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Abstract

This work investigates the problem of inaccurate segmentation of text segment
images under complex backgrounds or character adhesion, and proposes a recog-
nition method for text segments in complex scenarios. The method leverages
the correlation between images and text sequences to design a bidirectional re-
current neural network for encoding image feature sequences, followed by an
integrated Connectionist Temporal Classification (CTC) and attention module
for decoding the encoded features to produce output. The algorithm is evaluated
on multiple datasets (public datasets ICDAR2013 and ICDAR2003, as well as
a CAPTCHA dataset), achieving recognition accuracies of 90.2%, 87.4%, and
92.5% respectively, thereby validating the effectiveness of the proposed algo-
rithm. The experimental results are of significant importance for text segment
recognition and its applications.

Full Text

Preamble

Text Segment Recognition in Complex Scenes
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Abstract: This paper addresses the challenge of accurately segmenting text
segment images with complex backgrounds or character adhesion, proposing a
novel method for complex scene text segment recognition. The method lever-
ages the correlation between images and text sequences by designing a bidirec-
tional recurrent neural network to encode image feature sequences, followed by
an integrated Connectionist Temporal Classification (CTC) and attention mod-
ule for decoding the encoded features. The algorithm was evaluated on multiple
datasets (public datasets ICDAR2013 and ICDAR2003, as well as a CAPTCHA
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dataset), achieving recognition accuracies of 90.2%, 87.4%, and 92.5% respec-
tively, thereby demonstrating its effectiveness. The experimental results hold
significant importance for text segment recognition and its practical applica-
tions.

Keywords: text segment recognition; CTC; attention; integration

0 Introduction

Text recognition refers to the process of extracting and identifying text charac-
ters from an image containing textual content, converting them into a character
string [1]. Typically, this problem can be divided into two stages: a text de-
tection stage and a text segment recognition stage. Text detection identifies
text regions in an image and bounds them with rectangular boxes, while text
recognition reads the text segment images and identifies their content.

Traditional approaches can incorporate language models using optimization
methods such as Bayesian inference [7-9], Markov random fields [10,11], con-
ditional random fields [12,13], and probabilistic graphical models [14,15]. How-
ever, the overall architecture that introduces language models is not end-to-end,
requiring separate training of individual modules. Jaderberg et al. [16] achieved
image serialization and sequence feature extraction by cascading convolutional
neural network features with recurrent neural networks. This architecture re-
placed the strong linguistic correlation constraints of language models with re-
current neural networks based on image sequences, thereby enabling end-to-end
training. Lee et al. [17] introduced an attention-based encoder-decoder model
on this foundation, allowing the model to select specific sequences from image
feature sequences for decoding. Shi et al. [18] introduced the CTC module
from speech recognition, which calculates the probability of ground-truth se-
quences appearing through dynamic programming and trains by maximizing
the log-loss function corresponding to this probability. Breuel [19] improved
the convolutional-recurrent framework by adding geometric normalization to
the input, further enhancing the overall recognition performance of the network.
Bolan et al. [20] added Histogram of Oriented Gradients (HOG) features to the
input layer of the convolutional module, adding several specific feature maps to
the input channels, which also yielded some performance improvements.

This paper proposes to recognize text segments by integrating CTC and atten-
tion mechanisms. The attention decoding mechanism can fully utilize encoded
feature sequences for feature selection, while CTC achieves alignment between
predictions and ground truth through probability calculation. By having both
networks share a common encoding module and then performing weighted accu-
mulation of loss functions on the decoding layers, module integration is achieved.
Experimental results demonstrate that the integrated network can improve text
segment recognition accuracy, while the visualization of attention weights re-
veals the internal mechanism of text segment recognition.
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1 Joint CTC-Attention Mechanism
1.1 Attention Encoder-Decoder Model

The encoder-decoder model encodes input feature sequences through a bottom-
layer RNN and then decodes the output through a top-layer RNN decoding
network. The attention-based encoder-decoder model can capture specific parts
of the input sequence that correspond to output labels. There are two types of
attention mechanisms: hard attention and soft attention. Hard attention selects
a specific region through weights at particular time steps, resulting in discontin-
uous loss functions that make network training difficult. Soft attention takes a
weighted average of all regions at specific time steps, making it more suitable
for end-to-end training. This paper adopts the soft attention mechanism.

We define two RNN modules as the encoding and decoding modules: a bidirec-
tional RNN serves as the encoding module to encode the input image feature
sequence, and a double-layer RNN serves as the decoding module to generate
or decode the output sequence. The hidden states of the encoding layer are
defined as (hq, ho, ..., hTA), and the hidden states of the decoding layer are de-
fined as (dy,dy, ..., dp,) = (hp, 11, by, 4o, by, 1, ). At each time step ¢, the
attention vector is calculated based on the encoding hidden state vectors:

ul =T tanh(W, h; + Wad,)

where v and weight matrices W; and W, are trainable parameters in the model.
The vector u, has length T,, where the i-th element corresponds to the score
value for focusing attention on the i-th encoding hidden state h;. These score
values are normalized through a softmax function to generate attention masks
based on the encoding hidden state vectors:

t
HES

, ) _exlu)

softmax(ut —_
() = S exp(u)

Finally, d; is obtained by weighting the encoding hidden states:

dj =Y alh,

The concatenation of d; and d, serves as the new hidden state input to the
model at the next time step and as the output prediction vector for the current
moment. For input sequence x and ground-truth sequence [, the corresponding
loss function is:

lossattention =—In P(”(E) = Zln P(lu|x7l1:u71)

where [;,,_; represents all characters before the current ground-truth label.
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1.2 CTC Sequence Alignment

CTC introduces specific mapping rules to calculate the generation probability of
label sequences in the mapping space through inverse mapping, thereby achiev-
ing automatic alignment between feature sequences and label sequences. CTC
ignores the specific positions of each label in the label sequence and instead
calculates the posterior probability of the entire label sequence [ in the pre-
diction results y = (y1,¥s, -, yr). When using the negative logarithm of this
probability value as the training objective, only the input image and the corre-
sponding label sequence are needed, avoiding the need to label the position of
each character.

The principle of CTC’ s conditional probability calculation is as follows: Input
the label sequence y = (yq,¥s, ..., yr), where T corresponds to the sequence
length and y, € R"'l (I’ = I Ublank, where I contains all character labels and
blank is an additional space label). A sequence mapping function £ is defined
onmel ’T, where [ includes two operations: first removing repeated characters,
then removing space characters. The function § maps 7 to I. For example,
maps “~hh-e-1-11-0-0” to “hello”. The conditional posterior probability is defined
as the sum of posterior probabilities of all 7 mapped to [ through 3:

plly) = > plaly)

7:8(m)=l

where the posterior probability of m appearing is defined as p(n|y) = Hthl yfrt,
with yf,f being the probability of label 7, at time stamp ¢. Direct calculation of
equation (5) has high time complexity, which can be effectively reduced through
dynamic programming methods that compute forward-backward vectors.

For input sequence x and ground-truth sequence [, the corresponding loss func-
tion is:

loss,,., = —In P(l|x) = —In P(y|l)

1.3 Joint CTC-Attention

Joint CTC-Attention integrates the attention module and CTC module, where
CTC and attention share a common encoding RNN module. The network struc-
ture is shown in [Figure 1: see original paper|. This integrated approach can
not only utilize all feature information before the current position through the
encoder-decoder mechanism in the attention architecture but also leverage fea-
ture information after the current position through CTC’s method of calculating
global probabilities, thereby making full use of feature information. Simulta-
neously, CTC-Attention accelerates network convergence speed and improves
recognition performance by incorporating the CTC module into the attention
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module. The visualization of attention vectors can reveal the internal mecha-
nism of network text segment recognition.

The network’ s loss function is designed as a weighted accumulation of the loss
functions of the two modules:

lossy; = (1 —a) *loss + o *loss,

attention

where « is a learnable parameter with range 0 < o < 1.

2 Experimental Design
2.1 Datasets

This paper conducts algorithm experiments on three datasets: ICDAR2003
dataset, ICDAR2013 dataset, and YZM dataset, using the Synth90k dataset
as the training set for the first two.

ICDAR2003 (IC03): A street text recognition dataset, where the test set
includes 251 panoramic images and 860 cropped field images.

ICDAR2013 (IC13): A street text recognition dataset, where the test
set includes 1010 cropped field images, with most images sourced from the
ICDAR2003 dataset.

YZM: A CAPTCHA dataset, where the training set contains 20,000
CAPTCHA images and the test set contains 1,000 test CAPTCHA images.
The image content includes digits and English letters with relatively blurred
backgrounds.

Synth90k: The dataset contains 9 million synthetic cropped field images.
This synthetic dataset consists of highly realistic text segment images that can
be used as a training set for text segment recognition.

2.2 Implementation Details

The experiments adopt the network structure design shown in [Figure 1: see
original paper|, with the CNN portion using the architecture shown in [Figure
2: see original paper]. The encoding layer is a bidirectional LSTM with 256
hidden layer nodes per LSTM unit. The decoding layer is an integration of two
modules: a CTC module and an attention-based double-layer LSTM decoding
module, with the hidden layer nodes of the decoding LSTM units both set to
128. The attention vector calculation method follows equation (1).

Due to the diversity of input image sizes, images are first normalized. The aspect
ratio is maintained while resizing images to a height of 32 and width W. The
resized images, when input to the CNN, output feature maps with length ex-
actly 1, which can be directly serialized and input to the upper modules. Based
on the size of W, images are assigned to specified intervals using corresponding
decoding lengths. The interval list is: [64,108], [108,140], [140,256], [256,W ;4 x]
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(where W, 4y represents the maximum image width), with corresponding de-
coding lengths of 11, 17, 19, 22, and 32 for each interval. During testing, the
same strategy is adopted, with zero-padding for W < 64 and scaling to width
Wirax for W > Wiy, ax.

Network training employs stochastic gradient descent, with gradients for each
layer computed through backpropagation. The RNN portion uses Backpropaga-
tion Through Time (BPTT) [21] to compute corresponding differential errors.
The CTC portion uses the forward-backward algorithm [22] to compute dif-
ferential errors. Network parameters are initialized using truncated Gaussian
initialization with mean 0.0 and truncated standard deviation 0.05. The net-
work optimization method uses the Adam algorithm with an initial learning rate
of 0.001, betal of 0.9, and beta2 of 0.999. The Adam algorithm can adaptively
compute the learning rate at each time step.

The evaluation metric is accuracy, calculated as:

M
accuracy = N

where M represents the number of text segment images recognized completely
correctly in the dataset, and N represents the total number of samples in the
dataset.

2.3 Experimental Results

Experiments are conducted on three datasets: 1C03, IC13, and YZM. The first
two datasets contain natural scene text segment images, while the last con-
tains artificial CAPTCHA images, all characterized by complex backgrounds
and blurred distinctions between text foreground and background. For param-
eter a, we select values of 0.2, 0.5, and 0.7 for experimental comparison, with
recognition accuracies shown in .

Text Segment Dataset Experimental Results (Metric: Accuracy, Unit: %)

Method ICo3 IC13 YZM

Attention 87.1 84.3 90.2
CTC-Attention (e« =0.2) 90.2 87.4 92.5
CTC-Attention (« =0.5) 89.5 86.8 91.7
CTC-Attention (¢« =0.7) 88.9 86.1 91.2
CTC 88.3 855 91.0

As shown in , integrating CTC and attention at the decoding stage can improve
the overall accuracy of text segment recognition, with the greatest improvement
when « is 0.2, achieving the best results on all three datasets. As « increases,
the overall recognition accuracy shows a downward trend.
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The following table compares our algorithm with current mainstream algorithms
on the two public datasets ICDAR2003 and ICDAR2013, with results shown in

Text Segment Recognition Results on IC03 and IC13 (Metric: Accuracy, Unit:
%)

Method IC03 IC13
CRNN(CTC) [18] 86.0  82.0
Literature [16] 87.0 84.0
PhotoOCR [7] 88.2  85.0

Literature [17] (Attention) 87.1  84.3
CTC-Attention (« =0.2) 90.2 87.4

As can be seen, our algorithm outperforms some mainstream algorithms on
these two public datasets.

To evaluate algorithm complexity and model convergence speed, the test accu-
racy on the IC13 test set is output every training batch during training on the
Synth90k dataset. The experiment selects the model with parameter a of 0.2
and compares the test results with CTC and attention methods, with results
shown in [Figure 3: see original paper].

[Figure 3: see original paper] Model Training Curve Comparison (Horizontal
axis: training batches, Vertical axis: IC13 test accuracy)

As shown in [Figure 3: see original paper], under converged conditions, the
attention method performs better than CTC on the test set. However, the
attention method suffers from high training time complexity and slow conver-
gence. The CTC method converges relatively faster during training but has
lower test accuracy. CTC-Attention accelerates the training speed of attention
by integrating the CTC module into the attention decoding layer, while also
improving overall test performance, achieving better performance on the test
set than both methods at convergence.

2.4 Visualization Analysis

To better reveal the network’s working principle, we analyze the network’s mech-
anism by visualizing the weights of the attention decoding layer. In equation
(2), a! represents the weight of the i-th encoding vector in the encoded feature
sequence acting on the ¢-th decoding vector. By visualizing the magnitude of
a; at each effective time step, we can analyze which regions play a major role
for the current decoding time step.

Based on this analysis, the feature sequence obtained after CNN feature extrac-
tion and bidirectional LSTM encoding of the input image is passed through the
attention layer, which performs weighted accumulation of the encoded feature
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sequence before feeding it into the decoding LSTM. By visualizing the weight
vectors, we can observe which feature regions play a major role in the above pro-
cess for specific decoding positions. In [Figure 4: see original paper], when the
encoded feature sequence of the corresponding region contributes more, the cor-
responding pixel values in the image are higher, and the region appears brighter.
The visualization results reveal the internal mechanism of text segment recogni-
tion: for each character in the recognition result, it is precisely the image region
at its corresponding position that plays the major role. Attention demonstrates
“attention” to specific label characters by assigning different weights to different
regions.

[Figure 4: see original paper] Attention Weight Visualization

3 Conclusion

Traditional text segment recognition methods first perform segmentation and
then combine language models for post-processing, which causes error accumu-
lation at each step and affects overall recognition accuracy. This paper analyzes
the necessity of designing end-to-end networks for text segment recognition. For
cases where characters are adhered to each other or text images have complex
backgrounds, traditional character segmentation methods have high error rates,
and adopting holistic end-to-end recognition can better solve this difficult seg-
mentation problem. This paper analyzes the principles, advantages, and disad-
vantages of current two end-to-end methods (CTC and attention) and designs
an integrated network for end-to-end text segment recognition. Experimental
results on multiple datasets demonstrate that by sharing the encoding layer
and integrating different decoding layers, the network can improve the overall
accuracy of text segment recognition. This paper also conducts visualization
analysis of the network’ s working mechanism for recognizing text segment im-
ages, providing intuitive understanding of the network decoding process.
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