-train
the detection network and the proposed text style head on the combined dataset. Then,
we fix the feature extraction network and the text style head and finetune the dynamic
selection head on the corresponding dataset. As shown in Table 6, the proposed method
without DTS outperforms the baseline by 3.94% in mean F-measure, but the training time
cost is 1.48 times the baseline. The addition of DTS reduces the mean F-measure by 0.09%
but reduces the training time cost by a large margin. With DTS, the proposed method can
keep nearly the same training cost as the baseline but outperforms the baseline by 3.85% in
mean F-measure.

Table 6. The impact of the dynamic training strategy (DTS) in the proposed method. TS denotes the
training strategy. TC denotes the training time cost, which is a relative value.

IC15 MSRA CTW Mean
0,
Methods TS TC IC13 (%) (%) (%) (%) F-Measure (%)
Baseline CT 1.00 63.91 74.47 76.78 78.10 73.51
SLNText (g,}g) 1.48 75.34 77.04 77.63 79.78 77.45

SLNText DTS 1.03 75.06 76.80 77 .47 79.42 77.36
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4.2.4. Ablation Study for the Testing Size

To maintain the consistency of different datasets, we use the same test size for all test
images, and the long side is set to 1080. However, this test size does not fit all datasets,
leading to the baseline and proposed methods performing poorly on some datasets. To
demonstrate the improved performance of our proposed algorithm on the optimal test
size, we test the baseline and proposed method, respectively, with the best test size of
each dataset. The long side for ICDAR 2013, ICDAR 2015, MSRA-TD500, and CTW1500
are 1080, 2200, 640, and 960, respectively. The experimental results are shown in Table 7.
It can be seen that the proposed method still undergoes a significant improvement in
mean performance with the best test size for each dataset. In particular, on the ICDAR
2015 dataset, our proposed method has basically the same effect as the baseline which is
fine-tuned on the ICDAR 2015. This shows that, under the condition of the appropriate
test size, the shared feature extraction network can also improve the performance of the
algorithm on the ICDAR 2015 dataset.

Table 7. Results of the proposed method and the baseline which is trained on the combined dataset
and fine-tuned on each dataset with the best test size for each dataset.

Pre- ICI3 ICI5 MSRA CIW Mean
Methods poining  TC TP %) (%) (%) (%)  F-Measure (%)
Baseline 100 CD 6391 8388 7747 7980 76.50

v 200 SD 7794 8446 7553  82.10 -
SLNText 103  CD 7506 8458 7790 8074 79.65

4.3. Discussion

The proposed SLNText method efficiently tackles the issue of prolonged training times
associated with existing algorithms. These algorithms often demand multiple fine-tuning
iterations and the creation of numerous models, especially when confronted with significant
disparities in scene text styles. We skillfully design a style-aware head and a dynamic
selection head, catering to the nuances of various text styles. To maintain a training time
comparable to the baseline algorithm, we introduce a dynamic training strategy. Unlike
existing algorithms, which make a one-time training run on a combined dataset followed
by multiple fine-tuning runs on different datasets, our method streamlines the process by
requiring only a single training run on a combined dataset. This results in a noteworthy
reduction in the training time. In the inference stage, existing algorithms need to know
the scene type of each dataset in advance, and then use specific fine-tuning models. Our
method easily processes all the known scene types of datasets using a single model.

Despite its success in mitigating training time challenges for perceptible scene types
within the combined dataset, our proposed method does come with a noteworthy limi-
tation. The effectiveness of our method relies on the inclusion of perceptible scene types
in the combined dataset. When confronted with text from unknown scene categories, the
generalization ability of our method is challenged. It is important to note that our method,
which is essentially an enumeration-type scene robust solution, lacks adaptive capabilities
for unknown scenes. The inherent limitation lies in its dependency on predefined scene
types, making it less suitable for scenarios where the scene categories are unpredictable or
extend beyond the initially considered set. Future enhancements may focus on augmenting
adaptability to unknown scenes to broaden the applicability of our method.

5. Conclusions

In this paper, we present a style-aware learning network for accurately predicting the
scene texts with varied styles. The proposed SLNText can efficiently tackle the problem
that current algorithms experience in obtaining high performance across varied text styles
by utilizing a single set of parameters and a one-time training process across numerous
datasets. Our method distinguishes the text styles via the style-aware head and matches
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the optimized prediction head via the dynamic selection head. Both of them are algorithm-
agnostic, allowing for smooth integration into other algorithms and thereby ensuring
broad applicability.

In our future works, we plan to enhance the generalization capability of SLNText by
incorporating a zero-shot learning strategy. This strategy aims to broaden the model’s ability
to handle new and unseen scenarios. Additionally, we aim to bolster its text perception
capacity in noisy images by introducing anti-interference modules, allowing the algorithm
to detect challenging visual scene texts robustly. Another key focus is to make SLNText an
end-to-end solution for text detection and recognition by integrating specialized recognizers
into the system. These efforts are pivotal to creating a more general solution for text
perceptions in varied scenarios.
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