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Abstract Text detection and recognition is a hot topic in
computer vision, which is considered to be the further
development of the traditional optical character recogni-
tion (OCR) technology. With the rapid development of
machine vision system and the wide application of deep
learning algorithms, text recognition has achieved excel-
lent performance. In contrast, detecting text block from
complex natural scenes is still a challenging task. At
present, many advanced natural scene text detection
algorithms have been proposed, but most of them run
slow due to the complexity of the detection pipeline and
cannot be applied to industrial scenes. In this paper, we
proposed a CCD based machine vision system for real-
time text detection in invoice images. In this system, we
applied optimizations from several aspects including the
optical system, the hardware architecture, and the deep
learning algorithm to improve the speed performance of
the machine vision system. The experimental data
confirms that the optimization methods can significantly
improve the running speed of the machine vision system
and make it meeting the real-time text detection require-
ments in industrial scenarios.

Keywords machine vision, text detection, optical char-
acter recognition (OCR), deep learning

1 Introduction

Optical character recognition (OCR) is a classic computer
vision problem, it aims to convert document images with
various types, such as handwriting, electronics, and
printing, into machine-encoded text content. OCR is
widely used in various industries and fields including
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life, industry and military. A typical CCD based machine
vision system for real-time text detection and recognition is
shown in Fig. 1.

Early OCR methods could only handle relatively simple
application scenarios, such as printed electronic docu-
ments. In these application scenarios, the images contain-
ing text typically have higher image quality, lower noise,
simpler image background, and less geometric distortion,
so it is easier to extract and recognize individual characters
from the images. With the rapid development of computer
vision technology, especially the progress of deep learning
technology, text recognition algorithms, especially single
character recognition algorithms, have achieved quite good
performance and meet the application requirements in
different scenarios [1]. On the contrary, with the increasing
popularity of practical vision systems and smart phones,
text detection in natural scenes becomes a new research
hotspot in recent years, though it is much more difficult
because of the underlying uncertainty and variations in
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Fig. 1 A typical CCD based machine vision system for real-time
text detection and recognition
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natural image [2]. An example of natural scene text
detection is shown in Fig. 2.

Natural scene text detection algorithms, which have
been widely studied by researchers in recent years, are
mainly divided into two categories, classical methods and
modern methods. The classical methods implement text
detection and segmentation by use of low-level image
features such as color, texture, stroke, connectivity, and
spectrum of the image region. Those features are usually
extracted by handcrafted operators that are not robust
enough to general scenarios. The key operators involved in
the classical methods include MSER [3,4], SWT [5] and so
on. In contrast, the modern methods directly identify the
candidate image regions and determine whether they are
text regions by classification confidence. Benefit from deep
learning techniques, the modern methods surpass the
classical methods with regard to robustness and general-
ization capability [6].

The modern methods typically include three steps:
candidate text region generation, text region identification,
and non-maximum suppression. Candidate text region
generation aims to find image regions that may contain
text; text region identification intends to determine whether
the image region is a text block (typically a confidence
score is provided); and non-maximum suppression elim-
inates those image regions with higher overlay but lower
confidence score.

Since text detection seems to be a special case of object
detection, researchers tried to apply the general object
detection algorithms such as faster-RCNN [7], SSD [8],
YOLO [9] directly to the text detection task. However,
these object detection algorithms perform poorly on text
detection. This is because text detection tasks are quite
different from general object detection tasks:

1) Compared to general object, text bock usually has
great variation on region width and aspect ratio;

2) Text block is directional, and the bounding box used
for object annotation in general object detection is not
sufficient to describe the location of text block;

3) Some patterns in natural scene images are quite
similar to character appearance and they need to be
distinguished by use of image global context;

4) Characters with special art fonts are difficult to
recognize because they may appear as hollow, outlined or
textured pattern.
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Fig. 2 Natural scene text detection: find and locate the text blocks

In response to the above problems, deep learning-based
text detection algorithms have emerged in recent years.
They improve and optimize the general object detection
algorithms from feature extraction, region proposal net-
work (RPN), multi-task joint training, loss function
improvement, non-maximum value suppression (NMS),
semi-supervised learning and other aspects. As a result, the
text detection accuracy in natural scene images are
improved significantly. For example, connectionist text
proposal network (CTPN) [10] improves the text detection
accuracy by exploring and exploiting the contextual
characteristics of text characters through the bidirectional
long short-term memory (BiLSTM). RRPN [11] uses the
bounding box along with the rotation angle as the text
block annotation and training data, thereby obtaining the
ability to detect the rotational text block. DMPNet [12]
uses quads (non-rectangular) as text block annotation
because it is more closely surround the text content.
SegLink [13] cuts words into smaller blocks that are easier
to detect, and then concatenates adjacent blocks into text
line. TextBoxes [14,15] has the ability to detect thinner text
lines by introducing rectangular convolution kernels.
FTSN [16] uses mask-NMS instead of the traditional
NMS algorithm to filter candidate bounding boxes.
WordSup [17] uses a semi-supervised learning strategy
to train character-level text detection models with word-
level annotated data.

Among these text detection algorithms, CTPN [10] has
been proved to be a very effective text detection algorithm
in complex natural scenes. CTPN is based on the faster R-
CNN object detection algorithm and incorporates LSTM
network. CTPN achieves quite good generalization cap-
ability and overall performance through pre-training on the
ImageNet [18] data set and retraining on the ICDAR 2013
[19] data set.

Although CTPN has achieved good detection perfor-
mance, due to its complex network structure and high
computational cost, it is difficult to implement real-time
text detection in many resource-constrained industrial
applications, such as industrial computers without GPUs.
In this paper, through the principle analysis of CTPN
algorithm, we improved the algorithm by hyper-parameter
optimization, network model optimization and hardware
acceleration, and realize a real-time text detection model.
Finally, we verified the effect of the optimization methods
proposed in this paper through experiments.

2 Theory and method
2.1 Principle of CTPN

CTPN is a natural scene text detection algorithm. It is one
of the best text detection algorithms at present. The CTPN
algorithm mainly includes four stages. The first stage uses
the popular VGG16 [20] as the backbone network to
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extract the features of the candidate image regions, and the
second stage uses the BILSTM network to extract the
context features. The third stage performs text recognition
and bounding box regression through a fully connected
network, and the fourth stage performs non-maximum
suppression and merges adjacent text blocks into text lines.

Since the goal of CTPN is text detection in complex
natural scenes, in order to improve detection robustness, a
relatively complex network model and detection flow are
employed, this results in low detection speed under CPU
hardware conditions. Therefore, when applying the algo-
rithm to invoice text detection, it is necessary to balance
between the detection accuracy and the detection speed of
the algorithm.

2.2 Hyper-parameter optimization

CTPN is a text detection algorithm based on faster R-CNN,
which contains dozens of hyperparameters. Some of them
only affect the training process of the model, while others
affect the speed and accuracy of the inference stage. To
obtain the best detection performance, these hyperpara-
meters need to be carefully tuned according to the
application scenario. In the application scenario of invoice
recognition, the configuration of the hyper-parameter is
quite different due to the distinction between invoice
images and general images.

Compared with general images, invoice images have
some advantageous aspects:

1) The invoice images are usually obtained in a
constrained environment (relatively stable illumination
and scale), and the image quality is relatively high;

2) Due to the regular shape of the invoice objects, the
geometric distortions can be easily corrected by image
preprocessing. Therefore, the image orientation and image
size are not changed much;

3) The font and color of the text in the invoice images are
very limited, and the font type can be enumerated.

These advantageous aspects allow us to increase the
detection speed without decreasing the detection perfor-
mance through proper hyperparameter adjustment. On the
other hand, the disadvantage of the invoice recognition
application scenario is that the text content is usually
overlapped by background patterns or the stamp patterns.
Fortunately, we can cope with the trouble by preprocessing
based on prior knowledge.

From the above analysis, we elaborately tuned the
hyperparameters including “detection mode (horizontal or
vertical),” “whether to use multi-resolution feature map,”
“image resolution range,” “anchor generation parameter,”
“NMS threshold parameter,” and “effective bounding box
size.” For example, by the detecting mode parameter, the
CTPN can be set to detect only horizontal text lines or also
detect vertical text columns. One also can choose whether
to allow CTPN to use multiresolution feature maps to
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improve the detection accuracy for text blocks with
different scales. In addition, there are some trivial
parameters provided for tuning the performance of
CTPN. These parameters affect both running speed and
detection accuracy. We have found that the image
resolution and the number of anchors have a great impact
on the performance of the algorithm. During model
training, we maximize the reasoning speed of the model
through cross-validate, while ensuring the required
accuracy. As a result, the running speed of the text
detection algorithm was significantly improved without
reducing the detection accuracy. Related test results are
shown in Section 3.2.

2.3 Network model optimization

Deep neural networks have achieved great success in many
areas of computer vision. As the performance of the
network model continues to increase, the complexity of the
model is also increasing. To make these neural network
models run on resource-constrained systems, such as
industrial computers, mobile devices, etc., researchers
have proposed many methods to accelerate the model.
There are some advanced model acceleration technologies,
such as MobileNet [21], ShuffleNet [22], SqueezeNet [23]
and so on. Note that some of these models only compress
the model size and do not help for model acceleration.

MobileNet is based on a streamlined architecture that
uses depth-wise separable convolutions to achieve speed
improvement. ShuffleNet uses pointwise group convolu-
tion and channel shuffle to greatly reduce computation cost
while maintaining accuracy. SqueezeNet is mainly used for
model compression, which reduces the size of the model
weight parameters. Other model acceleration techniques,
such as quantification and pruning, rely on the underlying
implementation of the neural network framework.

We replace the original backbone network in the CTPN
algorithm with an accelerated network model. For
example, we replace the VGG16 network with MobileNet,
and then re-training and re-evaluating the detection
algorithm. In this way, we have achieved a certain speed
performance improvement. See Section 3.2 for the relevant
test results.

2.4 Hardware acceleration

In resource-constrained industrial scenarios, the computer
running a text detection algorithm may not have a GPU
graphics card configured, that means all the computations
have to run on the CPU. To improve the computing
capability of the CPU, manufacturers developed single
instruction, multiple data (SIMD) technology. SIMD is a
class of parallel computers in Flynn’s taxonomy. It
describes computers with multiple processing elements
that perform the same operation on multiple data points
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simultaneously. SIMD is particularly applicable to com-
mon tasks such as image processing and neural network.
Most modern CPU designs include SIMD instructions to
improve the performance of multimedia use. By default,
deep learning development frameworks, including Tensor-
flow, do not support SIMD acceleration for CPUs in order
to maintain good compatibility. We implemented SIMD
acceleration by using CPU hardware that supports SIMD
and recompiled the source code of Tensorflow to achieve
faster text detection algorithms. Of course, if the target
computer contains a GPU device, the powerful parallel
computing power of the GPU can be utilized to greatly
increase the speed of the text detection algorithm. See
Section 3.2 for the relevant test results.

2.5 Optical system improvement

Typically, CCD image sensors are used as image
acquisition devices for machine vision systems. To get
richer visual information, the color CCD camera is
preferred by most applications.

However, in our system, by combining a monochrome
CCD and a color filter in the optical path (as shown in Fig.
1), the system cost can be reduced and the speed
performance of the system can be greatly improved. In
case of invoice recognition, the images often contain
random background patterns and stamp patterns that
impact the performance of text detection and recognition.
Since these patterns usually have a specific color, they can
generally be removed by color component analysis in
image preprocessing stage. However, the preprocessing
module requires extra running time, and the three-channel
image also requires more time for neural network
inference. By simply inserting a custom color filter in the
optical path, the system cost is reduced and simultaneously
the neural network inference speed is almost 3 times
increased because of the use of the single-channel image.

3 Experiments
3.1 Evaluation of the CTPN algorithm

We evaluated the detection performance of the CTPN
algorithm under various natural scene images. From the
test results, we find that CTPN not only has good detection
performance for various general scene images, but also
works very well on detecting text lines in the invoice
images. Better performance can be achieved by combining
prior knowledge of the application scenario with appro-
priate preprocessing algorithms. Figure 3 shows the
detection results on two invoice images.

It can be seen from the test results that the CTPN
algorithm can correctly detect all text lines, including some
ambiguous text areas. Furthermore, the localization

accuracy of the text blocks is also satisfactory. The
detection results stored in form of text bounding box can be
directly fed to the text recognition module for character
segmentation and recognition.

To improve the robustness under natural scene images,
the CTPN algorithm uses a complex network model and a
multistage detection pipeline, this leads to a huge
computation cost. We tested the time consumption of the
CTPN algorithm in various hardware environments. The
test results are shown in Fig. 4.

It can be seen that in the mainstream CPU environment,
the time consumption of the CTPN algorithm is about 8 s
per image. With SIMD acceleration technology, the time
consumption can be shortened to 4 s. In the GPU
environment, the time consumption further decreases to
about 0.1 s to 0.4 s per image.

The detection pipeline of the CTPN algorithm consists
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Fig. 3 Detection results of the CTPN algorithm on two invoice images
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Fig. 4 Time consumption of the CTPN algorithm in various
hardware environments



422

of 4 stages, namely CNN, LSTM, proposal, and detection.
Each stage consumes quite different computing resources.
To analyze and optimize the time consumption of each part
of the CTPN algorithm, we tested the running time of each
stage, and the test results are shown in Table 1.

Note that only the speed performance of the first stage
CNN can be improved through model compression and
optimization. The proposal stage consists of some trivial
operations such as proposal anchor generation and text
block merging. These operations are hard to be optimized
by parallel computing such as SIMD and GPU, so we did
not optimize it directly. In fact, the proposal stage is
optimized indirectly by hyperparameter optimization since
it is impacted significantly by some of the hyperparameters
such as number of anchors and thresholds for block
merging.

3.2 Evaluation of system acceleration

The data in Fig. 4 has proved that SIMD and GPU are of
great benefit to algorithm acceleration. To evaluate the
impact of the network model on the speed performance of
the algorithm, we tested four network architectures,
VGG16, InceptionV3, ResNet50 and MobileNet. The
test results on CPU and GPU are shown in Figs. 5(a) and
5(b), respectively.

It can be found that MobileNet has a great effect on
decreasing the time consumption during the training phase,
while the speed improvement is negligible for the inference
phase. The reason is that a small batch size of input images
is not beneficial to take advantage of MobileNet. More-
over, the evidence of performance improvement presented
in the original paper of MobileNet is based on the metric of
floating point operations per second (FLOPS), and the
actual running speed of the model depends on many
factors. So the actual speed improvement in practice is very
limited.

In our experiment, we used some optimization search
schemes, such as grid search, gradient descent, genetic
search, and so on, to find an acceptable hyperparameter set.

Based on the testing of the proposed optimization
methods: hyperparameter optimization, network model
optimization, hardware acceleration and optical system
improvement, the results are summarized in Table 2.

Table 1 Time consumption of each stage of the CTPN algorithm

stage time
CNN 345
LSTM +0.2s
proposal +1.4s
detection +0.3s
total 53s
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Fig. 5 Time consumption of the CTPN algorithm with various
network architectures. (a) Test results on CPU (Intel i7); (b) test
results on GPU (NVidia GTX1080)

Table 2 Contribution of various optimization methods to algorithm-

acceleration

method speed improvement  accuracy degradation
hyp'er;.)ara.meter 10% yes
optimization

SIMD acceleration 50% no

GPU acceleration 2000% no

qetwork model optimiza- R0% yes

tion

optical system improve- 250% no

ment

4 Conclusion

Text detection and recognition is a classic computer vision
problem. With the development of deep learning technol-
ogy, text recognition has made great progress. On the
contrary, text detection is more challenging especially for
complex natural scenes. In this paper, we analyzed the
performance bottleneck of the CTPN algorithm, and
proposed a series of optimization and acceleration
methods. The experimental data shows that the proposed
methods significantly improves the speed of the text
detection algorithm, making the text detection algorithm
suitable for real-time industrial scenarios with limited
computation resources. Although the analysis and experi-
ments are performed on CPTN, some of these optimization
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strategies, such as the use of a speed-optimized network
model as the backbone network architecture, are generic
and suitable for other text detection models including
EAST, Seglink, TextBoxes, and so on. Future works
include achieving cloud deployment of the model to enable
real-time text detection in industrial scenarios where
computation resources are limited while a high network
bandwidth is available.
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