End-To-End Text Detection Using Deep Learning

Ahmed S. Ibrahim

Dissertation submitted to the Faculty of the
Virginia Polytechnic Institute and State University

in partial fulfillment of the requirements for the degree of

Doctor of Philosophy
in

Computer Engineering

Lynn Abbott, Chair
Jia-Bin Huang
Daniel Stilwell

Bert Huang

Mohamed Hussein

November 27, 2017

Blacksburg, Virginia

Keywords: Text Detection, Deep Learning
Copyright 2017, Ahmed S. Ibrahim



End-To-End Text Detection Using Deep Learning
Ahmed S. Ibrahim
(ABSTRACT)

Text detection in the wild is the problem of locating text in images of everyday scenes. It is a
challenging problem due to the complexity of everyday scenes. This problem possesses a great
importance for many trending applications, such as self-driving cars. Previous research in
text detection has been dominated by multi-stage sequential approaches which suffer from
many limitations including error propagation from one stage to the next. Another line
of work is the use of deep learning techniques. Some of the deep methods used for text
detection are box detection models and fully convolutional models. Box detection models
suffer from the nature of the annotations, which may be too coarse to provide detailed
supervision. Fully convolutional models learn to generate pixel-wise maps that represent
the location of text instances in the input image. These models suffer from the inability to
create accurate word level annotations without heavy post processing. To overcome these
aforementioned problems we propose a novel end-to-end system based on a mix of novel
deep learning techniques. The proposed system consists of an attention model, based on
a new deep architecture proposed in this dissertation, followed by a deep network based
on Faster-RCNN. The attention model produces a high-resolution map that indicates likely
locations of text instances. A novel aspect of the system is an early fusion step that merges
the attention map directly with the input image prior to word-box prediction. This approach
suppresses but does not eliminate contextual information from consideration. Progressively
larger models were trained in 3 separate phases. The resulting system has demonstrated
an ability to detect text under difficult conditions related to illumination, resolution, and
legibility. The system has exceeded the state of the art on the ICDAR 2013 and COCO-Text

benchmarks with F-measure values of 0.875 and 0.533, respectively.
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Text detection and recognition in the wild is the problem of locating and reading text in
images of everyday scenes. Text detection refers to finding the bounding boxes that describe
the location of text areas in an input image, while text recognition describes the problem
of generating a transcript out of the detected text areas. Recognition can be viewed as
simply Optical Character Recognition (OCR). OCR is an old problem where the developed
models are considered mature. Text detection and recognition are challenging problems due
to the complexity of everyday scenes, compared to the simpler problem of recognizing text
in scanned documents. This problem possesses a great importance to many trending appli-
cations that need to locate and read text in the wild, such as self-driving cars. Researchers
tend to focus on the text detection problem only due to the maturity of research related
to text recognition. Previous research in text detection has been dominated by multi-stage
sequential approaches. Those methods suffer from many limitations including, but not lim-
ited to, error propagation from the earlier stages to the later stages of the pipeline. Another
line of work is the use of deep learning techniques. Deep learning is the state of the art in
machine learning. It has demonstrated great success in many domains, including computer
vision. Some of the deep methods used for text detection are box detection models and fully
convolutional models. Box detection models learn to generate bounding box coordinates for
text instances that exist in the input image. Box detection models suffer from the nature
of the annotations, which may be too coarse to provide detailed supervision. Fully convolu-
tional models learn to generate pixel-wise maps that represent the location of text instances
in the input image. These models suffer from the inability to create accurate word level
annotations without heavy post processing. To overcome these aforementioned problems we
propose a novel end-to-end system based on a mix of novel deep learning techniques. The
proposed system consists of an attention model followed by a network based on Faster-RCNN
that has been conditioned to generate word-box predictions. The attention model produces

a high-resolution map that indicates likely locations of text instances. A novel aspect of
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the system is an early fusion step that merges the attention map directly with the input
image prior to word-box prediction. This approach suppresses but does not eliminate con-
textual information from consideration, and avoids the common problem of discarding small
text regions. To facilitate training of the end-to-end system, progressively larger models were
trained in 3 separate phases. The resulting system has demonstrated an ability to detect text
under difficult conditions related to illumination, resolution, and legibility. The system has
exceeded the state of the art on the well-known ICDAR 2013 and COCO-Text benchmarks.
For the former case, the system has produced results with an F-measure value of 0.875.
For the more challenging COCO-Text dataset, the system has shown a dramatic increase in
performance with an F-measure value to 0.533, as compared to previously reported values
in the range of 0.33 to 0.37. In order to build a powerful system, we introduced a novel deep
learning architecture that achieved impressive performance on standard benchmarks. This
architecture has been used as a backbone for the proposed attention model. A description
of the proposed end-to-end system, as well as the implementation steps, will be detailed in

the following sections.
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Chapter 1

Introduction

1.1 Text Detection

The ability to detect and recognize text in images of everyday scenes will become increas-
ingly important for such applications as robotics and assisted driving. Most previous work
involving text has focused on problems related to document analysis, or on optical charac-
ter recognition (OCR) for text that has already been localized within images (e.g., reading
automobile license plates). Unfortunately, text that appears in an unstructured setting can
be difficult to locate and process automatically. A high-level diagram of a standard text

detection system is shown in figure 1.1.

Text Detection System

STORAGE & DISTRIBUTION
COLCHESTER 794447

Figure 1.1: A high-level diagram of a standard text detection system. The system takes a
standard RGB image and generates bounding boxes that represent the location of the text
inside the image.

In spite of recent significant advances in the automated analysis of text, everyday scenes

continue to pose many challenges [76]. For example, consider an image sequence taken

1



2 CHAPTER 1. INTRODUCTION

from an automobile as it moves along a city street. Text may be visible in such places
as traffic signs, billboards, storefronts, and pedestrians’ clothing to provide place names,
advertisements, and traffic signs. Text will be visible in a rich diversity of sizes, colors, fonts,
and orientations. Furthermore, single lines of text may vary in scale due to perspective
foreshortening. Unlike most documents, the background may be very complex. Finally,
other interference factors such as noise, motion blur, defocus blur, low resolution, nonuniform

illumination, and partial occlusion may complicate the analysis.

1.2 Text Detection Pipeline

Text detection is, traditionally, divided into a pipeline of 3 stages as shown in Figure 1.2.
The first stage, text localization, generates region proposals, which are typically rectangular
sub-images that are likely to contain text. It is expected, however, that this stage will
generate a relatively high number of false positives [68]. The next stage, text verification,
analyzes each region proposal further in an attempt to remove false positives. The third stage,
word /character segmentation, attempts to locate individual words or characters within the
surviving region proposals. The output from the text detection pipeline should be sent after
that to a recognition module. Text recognition is where OCR-type techniques are applied in

an effort to recognize the extracted words and characters from the detection pipeline.

Text Text Word/Char
Localization Verification Segmentation

Y

Figure 1.2: The traditional text detection pipeline. The 1st stage identifies candidate text
locations in an image, and the 2nd stage removes false positives. The 3rd stage attempts to
extract individual words or characters.

The nature of the text detection pipeline leads to accumulation of errors from one stage to
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the next. For example, a region skipped during region proposal generation will result in some
words that never reach the word segmentation stage. An end-to-end detection system would
overcome this problem by generating word bounding boxes from the input image directly.
Another limitation of the current traditional pipeline is the lack of any mechanism for using
context cues. The early stages try to detect text area and remove all non-text areas from
the input image. But those non-text areas include important contextual information that
may help in recognizing hard to detect text instances such as occluded text.

- -—n - 1 .

Attention Model | Fusion —>{ Prediction Model
?

End-to-End System

Figure 1.3: A high level diagram of the proposed end-to-end text detection system.

Figure 1.3 contains a sample image from ICDAR 2013 [28], one of the standard text detection
benchmarks, along with the bounding boxes generated by the proposed end-to-end system.
This image contains some very hard to detect text instances such as the car license plate.
It would be the desired behavior of text detection system to use context information in the
image to recognize such difficult text instances. The traditional pipeline would propose and
crop areas in the its first stage removing important context information. The low-resolution
illegible truck license plate marked with the green box in figure 1.1 will not pass the text
verification stage. Looking at the image as a whole indicates that this area contains important
textual information such as the location of this area with the respect to the truck indicating
that it’s a license plate. This kind of context information gets discarded in the first stage
of the current traditional pipeline. Another line of work is the use of box detection models,
such as Faster-RCNN [50], and fully convolutional models, such as the Fully Convolutional
Networks for semantic segmentation [41]. Box detection models suffer from the bounding-box

annotations, which may be too coarse to provide detailed supervision. Fully convolutional
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models suffer from the inability to create accurate word level annotations with a single model.

A high-level diagram of the proposed end-to-end text detection system is shown in figure 1.3.
The proposed end-to-end system demonstrated superior performance by detecting extremely
hard to detection text instances due to conditions related to lighting, occlusion and legibility.
These instances, as will be shown later, would be hard to detect for models that implement
a traditional pipeline. Another set of hard to detect text instances are instances of low
resolution or illegible text such as the license plate shown in figure 1.1. The implemented
system could detect such instances while state-of-the-art models failed to detect them as will

be shown later.

1.3 Evaluation Datasets

Many datasets have been created to help with the evaluation of text detection and recognition
algorithms. A comprehensive discussion of those datasets can be found in section 2.1.1. For
a long time, datasets contained images with mostly legible text instances located near the
center of the image. Recently, some of the datasets started to include hard to detect text
instances such as small size and occluded text. Those hard to detect text instances introduce
a better resemblance of the challenges of text detection and recognition in everyday scenes.
COCO-Text, one of the recent datasets that will be discussed in section 2.1.1, introduced
some instances with illegible text such as the one in figure 1.4. Although the image is of
acceptable resolution, the text instance is not legible. Such text instances that would exist
in realistic situations may only be recognized by having cues from the context around the

text area.

The introduction of an end-to-end system with the ability to learn context information

should yield a better performance of text detection. The proposed end-to-end deep network
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Figure 1.4: A sample from COCO-Text. The highlighted text instance can only be detected
if the system can look at the whole image and collect context information such as the location
of this area with respect to the truck.
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is inspired by the recent advances in object detection models. Most of the state of the art
deep learning based object detection models would take an image as an input and generate
bounding boxes that represent the locations of the various objects inside this image. The
proposed system would take an image as an input and generate bounding boxes that represent
the collection of all the text instances that occur in this image. Because text is hard to
detect, we introduced a novel architecture that fuses text attentional information into the

input images to enable better end-to-end text detection.

1.4 Deep Learning

Deep learning is a machine-learning technique that has become increasingly popular in com-
puter vision research. The main difference between classical machine learning (ML) and deep
learning is the way that features are extracted. For classical ML techniques such as sup-
port vector machines (SVM) [8], feature extraction is performed in advance using techniques
crafted by the researchers. Then the training procedure develops weights or rules that map
any given feature vector to an output class label. In contrast, the usual deep-learning proce-
dure is to apply signal values as inputs directly to the ML network, without any preliminary
efforts at feature extraction. The network takes the input signal (pixel values, in our case),
and assigns a class label based on those signal values directly. Because the deep-learning
approach must implicitly derive its own features, it requires many more training samples

than traditional ML systems.

Several deep-learning packages are available for researchers. The package that we have used
to implement various parts of the proposed system is TensorFlow [3], which became very
popular recently. TensorFlow is flexible and powerful machine learning package created by

Google.
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Another package we used to build parts of the system is Keras [7] which is a widely used
high-level deep learning package that runs on top of multiple lower-level packages including
TensorFlow. Keras is easy to use, flexible and can make use of the powerful features offered

by TensorFlow.

1.5 Contributions and Outline

In this dissertation, we have developed new deep learning techniques and architectures that
have been applied to the problem of text detection in natural scene images. The contributions

included

e Creating a large publicly available dataset for training and evaluating text classifiers.
This dataset has been used to build a powerful text classifier. This classifier enabled

building an essential part of the proposed system in an efficient way:.

e Introducing two novel deep learning architectures, input fast-forwarding (FFNet) and
nested auxiliary branches (AuxNet). FFNet, trained using the massive dataset we cre-
ated, was the backbone of a powerful, lightweight model that boosted the performance
of the proposed end-to-end text detection system. We also spawned this lightweight
architecture into a more advanced one, AuxNet, which has addressed the well-known
and persistent problem of vanishing gradients in ultra-deep models. We built a 4096-
layer network, the deepest network to the best of our knowledge, based on this novel

architecture.

e Creating a novel text attention model that generates high-resolution heat maps indi-
cating the possible locations of text instances in the input image. This novel attention

model has been integrated into the proposed end-to-end text detection system in order
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to boost its performance.

e Introducing a novel early fusion technique that modulates the input images with heat
maps created by the text attention model. This novel early fusion enabled the detection

of very hard to detect text instances.

e Building and training the end-to-end system using a novel multi-phase learning trans-
fer. This end-to-end system introduced a new state of the art performance on ICDAR
2013, one of the widely used text detection benchmarks. A dramatic increase over to
the state of the art on COCO-Text, the most challenging text detection benchmark,

has also been achieved by the proposed end-to-end system.

The next chapter of this document will give a brief background about topics related to
the proposed system including text detection evaluation datasets in section 2.1.1. Then, a
discussion of the state-of-the-art text detection models in section 2.1.3. A brief background
about deep learning techniques related to the proposed model will be given in 2.2. The
research and exploration studies that led to building the proposed end-to-end system will
be discussed in the following chapters including the introduction of the multi-phase learning
transfer in chapter 3, the introduction of the text attention model in chapter 4, the creation
of COCO-Text-Patch in chapter 5, the discussion of FFNet and AuxNet, the the two novel
architectural designs, in chapters 6 and chapter 7, respectively. Chapter 8 will introduce the
proposed end-to-end system. Chapter 9 will give details about the implementation and the

evaluation experiments. Finally, chapter 10 will conclude this dissertation.



Chapter 2

Background

2.1 Text Detection

In this section, details of the most widely used text detection datasets will be given. Also,

in this section, the top state-of-the-art text detection models will be analyzed.

2.1.1 Evaluation Datasets

Many datasets have been created to help with various tasks related to text analysis. Example
tasks include text detection, numerical digit recognition, character recognition, and word-
level text recognition. This section describes several popular datasets that have been used

in text detection research.

Images in text-detection datasets can be grouped into two main categories. The first is
focused scene text, where text is a major emphasis of the image, and most of the text instances
are near the center of the image. This category includes the majority of the datasets listed
below. The second category is incidental text, where text is not the emphasis of the image.
This category is much harder to analyze because text can be anywhere in the image, and

sometimes in a very small portion of the image.
One of the best-known datasets is MNIST [32], which was released in 1998. The dataset

9
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Figure 2.1: Random samples from the MNIST dataset.

contains samples of the handwritten digits 0 to 9 in monochromatic images of size 32 x 32
pixels. MNIST contains 60,000 samples in a training set and another 10,000 images in a
test set. MNIST is widely used in tutorials because of its simplicity and small size. Some

random samples from MNIST are shown in figure 2.1.

The ICDAR 2003 dataset [42] was released as a part of an automated reading competition
organized by the International Conference on Document Analysis and Recognition (ICDAR).
This dataset contains 258 annotated images to be used for training, and 251 annotated images
to be used for validation. The images are in color, showing everyday scenes. Annotations
are provided, using rectangular bounding boxes to indicate instances of text. This dataset

was used for competitions in 2003 and 2005.

The ICDAR 2013 dataset [28] was created with an emphasis on finding text in natural scene
images. ICDAR 2013 is the most widely used dataset for evaluating text detection systems.
The dataset contains 229 images for training and 233 images for testing. This dataset was
used for automated reading competitions in 2011 and 2013. Sample images from this dataset

are shown in figure 2.2.

The ICDAR 2015 robust reading competition introduced the first dataset devoted to inci-
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Figure 2.2: Samples from ICDAR’13. From left to right: An input image, the same image
with the text areas highlighted, and the ground truth text file.

dental text [29]. This dataset contains 1000 color images for training and 500 images for

testing. The competition also provided datasets for born-digital text and text in video.

The MSRA-RD500 dataset [66] was introduced by Yao et al. in 2012. An emphasis of this
work was the detection of text at arbitrary orientations in natural images. The dataset
contains 500 everyday indoor and outdoor images with English and Chinese text instances.
Unlike previous datasets, MSRA-RD500 provides bounding boxes that have been rotated
to accommodate instances of rotated text. Some samples from the dataset with rotated
bounding boxes are shown in figure 2.3. In other datasets, rotated text instances are simply
annotated using larger rectangular boxes that are aligned with the image boundaries. Re-
searchers who consider horizontal text only, or who depend on Latin language characteristics,

tend to avoid this dataset.

The largest publicly available non-synthetic dataset to date that supports text detection is
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Figure 2.3: Random samples from the MSRA-RD500 with the text areas highlighted.

1) 'sweet potato’,
legible
handwritten
English

2) '2.20'
legible
handwritten
English

3) '1.50'
legible
handwritten
English

Figure 2.4: A sample from the COCO-Text dataset with the associated annotations. Image
source: https://vision.cornell.edu/se3/coco-text /.
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Table 2.1: Counts of text instances in COCO-Text.

13

Legible Illegible
Machine-printed | Handwritten | Other | Machine-printed | Handwritten | Other
Training 66479 3687 1528 35968 1905 9103
Validation 30750 1469 753 16722 911 4311
Total 97229 5156 2281 52690 2816 20111

COCO-Text [61]. It was released early in 2016 and was derived from a larger dataset known
as COCO (Common Objects in Context) [38]. COCO was developed to support many
computer-vision tasks, including image recognition, segmentation, and captioning. COCO
contains more than 300,000 images with multiple objects per image. COCO includes more
than 2 million instances of 80 object categories. COCO-Text provides bounding rectangles
along with a collection of labels for the text instances that appear in COCO images. A
sample from COCO-Text with annotations is shown figure 2.4. As shown in the figure, OCR
would fail in reading such challenging text instances. COCO-Text contains a total of 63,686
images, with 43,686 training images and 20,000 validation images. In addition to localization
information, COCO-Text identifies text instances as machine-printed or handwritten, and
legible or illegible. Count of text instances per type is shown in table 2.1. Transcriptions
are provided for the legible instances of text. A limitation of COCO-Text is that it does not

provide character level labeling, which could be used to extract text sub-images.

Another dataset that was used in the training of the proposed system is SynthText in the
Wild [16], which is a dataset of 800,000 training images generated using a synthetic text
image generation engine. This engine overlays synthetic text to existing background images
in a natural way. It first creates a 3D model of the background image, then, it lays the text
instances over the 3D objects. Each image has about ten word instances. SynthText in the
Wild provides character level plus word level bounding rectangles along with a collection of

labels for the text instances. Samples from SynthText with annotations are shown figure
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Figure 2.5: Samples from the SynthText dataset with the associated annotations. Figure
from [16]

Table 2.2: Most widely used text detection datasets.

Dataset Year No. of images
MNIST 198 70K
ICDARI11,13 2011,13 0.5K
MSRA-RD500 2012 0.5K
ICDARI15 2015 1.5K
COCO-Text 2016 63K
SynthText 2016 800K

2.5.

Table 2.2 lists the most widely used text detection datasets ordered by the year in which
they have been introduced to the research community. The tables show how the size of
datasets is getting bigger over the years. The COCO-Text dataset was a massive jump in
2016, not only in size but also in the complexity of the text instances. While the SynthText
dataset is the biggest dataset of all, COCO-Text remains the most significant dataset for

being non-synthetic.
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Figure 2.6: From left to right: A text instance along with its ground truth and prediction
bounding boxes shown in solid green and dotted blue, respectively, the area of overlap
between the ground truth and the prediction boxes, and the area of union between the
ground truth and the prediction boxes are shown in black.

2.1.2 Evaluation Metrics

The most widely used metrics to evaluate the performance of text detection systems are
Precision, Recall, and F-measure. These metrics can be used to evaluate any general object
detection system. In this section, a description of those metrics and how they are used to
evaluate text detection systems will be given. Before discussing the metrics, we will give a
definition of few related terms. Intersection over Union (IoU) is a measure of the overlap
between a predicted bounding box and the corresponding ground truth bounding box. As
shown in figure 2.6, a text instance along with its ground truth and prediction bounding
boxes are shown in solid green and dotted green, respectively. The intersection over union is
defined as the ratio between the area of overlap between the ground truth and the prediction
boxes, and the area of union between the ground truth and the prediction boxes. A correct
prediction, known as a true positive, is a prediction where the value of the IoU ratio is 0.5
or more. A value less than 0.5 indicates that the prediction is so far from the ground truth
that it is counted as incorrect detection, known as a false positive. A false negative is a
missed instance in which a ground truth bounding box is not associated with any prediction
bounding box. Those values, True Positive (TP), False Positive (FP), and False Negative
(FN), are used to calculate the Precision, Recall, and F-measure as shown in (2.1), (2.2),

(2.3).
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TP

Precision = TP FP Precision € R : 0 < Precision < 1 (2.1)
Recall = e Recall e R: 0 < Recall < 1 (2.2)
ecall = —FN eca : 0 < Recall < )

Precision - Recall
F-measure = 2 - rec‘zs‘zon cea ., F-measure € R: 0 < F-measure <1 (2.3)
Precision + Recall

Most of the datasets provide evaluation scripts or evaluation web servers that can be used
to calculate the Precision, Recall, and F-measure values for the test set. Those scripts are
open source scripts that follow the same standard procedures of calculating the performance
metrics. It is the decision of the dataset creators to set the level of granularity of the anno-
tations. Most of the text detection dataset annotations are set around words. The standard
evaluation procedure, described above, would penalize individual character predictions. Al-
though using these metrics encourages creating “word” detection systems, the common name

used for such a system in the literature is “text” detection.

2.1.3 State-of-The-Art Models

A variety of techniques and models have been used for text detection. This section will focus
only on the most recent promising models that resulted in state-of-the-art results on the
standard benchmarks. The reviewed models will be clustered into multi-stage models and

end to end models. A summary of the surveyed models can be found in table 2.3.

Tian et al. [59] proposed the Text Flow detection system. This system consists of two steps
including character candidate detection handled by cascade boosting and text line extraction
solved by a min-cost flow network. To handle the typical error accumulation problem, a flow
network model is designed to integrate the three sequential steps into a single process which

is solved by a min-cost flow technique. This model could achieve an F-measure value of 0.80
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on the ICDAR 2013 dataset.

In [26], Jaderberg et al. combine two detection techniques the Edge Boxes region proposal
algorithm [77], and a weak aggregate channel features detector [12]. The authors followed
the mainstream in text detection by generating a large number of proposals to achieve a high
recall percentage. Then, they used a random forest text/non-text classifier to reduce the
number of false positives. For the text recognition, the authors used a Convolutional Neural
Network (CNN) with five convolutional layers followed by three fully connected layers. The
CNN takes an input text region of size 32 x 100, and recognize the text in it. This text region
is cropped from the original image, then passed the verification step that uses a random
forest classifier. This model follows the traditional multistage text detection and recognition
pipeline which suffers from errors accumulation and blocking all contextual information.
Using these techniques, the authors could achieve an F-measure of only 0.76 on the ICDAR

2013 dataset.

He et al. [19] developed a novel technique called Contrast Enhancement Maximally Stable
Extremal Regions (CE-MSERs), which extends the well-known MSERs technique by enhanc-
ing intensity contrast between text patterns and background. The authors used CE-MSERs
to generate text region proposals with high recall ratio. Then, a novel Text-Attentional
Convolutional Neural Network (Text-CNN) has been used as a text classifier to remove
false positives. He et al. developed a new learning mechanism to train the Text-CNN with
multi-level supervised information. The proposed system in this dissertation uses similar
techniques to enhance the training process. Figure 2.7 shows the structure of the Text-CNN
with the multi-level supervision denoted by A\; and As. The authors discussed how training
of the auxiliary tasks enhanced the model performance. This model generated good results

on the ICDAR 2013 dataset, with an F-measure of 0.82.

In [74], Zhang et al. trained a Fully Convolutional Network (FCN) model to predict the



18 CHAPTER 2. BACKGROUND

Back Propagation .
Loss function

4
32x32 T T
A | | ;
24x24x32 o090 s S | | |
o'
> - ||
Der.o“"v;l _| :
Pool:3x3
Conv1:9x9 Conv2:7x7 Stride:3 Conv3: 5x5 =
H=0=a% wv\- -
- b
32x32x3 24x24x32 18x18x96 6x6x96 2x2x128 1x1x1024 1x1x1024

Figure 2.7: Structure of the Text-Attentional Convolutional Neural Network (Text-CNN).
Figure from [19].

location of text regions in an input image. Then, another FCN is used to predict the
centroid of each character, in order to remove the false proposals. Using FCN enabled this
model to detect oriented text instances. This model could achieve an F-score of 0.83 on the

ICDAR 2013 benchmark and an F-score of 0.54 on the more challenging ICDAR 2015.

Gupta, Vedaldi, and Zisserman [16] were the first to merge the early two stages of the
text detection and recognition pipeline. They proposed a deep network called the Fully-
Convolutional Regression Network (FCRN). FCRN efficiently performs text detection, and
bounding-box regression at all locations and multiple scales in the input image. The proposed
network out performed other methods for text detection , achieving an F-measure of 0.842

on the ICDAR 2013 dataset.

The TextBoxes [36] model is a fast end-to-end model. Their proposed model adds an extra
nine layers over the well-known VGG [55] network. Those extra layers are connected to the
output layer where bounding boxes are created. The high speed of this model came with
an expected side effect of lower accuracy. TextBoxes reported an F-measure of 0.85 on the
ICDAR 2013 standard benchmark, and no result has been reported on the more challenging
COCO-Text benchmark.
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Table 2.3: A summary of the surveyed models.

Model Published in F-measure*
Edge Boxes, Random Forests [26] [JCV 2016 0.76
Text Flow [59) CVPR 2015 0.80
CE-MSERs, Text-CNN [19] IEEE TIP 2016 0.82
Two Fully Convolutional Network (FCN) [74] CVPR 2016 0.83
Fully-Convolutional Regression Network (FCRN) [16] | CVPR 2016 0.84
TextBoxes [36] AAAT 2017 0.85
Single-Shot Text Detection [18] ICCV 2017 0.87

*On the ICDAR’13 dataset

He et al. [18] proposed a text attention model as an auxiliary loss that is discarded during
inference, built upon complex Inception convolutional features. The Inception module im-
plemented in this model consists of four parallel paths. Those paths contain 1 x 1, 3 x 3 and
5 x 5 convolutional layers in addition to a 3 x 3 max-pooling layer. This Inception module
is inspired by the GoogleNet architecture [57]. The attention model encodes text-specific
information using text masks. Second, the authors developed a complex hierarchical Incep-
tion module which aggregates multi-scale inception features. An Inception architecture with
dilated convolutions, borrowed from the work of [70], is applied to each convolutional layer,
enabling the model to capture multi-scale image content. This model, named Single-Shot
Text Detection, is the current state of the art on the ICDAR 2013 dataset with F-measure of
0.87. The proposed end-to-end system uses attention information as well, but in a different
way that proved to be simpler and more efficient. The single shot text detection model has
a complicated architecture as shown in figure 2.8 which illustrates the training phase of this
model. During the inference phase, the single shot text detection model will not use text
masks. The model will pass the input image through the text attention module to create
a 64 x 64 attention map. This attention map is fused into three different Inception feature

maps using pixel-wise dot product.
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Figure 2.8: The complex architecture of the single-shot text detection model with the multi-

layer Inception modules. This figure represent the training phase of the model. Figure from
[18].

2.2 Deep Learning

Until recently, most of the machine learning techniques used shallow structures such as
Gaussian mixture models (GMMs) [78], hidden Markov models (HMMs)[13], support vector
machines (SVMs)|[8], logistic regression, kernel regression, and multi-layer perceptron (MLP)
[52]. Those shallow machine learning techniques depend heavily on the quality of extracting
engineered features from the input signal. Recently, class of machine learning techniques,
called deep learning, attracted a huge interest in many domains such as computer vision.
Deep learning can be defined as a class of machine learning techniques, where many layers
of information processing stages in hierarchical architectures are exploited for unsupervised
feature learning, and for pattern analysis [11]. The main difference between deep learning
techniques, and shallow structures techniques is the ability of deep learning architecture
to learn powerful hierarchical representations of the data. A simple workflow comparison

between the traditional machine learning and the deep learning techniques is shown in figure
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Figure 2.9: Work flow comparison between the traditional machine learning and the deep
learning techniques.

2.9

Plenty of deep learning architectures have been introduced recently, such as Convolutional
Neural Network (CNN), Recurrent Neural Network (RNN), Fully Convolutional Network
(FCN), and many other architectures. In this section, a brief background will be given

about the architectures that will be used in building the proposed model.

2.2.1 Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) consists typically of several convolutional layers
followed by a small amount of fully connected layers. Figure 2.10 is a block diagram for
one of the well known CNNs named LeNet [33]. A single convolutional layer can be viewed
as a stack of learnable filters that slide over the input image to generate a set of stacked

activation maps as shown in figure 2.11.

Looking back at figure 2.10, the first set of feature maps C1 is a stack of six 28 x 28 activation
maps generated by convolving a stack of six 5 x 5 filters. A single activation map of size
28 x 28 is generated by convolving a 5 x 5 filter over a 32 x 32 x 3 input image with stride
1, and with no input padding. There are 28 x 28 unique positions for a 5 x 5 filter in a

32 x 32 input, so the convolution produces a 28 x 28 activation map, where each element is
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Figure 2.10: Structure of LeNet created by Lecun et al. [33].
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Figure 2.11: Structure of a convolutional layer. A stack of filters will create a stack of
activation maps.

the result of a dot product between the filter and the input. The filters are typically small

spatially compared to the input image. In the case of LeNet, the input was 32 x 32 x 3,

and the filter size is 5 x 5. The filters always span the full depth of the input array which is

3 in the case of a colored image. A convolutional layer does not contain just one but a set

of different filters, each applied in the same way, and independently, resulting in their own

activation maps. The activation maps are finally stacked together along depth to produce

the output of the layer (e.g., 28 x 28 x 6 array in this case).
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Figure 2.12: The basic architecture of the fully convolutional network for semantic segmenta-
tion. Figure from [41]. From left to right: The input image, the model and the segmentation
ground truth (g.t.)

2.2.2 Fully Convolutional Networks (FCN)

The basic idea behind a fully convolutional network (FCN) is that all of its layers are
convolutional layers. FCNs do not have any of the fully-connected layers at the end, which
are typically used for classification. Although FCNs can be used to learn any task, it has
been widely used a semantic segmentation model. An FCN has been used in one of the
very well-known semantic segmentation models [41]. As shown in figure 2.12; this semantic
segmentation model uses convolutional-only layers to perform pixel-wise classification of the
input image. Fully convolutional based text detection models, such as the FCRN model
[16] introduced in section 2.1.3, suffer from the rough output generated by the model which
requires heavy post-processing. The proposed system makes use of such rough activation
maps of a lightweight FCN network as an extra aid. The proposed system generates word
box predictions without the need for any post-processing other than simple non-maximum

suppression.



Chapter 3

Multi-Phase Learning Transfer

In this chapter, an exploration study on how multi-phase learning transfer can enhance the
performance of deep models. A novel multi-phase learning transfer technique is used to
develop the proposed end-to-end system, as will be shown later in chapter 8. He et al.
[19] demonstrated that providing multi-level highly-supervised text information to a deep
network during training would yield better performance. In section 2.1.3, we discussed how
He et al. used auxiliary tasks to train their text classifier. As shown in figure 2.7, the
Text-CNN model has been trained for character recognition and semantic segmentation just

to help the main task of text classification.

To assess the impact of learning transfer techniques on the performance of models learning
text-related tasks, a small-scale experiment was designed. In this experiment, a model is
implemented to identify the handwritten digits in the MNIST dataset [32]. The training is
divided into two phases as shown in figure 3.1. In the first phase, ten networks are trained.
Each of those networks is trained to recognize only one of the ten digit classes. In the second
phase, the trained ten networks are combined into one big network, then an extra Fully
Connected (FC) layer is added. During the second phase training, all the network weights
are frozen except for the newly added FC layer which is trained to recognize one of the ten

digits.

To build this model, a LeNet [33] network has been used as a base model for the single

digit networks. To use LeNet for single digit recognition, the last FC layer output had to be

24
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Figure 3.1: To the left: Phase 1, train each network on a single digit. To the right: Phase
2, freeze all the weights of the combined networks, then train only the newly added Fully
Connected (FC) layer. The dotted lines with an X mark on them are connections that would
exist in a traditional network architecture but do not exist in this implemented network.

modified from ten classes to two classes. The positive class used to train each single digit
network is the set of all images for that digit in the training set. The negative class is the set
of all images in the training set except for the image of the digit that represents the positive
class for this network. Each single digit network has been trained for 10K iterations. Then
the combined network has been trained for another 10K iterations. The model achieved an
accuracy of 99.9% on the MNIST test set. This accuracy exceeds the state-of-the-art results

on the MNIST dataset as shown in table 3.2.

Note that to build a traditional network of similar size to the combined network, one would
simply create a network that is ten times larger than the single digit network. As shown in
table 3.1, The traditional network will be ten times bigger due to the fact that the first FC
has to connect to all convolutional filters in the layer before it. The connection structure of

the proposed model is smaller than the traditional one due to the fact that the first FC layer
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Table 3.1: The output shape and weights size for each layer of the proposed network com-

pared to a traditional network of the same size.

Traditional network

Proposed network

Layer Shape Weights Shape Weights

Input 28 x 28 0 28 x 28 0

Convl | 200 x 24 x 24 5 x5 x200=5K 10 x 20 x 24 x 24 5 x5 x10x20=5K
Pooll | 200 x 12 x 12 0 10 x 20 x 12 x 12 0

Conv2 | 500 x 8 x8 |5 x5x500=125K | 10x50x8x 8 5x5Hx10x50=125K
Pool2 | 500 x 4 x 4 0 10 x 50 x 4 x 4 0

FC1 5000 5000 x 8000 = 40M 10 x 500 10 x (500 x 800) = 400K
FC2 20 20 x 5000 = 100K 10 x 2 10 x (2 x 500) = 10K
FC3 10 10 x 20 = 200 10 x (2 x 10) = 200
Total 40117.7K 427.TK

Table 3.2: Comparison with existing models on MNIST.

Model No. of Param. | Error
RCNN-96 [35] 670K 0.31%
Maxout [15] 420K 0.45%
Proposed 427 7K 0.1%

is constructed from smaller FC layers of single digit networks as shown in figure 3.1. The

figure shows dotted lines with an X mark on them that represent the connections that would

exist in a traditional network architecture but do not exist in this implemented network.

This multi-phase method, where a bigger task is divided into smaller tasks, demonstrated a

better performance compared to state-of-the-art models on the MNIST benchmark. A novel

multi-phase training technique is used in the proposed end-to-end text detection system.




Chapter 4

Text Attention Maps

In this chapter, the details of implementing the text attention map model will be given.
Class Activation Maps (CAM) is a related technique that has been researched during the

early stages of building the proposed system. CAM will be discussed in this section as well.

4.1 Class Activation Maps (CAM)

Zhou et al. [75] proposed a method termed Class Activation Mapping (CAM). A CAM is heat
map that represents the possible location of objects in the input image. In a Convolutional
Neural Network (CNN), a CAM can be generated by mapping the categorical knowledge
learned by the final layer back to the convolutional layers. This class activation map high-
lights the informative objects and parts detected by the CNN. As such, the CAM method
enables the classification-trained CNN to perform object localization directly, in a single for-
ward path, without training on bounding box annotations. Zhou et al. demonstrated that
their weakly supervised CNN methods could achieve reasonably good localization perfor-
mance, even coming close to some fully supervised CNN methods on the test set of multiple
benchmarks. Furthermore, they show that they can use the CAM to find generic visual fea-
tures useful for both object classification and localization tasks, across various recognition
datasets. With the help of CAM technique, the CNN could classify the image into some

class and localize the discriminative class-specific image regions in a single forward pass as
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Figure 4.1: Class Activation Mapping [75]: the predicted class score is mapped back to
the previous convolutional layer to generate the class activation maps (CAMs). The CAM
highlights the class-specific discriminative regions.

shown in figure 4.1. We acquired a similar technique and adapted it to the problem of text

detection.

The original model implemented in [75] used several networks built to work on the Ima-
geNet [53] benchmark. The results showed that GoogLeNet-GAP (based on the well known
GoogLeNet [57]) achieved the best performance. The output layer of this network was set
to 1000 classes to be suitable for the ImageNet benchmark. To adapt this network to text
detection, the output layer of the network was set to 2 classes , text and non-text, instead
of the original 1000 classes of ImageNet. We call the adapted network, shown in figure 4.2,
GoogLeNet-GAP-TXT to distinguish it from the original one in [75].

A dataset is needed to train this model as a text/non-text classifier which will be used to
generate the class activate mapping for the “text” class. There is no standard dataset with
text/non-text samples that can be used to train such a classifier. To cover this gap, we

created a dataset with text samples from COCO-Text, and non-text samples from COCO.
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Figure 4.2: GoogLeNet-GAP-TXT: Class Activation Mapping (CAM) after being adapted
to text detection with a sample input from the SVT dataset.

Table 4.1: Count of instances in the dataset created to train GooglLeNet-GAP-TXT.

Set Text Non-Text Total
Training 15k 7K 22K
Validation 11K 8K 19K

The count of instances used to create this dataset is shown in table 4.1.

Later, we addressed the lack of a standard dataset for training text classifiers by creating a
publicly available text/non-text dataset derived from COCO-Text [61] named COCO-Text-

Patch [23]. Extensive discussion of this dataset will be given later in chapter 5.

This model has been trained using the described dataset for 750 thousand iterations with
batch size 32 which is equivalent to nearly 1000 epochs. The resulting class activation
mappings of the “text” class from this trained model were not promising. A sample test
image with the associated class activation mapping is shown in figure 4.3. It is clear in figure
4.3 that the focus is on the bus body while the actual text is located on the front of the

bus. This behavior can be explained by the fact that a text instance usually exists in a
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Figure 4.3: A sample image from COCO-Text with the associated class activation mapping
generated from GooglLeNet-GAP-TXT.

context which is usually a larger object near or enclosing the text instance. Many examples
can be given such as a text instance inside a stop sign, a text instance on top of a store
main entrance, or a text instance on a bus as shown in figure 4.3. This behavior gave rise
to the need of giving additional supervision to the network. As will be discussed in the next
section, this additional supervision can be in the form of a labeling grid that would give a

hint to the network about the actual location of the text instance.

4.2 Labeling Grid

The network of GoogLeNet-GAP-TXT has been trained using text/non-text labels as de-
tailed in the previous section. This architecture demonstrated the failure to detect the
location of text instances in an input image. In this section, we will describe how adding
more supervision about the location of the text will enhance the localization performance of
the network. The main idea is to replace the text/non-text labels with a vector of decimal

values that represents the location of the text instances in the input image. To explain how
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Figure 4.4: An illustration of an imaginary grid imposed on an image that contains a text
instance marked with a red square. The gird in this illustration is of size 10 x 10 which will
result in a label vector of size 100. Cells which are totally enclosed inside the text area get
a value of 1 while cells that are totally outside the text area get a value of 0. Cells that
intersect with the text area get a decimal value depending on the area of intersection.

this vector created, assume that there is a square grid imposed over the image associated
with this vector. This grid will be of size C' x C' where C' is the width of this grid in cells as
shown in figure 4.4. A decimal value between 0 and 1 will be assigned to each cell according
to criteria that will be explained shortly. For any input image, its label vector of size C? is

simply the flattened version of this grid of decimal values.

The formula used to calculated the value of each cell is

TN Ci’j

[2¥}

(4.1)

where L; ; is the value of the label vector corresponding to the cell C;; where ¢,5 € 1,2,..,C

are the location indexes, C' is the width of the grid in cells, and T is the set of pixels that
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Figure 4.5: From left to right: A sample image from COCO-Text, the CAM generated from
GoogLeNet-GAP-TXT without a labeling grid, the CAM generated from GoogLeNet-GAP-
TXT with a 10 x 10 labeling grid, the CAM generated from GooglLeNet-GAP-TXT with a
6 x 6 labeling grid.

represent the text area.

The width of the grid C' remains a hyper parameter that needs to be optimized. Three
experiments have been conducted to investigate the effect of the parameter C' on the model
performance. The three experiments are for grid sizes 10x 10, 8x 8, and 6 x6. The experiment
for C' = 8 generated class activation maps that are very similar to the ones generated with
C = 10. Results from the original model without a labeling grid, with labeling grid of
size 10 x 10, and of size 6 x 6 are shown in figure 4.5. The results show how the labeling
grid enhanced the performance of the model substantially. The original model without the
labeling grid activated over a microwave while the modified model activated over the actual

text areas in the image.

The results in figure 4.5 also show how the choice of the parameter C' value affects the
behavior of the model. The network activated over wider areas of the image in the case of
C = 10 compared to the tight activation in case of C' = 6. The choice of this parameter
value is directly related to the localization recall and precision. A higher value for C' will
result in a higher recall, but lower precision. While lowering the value of C' would enhance

the precision, but will reduce the recall which would result in missing some text instances
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Figure 4.6: From left to right: A sample from SVT, the Class Activation Map (CAM)
generated with a labeling grid of size 6 x 6, and the detected text instance after applying a
threshold on the CAM. This grid resolution enhanced the precision compared to a grid size
of 10, but resulted in missing one text instance.

as shown in figure 4.6. A solution to this problem will be discussed in the next section.

4.3 Dual-Stage CAM

The first stage of the traditional text detection and recognition pipeline is the region proposal
stage. Usually, the hyperparameters of the algorithms used in this stage are set such that
it generates a high recall. Then, the second stage, which is the text verification, filters
out false positives to increase the precision of the model. More details about this pipeline
had been discussed in section 1.2. Inspired by this traditional technique, we split the Class
Activation Map (CAM) generation into two stages. In this model, the input image is fed to
a GoogLeNet-GAP-TXT with labeling grid of size 10 x 10 to generate a CAM with a high
recall. This CAM will be used to crop out the area in the input image that corresponds to
high activation as shown in figure 4.7. This cropped area will be fed into the second stage

which is an identical replica of the first stage. Experiments have demonstrated that the
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second stage will generate CAM with better precision as shown in figure 4.8.

This research about CAMs can be extended further to enhance the general object detection
model proposed in [75]. But the results on the text detection problem gave rise to the
need for a different attention technique for two reasons. Firstly, the class activation map
generation process is complex and will be hard to integrate into a bigger end-to-end system.
Secondly, there was no easy way to reduce the size of such a huge model. Using such a big
network in the proposed end-to-end system will introduce a performance bottleneck. In the
next section, a novel, powerful and light-weight attention model, that became part of the

proposed end-to-end system, will be discussed.

4.4 Text Attention Maps

The attention model, an essential part of the proposed text detect system, produces high-
resolution attention maps, often represented as “heat maps,” that indicate salient parts of
an input image. Attention maps are similar to CAMs except for how they are generated.
CAMs are generated using a complex process, explained in the previous sections, while
attention maps are generated as the direct output from a semantic segmentation network
which can be integrated easily into end-to-end systems. The use of attention maps has been
shown to enhance performance in various tasks such as image captioning [64], visual question
answering [65], weakly-supervised object localization [48], and classification [44]. Such maps
have been used in various ways to provide visual guidance to deep models. Of particular
interest here, attention maps have been used successfully in state-of-the-art text detection

models [18].

The system presented here uses attention maps in a novel arrangement that is both simpler

and more effective than those used in previous text-detection systems. The fusion step
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Figure 4.7: Multistage Class Activation Mapping: A sample image from COCO-Text is fed
into the network. The class activation map generated from the first stage is used to crop out
the candidate text area. Then, the class activation map generated from feeding the cropped
image to the second stage.



36 CHAPTER 4. TEXT ATTENTION MAPS

Figure 4.8: From left to right: A sample image from COCO-Text, the class activation map
generated from the first stage, and the class activation map generated from the second stage.

produces a modified version of the image, called Attention Modulated Image (AMI), through
direct pixel-by-pixel multiplication of the input image with its associated attention map. As
indicated in figure 4.9, The resulting AMI highlights likely text positions while attenuating
the background, and it serves as the direct input to the prediction model. Details about
the proposed system will be given in chapter 8. To our knowledge, the system presented
here is the first text-detection system to provide high-resolution maps directly as input to a

prediction model.

There are two important benefits to this “early fusion” approach in contrast to the late
fusion used in in the state-of-the-art text detection model[18]. First, the prediction model
is guided to focus its early feature extraction layers on text-only regions. This emphasis
enables such layers to learn features that are more relevant to text, and eventually leads to
better detection of difficult text instances. Second, the usage of a full-resolution attention
map, in contrast to the down-sampled attention maps used in [18], enables fine-grain text
feature learning. It is important to note that early fusion of the attention map does not cause
contextual information to be abandoned. In fact, visual context is indeed fully utilized in

generating the attention maps themselves. We believe that such decoupling between context
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consideration and fine-grain textual feature learning plays an important role in the success
of our end-to-end system. Furthermore, the approach has allowed us to stage the learning
process by focusing on one task at a time, hence training a powerful model in less time than

otherwise required.

The training of the text attention model can be divided into two phases as shown in figure
4.9. The first phase is training the text classifier. We created a 12-layers model based
on the FFNet architecture [24] that has been proven to achieve good performance using
small models. The details of the FFNet architecture will be discussed in the next chapter.
We modified the FFNet architecture by removing the fully connected layers and one of the
convolutional layers. Removing the fully connected layers was necessary to create a fully
convolutional network in order to serve our model. The classifier has been trained for 70
epochs and achieved an error rate of 10.4% on the validation set of COCO-Text-Patch. The
architectural modification did not result in much loss of accuracy compared to the original

FFNet model which achieved a slightly better error rate, 9%.

The second phase of the training used the SynthText in the wild dataset to train a semantic
segmentation fully convolutional network. The dataset provides bounding boxes annotations
which are not suitable for training a semantic segmentation model. We created text masks
corresponding to the provided bounding boxes. These text masks will serve as the targets for
the semantic segmentation network. Training a semantic segmentation network initialized
with random weights will require creating a bigger network, which is not desirable, and
requires much more data than what is available. Initializing, then training, this network
with the weights of convolutional layers that have been pre-trained on Imagenet resulted in
falling in a local minimum. We could identify that easily from the behavior of the network
after the loss curve plateau. The model generates the same output for any supplied input.

This is a known behavior for semantic segmentation networks that fail to learn. On the
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Figure 4.9: The proposed text attention map model with the learning transfer illustrated.

other hand, when initializing, then training, the network with the weights of convolutional
layers that have been pre-trained on COCO-Text-Patch. The network could learn the task
and create output maps that are relevant to the location of the text instances inside the

supplied input images.
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COCO-Text-Patch

5.1 Introduction

This chapter describes how we created a dataset containing small images of text from ev-
eryday scenes. This work was published in [23]. purpose of the dataset is to support the
development of a powerful text classifier network to be used in the text attention map model
that is discussed in chapter 4. This new dataset, known as COCO-Text-Patch, contains
approximately 354,000 small images that are each labeled as “text” or “non-text”. This
dataset also addresses the problem of text verification, which is an essential stage in the
traditional multi-stage text detection pipeline. The primary role of the text-verification
stage is to analyze tentative text regions from the text-localization stage and remove false

positives [68].

As shown in the examples of Figure 5.1, each small image in COCO-Text-Patch is of size
32 x 32 pixels, which is very well suited for many deep-learning implementations. In order
to evaluate the utility of this dataset, it has been used to train two deep convolution neural
networks to distinguish text from non-text. One network is inspired by the GoogLeNet
architecture, and the second one is based on CaffeNet. Accuracy levels of 90.2% and 90.9%
were obtained using the two networks, respectively. All of the images, source code, and

deep-learning trained models described in this chapter are publicly available *.

https://aicentral.github.io/coco-text-patch/
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Figure 5.1: Left: A sample image from COCO-Text [61], with all text instances labeled as
“legible” shown below it. Right: Several small images that are provided in the new dataset
COCO-Text-Patch, which is introduced in this chapter. Each small patch shown at the right
is a 32 x 32 sample that contains text. The dataset also provides non-text (background)
patches, as needed for training.
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Figure 5.2: Sample text patches from COCO-Text-Patch. The text patches represent a wide
range of visual textures, colors, font types, and character orientations. In order to emphasize
textural cues over character shapes, no attempt was made to capture individual characters
or words.

A

5.2 Text and Non-text Patch Extraction

The procedure for extracting small text patches was relatively straightforward. For every
legible text box that has been indicated by COCO-Text, including both machine-printed and
handwritten cases, our system extracted non-overlapping sub-images of size 32 x 32 directly
from the original COCO images. The patch dimensions were chosen largely because this size
is convenient for some of the popular deep network architectures. Most of the deep network
architectures that are designed for small image datasets such as MNIST, CIFAR10, and
CIFARI100 expect input images to be of size 32 x 32. The other widely used image size used
in training deep networks is 256 x 256. This size is suitable for representing complex scenes
with multiple instances of objects, which is not the case for text patches. A few examples of

the resulting COCO-Text-Patch images are shown in Figure 5.2.

Similarly, small non-text patches were extracted from portions of COCO images that are
outside the text boxes indicated by COCO-Text. Text, by its nature, implies significant
variations in visual texture. It was therefore important for COCO-Text-Patch to provide
non-text examples that contain substantial levels of texture. For this reason, a texture-
based measure was employed during the balancing step, as described in the next section.

Python was used to implement all extraction and balancing algorithms.
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Table 5.1: Number of patches in the final COCO-Text-Patch dataset.

Text Non-text Total
Training 112044 130041 242085
Validation 52085 59977 112062
Total 164129 190018 354147

5.3 Dataset Balancing

Because text represents a relatively small proportion of image area within COCO-Text im-
ages, many more non-text patches than text patches were detected initially using the ex-
traction strategy described in the previous section. In fact, as indicated in Figure 5.3, the
number of patches extracted from legible machine-printed text represented less than 10% of
the patches that were initially extracted. When text patches were also extracted from legible

handwritten text, the proportion of text patches rose to about 22%.

In order to support ML approaches, particularly deep-learning, it was decided to provide
further balance to COCO-Text-Patch by removing some of the non-text cases. Random
sampling was considered briefly. However, the importance of texture led us to implement
a fast texture-based approach. In our implementation, this analysis was accomplished by
applying Prewitt [49] filters to a grayscale version of each non-text patch. The resulting
gradient magnitudes were binarized, to indicate the presence of intensity edges. If the number
of edge pixels exceeded an empirically selected threshold, then the patch was retained as a
non-text sample. This edge-count threshold was adjusted so that a split of approximately
50:50 for text:non-text was achieved. As shown in the figure, the actual final ratio in the
COCO-Text-Patch dataset was close to 46:54. Actual image quantities are shown in Table
5.1.



5.4. EVALUATION 43

= Text

Non-Text

53.7%

92.7% 77.7%

Figure 5.3: The ratio between text and non-text instances during development of COCO-
Text-Patch. Left: the initial proportion of legible machine-printed text patches to non-text
patches was approximately 7% to 93%. Center: increased proportion after inclusion of
legible handwritten text. Right: final well-balanced proportion, after texture-based filtering
of non-text patches.

5.4 Evaluation

The utility of the new COCO-Text-Patch dataset was evaluated using two convolutional
neural networks. Both CaffeNet [1] and GoogLeNet [57] were trained using Caffe [27], and
the resulting models will be made available to the research community. All training and

testing has been done on the Virginia Tech NewRiver HPC [2].

Both CaffeNet and GooglLeNet were created to be used with images of size 256 x256, and
each was designed to learn 1000 classes. We modified both network architectures to be able
to learn from the smaller size 32x32 images in COCO-Text-Patch as well as being able to
learn 2 classes instead of 1000. The modified CaffeNet and GooglLeNet will be referred to as
CaffeNet-TXT and GoogleNet-TXT, respectively.

A close examination of the layers of CaffeNet show that the network tries to perform dimen-
sion reduction in the early layers. This can be inferred from the parameters of the CONV1
and POOLL layers. The stride of CONV1 is set to 4, which was originally chosen to reduce
the input size by a factor of four from 256x256 to 64x64. Then the POOL1 layer with
stride 3 would cause more reduction. Those rapid reductions are not suitable for a input

size of 32x32, so those layers have been modified such that the CONV1 and POOL1 layers
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both have a stride of 1. Similar stride reduction has been performed on the GoogleNet

architecture as well.

The CaffeNet and GoogLeNet architectures can both be viewed simply as a set of convolu-
tional layers followed by a set of fully connected layers, which is then followed by a softmax
layer that will generate a one-hot class label output. Both networks are typically set to have
1000 outputs in the last fully connected layer, corresponding to 1000 classes. The last fully
connected layer of both networks has been modified to have 2 outputs corresponding to the

classes text and non-text.

5.5 Experiments and Results

We conducted 4 experiments using the COCO-Text-Patch dataset. Two experiments used
the CaffeNet-TXT architecture. The first experiment used a preliminary dataset that was
balanced using random sampling, and the second experiment used the final dataset that was
balanced using texture analysis. The other two experiments used GoogLeNet-TXT, with the

same two datasets.

The best average accuracy for the dataset that was balanced using random sampling was
90.1% (using GoogLeNet), while the best average accuracy for the dataset that was balanced

using texture analysis was 90.9% (using CaffeNet). The results are summarized in Table 5.2.

The lower accuracy that was obtained using random sampling may be due to the lower
proportion of non-text training samples having significant levels of texture. If a substantial
number of low-texture training samples are used, then the final system may be biased in
a way that favors low texture in order to receive the non-text label. This bias is reduced

somewhat for the case that texture-based selection was used for balancing. This massive
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Table 5.2: Evaluation results for the new COCO-Text-Patch dataset. Two methods of
balancing were performed: textural analysis (left) and random selection (right), with the
former yielding better accuracy values. Two architectures were considered: CaffeNet and
GooglLeNet. The lower part of the table contains a confusion matrix for each of the four
experiments.

Balancing Texture Analysis Random Sampling
Network CaffeNet GoogLeNet CaffeNet GoogLeNet
Accuracy 90.9% 90.2% 85.2% 90.1%

Text | Non-text | Text | Non-text | Text | Non-text | Text | Non-text
Text 0.868 0.057 0.838 0.042 0.856 0.054 0.729 0.022
Non-text 0.132 0.943 0.162 0.958 0.144 0.946 0.271 0.978

dataset has been used in training a powerful text classifier that became an integrated part

of the proposed end-to-end system.



Chapter 6

Input Fast Forwarding: FFNet

This chapter will present a new concept, called input fast-forwarding, which results in im-
proved performance for deep-learning systems. This was published in [24]. The approach
utilizes parallel data paths that provide two advantages over previous approaches. One
advantage is the explicit merging of higher-level representations of data with lower-level rep-
resentations. A second advantage is a substantial reduction to the effects of the vanishing

gradients problem. A modified version of this model will be used in the end-to-end system.

The main idea is to incorporate a parallel path that sends representations of input values
forward to deeper network layers. This scheme is substantially different from “deep super-

9

vision,” in which the loss layer is re-introduced to earlier layers. The parallel path provided
by fast-forwarding enhances the training process in two ways. First, it enables the indi-
vidual layers to combine higher-level information (from the standard processing path) with
lower-level information (from the fast-forward path). Second, this new architecture reduces
the problem of vanishing gradients substantially because the fast-forwarding path provides a
shorter route for gradient backpropagation. In order to evaluate the utility of the proposed
technique, a Fast-Forward Network (FFNet), with 20 convolutional layers along with paral-
lel fast-forward paths, has been created and tested. The chapter presents empirical results
that demonstrate improved learning capacity of FFNet due to fast-forwarding, as compared

to GoogLeNet (with deep supervision) and CaffeNet, which are 4x and 18x larger in size,

respectively. All of the source code and deep learning models described in this chapter will

46
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be made available to the entire research community®.

6.1 Introduction

Developments in deep learning have led to networks that have grown from 5 layers in LeNet
[33], introduced in 1998, to 152 layers in the latest version of ResNet [17]. One conse-
quence of deeper and deeper networks is the problem of vanishing gradients during training.
This problem occurs as error values, which depend on the computed gradient values, are
propagated backward through the network to update the weights at each layer. With each
additional layer, a smaller fraction of the error gradient is available to guide the adjustment
of network weights. As a result, the weights in early layers are updated very slowly; hence,

the performance of the entire training process is degraded.

Many models have been proposed to overcome the vanishing-gradient problem. One approach
is to provide alternative paths for signals to travel, as compared to traditional layer-to-layer
pathways. An example of this approach is the Deeply-Supervised Network (DSN) [34], where
a companion objective function is added to each hidden layer in the network, providing
gradient values directly to the hidden layers. DSN uses Support Vector Machines (SVM) [§]
in its companion objective function, which means that end-to-end training of the network
is not supported. Another example is relaxed deep supervision [40], where an improvement
over a holistic edge detection model [63] is made by providing relaxed versions of the target
edge map to the earlier layers of the network. This approach provides a version of the
gradient directly to the early layers. However, relaxed deep supervision is suitable only for
problems where relaxed versions of the labels can be created, such as for maps of intensity

edges. GoogLeNet [57] is another model that uses a mechanism to address the problem

thttps://github.com/aicentral /FFNet
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of vanishing gradients. The most similar model to FFNet is ResNet [17]. ResNet utilized
“shortcut connections” to help deeper layers learn a residual mapping of the input. The
main motivation for using the shortcut connection was the counterintuitive performance
degradation of deeper networks as compared to shallower ones. A deeper network that
performs at least as good as a given shallower one can be constructed simply by adding
identity layers to the shallower network. The effectiveness of using shortcut connections in

combating the performance degradation phenomenon was empirically demonstrated.

The novel approach that is proposed here provides parallel signal paths that carry simple
representations of the input to deeper layers through what we call a fast-forwarding branch.
This approach allows for a novel integration of “shallower information” with “deeper infor-
mation” by the network. During training the fast-forwarding branch provides an effective

means for back-propagating errors so that the vanishing-gradient problem is reduced.

To demonstrate the efficacy of the model, we created a 20 layer network with fast-forwarding
branches, which we call FFNet. To study the effect of the fast-forwarding concept, the
network layers are made of simple convolutional layers followed by fully connected layers
with no additional complexities. The results that we have obtained using the the relatively
small and simple FFNet model have been surprisingly good, especially when compared with

the performance of bigger and more complex models.

6.2 Proposed Model: FFNet

The new FFNet model consists of convolutional units that are organized into a sequence
of stages. Within each stage, as illustrated in figure 6.1, computations are performed in
2 parallel paths. The left branch in the figure represents a standard convolutional path,

whereas the right branch represents an extra parallel data path. It is this parallel, “fast-
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forwarding”, path that delivers the improved performance of the network.

The input to the stage, S1, arrives from the previous layer, and the output to the next
layer is shown as S2. The standard (deep) branch consists of three consecutive 3 x 3 x 64
convolutional layers. Each layer is followed by an in-place Rectified Linear Unit (ReLU).

The last layer of the deep branch is padded with zeros, for reasons that are described below.

Let the input S1 be of size N x N x C'. The value of C' is the number of channels, which
is typically 128 except for the first stage where C' = 3 to match the input data. Refer to a
stage’s deep convolutional layers as S2C'1, S2C2, and S2C3, as shown in the figure. The
deep branch’s output S2C3 can be represented as follows, where CONYV is the convolutional

operation, s is the stride, and p is the padding:

5203 == CONV3X3’3:17p:1 (CONV3X37S:1’;D:0(CONV3X3’s:1,p:0<Sl))) (61)

The size of S2C3 will be (N —2) x (N — 2).

The fast-forwarding branch consists of a single 5 x 5 x 64 convolutional layer followed by a
ReLU. This branch takes S1 as input, and generates the output B2C'1 that can be represented
as follows:

B2C1 = CONV 5541 p—0(S1) (6.2)

No padding is used for the fast-forwarding branch, so that the resulting output size is also
(N —2) x (N —2). This branch will provide a “shallower” representation of the input S1

to the next stage.

The outputs of the deep branch and of the fast-forwarding branch are concatenated to create
the single stage output S2. The size of S2 will be (N —2) x (N —2) x 128. Because the

last layer of the deep branch is padded with zeros, both branches provide data of the same
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size to the output. The major difference between ResNet [17] and FFNet is the residual
representation used by ResNet versus the merged high-level and low-level representations
of FFNet achieved by concatenating activations from the shallow branches and the deep
branches. It may seem that the concatenated features will be summed when passed through
the next convolutional layer, but this is a weighted summation where the weights are learned
by the model. This weighted summation comes in contrast to the non-weighted summation
used in ResNet. The weighted summation used in FFNet allows for an extra degree of

freedom compared to ResNet.

To evaluate the fast-forwarding concept, we built a Fast-Forwarding Network (FFNet) that
consists of 6 consecutive fast-forwarding stages followed by two fully connected layers plus
an output layer, as shown in figure 6.2. The 6 fast-forwarding stages consist of a total of 18
convolutional layers, each of size 3 x 3 x 64. The first layer of the two fully-connected layers

consists of 400 nodes, while the second layer consists of 100 nodes.

6.3 Evaluation

To evaluate the performance of the proposed model, a number of experiments were con-
ducted that compare FFNet to AlexNet, CaffeNet, and GooglLeNet. The publicly available
datasets CIFAR-10 [30] and COCO-Text-Patch [23] were used in the evaluation, as described
previously. FFNet was implemented using Caffe [27]. Standard 10-crop augmentation was
applied to the datasets. All the training and testing were performed on a GPU with batch
size 32. The training was stopped after 150,000 iterations as the validation accuracy and

loss started to plateau.

A summary of results is provided in table 6.1. Despite its relatively small size, the perfor-

mance of the proposed FFNet model exceeded the performance of CaffeNet and GoogleNet
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Figure 6.3: COCO-Text-Patch validation accuracy and loss for the proposed FFNet model
(red), CaffeNet (blue), and GoogLeNet (green).

in these experiments. The accuracy and validation loss graphs shown in figure 6.3 demon-
strate how the proposed model converges with the same speed as CaffeNet and Googl.eNet.
These trends provide evidence of the effectiveness of the fast-forwarding approach in fighting

the vanishing-gradient problem.

A modified version of this model will be used in the proposed end-to-end system as a part
of the text attention model. Being able to learn complex tasks with minimal number of

parameters enabled the creation of lightweight, yet, powerful text attention model.
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Table 6.1: Performance comparison of the FFNet model with several common alternatives.
Although FFNet is much smaller than the other models, its error rate was lower than the
others (with one exception), using publicly available test sets.

Model Error Rate (%)
Description Layers | Size (MB) | Time*(ms) | CIFAR-10 | CTP**
AlexNet with dropout [31] 8 181.3 - 15.6 -
AlexNet with stoch. pooling [71] 8 181.3 - 15.3 -
AlexNet with channel-out [62] 8 181.3 - 13.2 -
GoogLeNet [23] 22 41.2 9.4 - 9.9
AlexNet [31], CaffeNet [23] 8 181.3 5 18.0 9.1
FFNet (the proposed model) | 20 10.8 2.8 13.6 9.0

* Average forward path time per image on a K80 GPU

£ CTP: COCO-Text-Patch dataset [23]




Chapter 7

Nested Auxiliary Branches: AuxNet

This chapter introduces a new architectural framework, built on top of the FFNet archi-
tecture, that has been shown to enhance the performance of deep networks. The central
concept is to augment a pipeline of convolutional layers with a hierarchy of shallow, parallel
data paths. These auxiliary paths branch and merge at regular intervals, and they enhance
the training process in two primary ways. First, they enable the individual layers to com-
bine higher-level information (from the standard processing branch) with finer details (from
the auxiliary branches). Second, this new architecture substantially reduces the problem
of vanishing gradients, because the parallel paths provide shorter routes for gradient back-
propagation. Several experiments have been conducted to analyze improvements related to

vanishing gradients by adding auxiliary branches.

In order to evaluate the utility of this architectural innovation, four models (collectively
called AuxNet) have been created and tested. The first pair of networks contain 64 and 128
layers, with hierarchies of 3 and 4 nested auxiliary paths, respectively. The last two models
consist of 1024 and 4096 layers, with correspondingly larger hierarchies of auxiliary paths,
and they have been built to demonstrate the feasibility of training very deep networks using
the AuxNet concept. To our knowledge, this last model represents the deepest convolutional
network to date for which training has been performed effectively. In the empirical results
presented here, the AuxNet architecture has exceeded state-of-the-art performance on several

standard benchmarks (MNIST, CIFAR-10, and CIFAR-100). The section also compares and

o4
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contrasts the new AuxNet framework with other deep models, including Deep Residual

Networks (ResNet) and Densely Connected Networks (DenseNet).

7.1 Introduction

The number of layers in deep networks has increased dramatically in recent years. LeNet
[33], introduced in 1998, contained 5 layers, whereas ResNet [17] has grown to 1202 layers in
its latest version. It is well known, however, that training is not a straightforward task with
deeper models. This fact has led to many non-sequential designs that can be trained more
effectively than a standard architecture. A primary reason is the problem of vanishing error
gradients, which result from repeated application of the chain rule during the backpropaga-
tion procedure. Figure 7.1 provides a simple illustration of the problem using two networks
that are identical except for the number of layers. Although both networks achieved ap-
proximately the same level of performance in the end, the deeper network required many
more epochs of training for this particular task. More important than slower convergence,
it is possible that a deeper network may completely fail to learn a given task, as we show
later in the chapter. Not only a deeper network may exhibit a slower convergence than a
shallower one, as we show later in the chapter, a deeper network may completely fail to learn
a given task. This observation suggests the existence of a mazimum trainable depth for a
given network, beyond which the network may not learn at all, for a given training algorithm.
According to He et al. [17], deeper models are harder to train as shown in figure 7.1. In
this section, we will demonstrate how the vanishing gradient is the main problem in training

such deep networks. A novel architecture will be proposed to overcome this problem.

This section introduces an architectural framework, called AuxNet, that improves the per-

formance of deep convolutional networks. The fundamental idea is to incorporate additional
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Figure 7.1: Comparison of learning rates for two standard convolutional networks that are
identical except for the number of layers. Using the MNIST dataset [33] as a benchmark,
the deeper (28-layer) network required many more epochs of training to achieve the same
accuracy as the shallower (8-layer) network.
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(“auxiliary”) shallow paths in parallel with the standard processing pipeline. Each “auxil-
iary” path contains a single convolutional layer. These parallel paths branch and merge with
the standard pipeline at regular intervals, and they improve training performance in two
principal ways. First, the design allows coarse and fine details to be combined repeatedly
throughout the pipeline. Second, the problem of vanishing gradients is addressed through
the auxiliary paths, which provide shorter routes for backpropagation of error. In contrast
to other architectures in the literature, AuxNet guarantees that the shortest available path
for gradient backpropagation grows only logarithmically with the number of layers. This
allows for training extremely deep networks without making the shortest available path for
gradient backpropagation exceed the maximum trainable depth of the network, and hence

eliminating the vanishing gradient problem in such networks.

Figure 7.2 motivates the discussion further, as it compares two 32-layer networks during the
first 25 epochs of training. (The CIFAR-100 dataset [30] was used for this comparison.) The
AuxNet architecture, being introduced here, shows steady improvement in performance. A
standard network, on the other hand, does not improve during the same amount of training

time.

This chapter provides additional insights, both empirical and theoretical, into problems
associated with the training of very deep networks. Several researchers have emphasized
the importance of deeper networks. These include the work by the Visual Geometry Group
(VGG) [55], as well as top-down modulation as introduced in [54]. Another relevant model
is the Deeply-Supervised Network (DSN) [34], for which a companion objective function is
added to each hidden layer in the network, providing gradient values directly to the hidden
layers. DSN uses Support Vector Machines (SVM) [8] to provide those values, however.
This approach does not allow for end-to-end training of the network. Another example is

relaxed deep supervision [40], in which an improvement over a holistic edge detection model
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[63] is made by providing relaxed versions of the target edge map to the earlier layers of
the network. This approach provides a version of the gradient directly to the early layers.
However, relaxed deep supervision is suitable only for problems where relaxed versions of

the labels can be created, such as for maps of intensity edges.
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Figure 7.2: Comparison of learning rates for networks with and without the auxiliary par-
allel branches that are proposed here. Both networks are 32 layers in depth. The proposed
AuxNet architecture exhibited steady improvement in accuracy, whereas training was inef-
fective for the standard network.

The AuxNet design was inspired by the building blocks of the FFNet model that has been
discussed in chapter 6. A more detailed comparison between AuxNet and FFNet will be
given in section 7.3. The closest model to FFNet and to the proposed AuxNet architecture
is ResNet [17], in which “shortcut connections” are provided to skip one or more layers. The
shortcuts help deeper layers learn a residual mapping of the input. We propose a model
where nested branches of convolutional layers are used instead of the ResNet-style shortcuts.

This chapter will show that the proposed nested auxiliary shallow branches are more effective
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at combating the vanishing gradient problem. More details about ResNet stages will be given

in section 7.2.3.

7.2 Related Work

7.2.1 GoogleNet and DSN

One approach to reduce the effect of vanishing gradients is to incorporate additional classifiers
into the convolutional-network model. The purpose of these additional classifiers is to provide
gradient information directly to earlier network layers. A well-known example is GooglLeNet
[57], which was the winner of the ILSVRC 2014 competition [10] with a top-5 test error
rate of 6.6%. The network consists of 22 layers with a relatively complex design called
“inception.” The inception module, which is used to implement the stages of GoogLeNet,
consists of parallel paths of convolutional layers of different sizes concatenated together. The
number of filters in the convolutional layers inside the inception modules ranges from 16 to
384. In addition to using the inception design, GoogleNet uses three auxiliary classifiers
connected to the intermediate layers during training. These auxiliary classifiers are used to
combat the vanishing gradient problem. The auxiliary classifiers are smaller convolutional
networks attached to earlier layers of the main network. A similar technique has been used

by the Deeply Supervised Networks (DSN) [34], but, with SVM [8] as the auxiliary classifier.

7.2.2 Highway Networks

One of the early models that introduced the concept of skip connections is the Highway
Networks [56]. This model provided a means to train end-to-end networks deeper than 100

layers. Deep networks could be trained through the use of bypassing paths along with gating
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units. The authors claimed that the bypassing paths are the key factor that enabled the
training of these deep models. This model was inspired by the long short-term memory
(LSTM) architecture [14]. LSTM is a very successful recurrent neural model that uses a
similar gating technique to enhance the model performance. The Highway Networks model
uses a non-standard gating technique while the proposed model in this chapter uses only

standard convolutional layers to build very deep networks.

7.2.3 ResNet

The 152-layer version of ResNet [17] was the winner of ILSVRC 2015 competition [10].
ResNet utilized “shortcut connections” to help deeper layers learn a residual mapping of the
input. The main motivation for using the shortcut connection was the counterintuitive per-
formance degradation of deeper networks as compared to shallower ones. A deeper network
that performs at least as good as a given shallower one can be constructed simply by adding
identity layers to the shallower network. The effectiveness of using shortcut connections in
combating the performance degradation phenomenon was empirically demonstrated. Never-
theless, the argument behind using such connections did not provide an explanation to the
phenomenon. Shortcut connections in ResNet were primarily introduced to learn residual
functions, while batch normalization [25] was deployed to overcome the vanishing gradient
problem. In this chapter, we take the opposite stance. In particular, we empirically show
that the vanishing gradient problem may still occur even with batch normalization. More-
over, we show how the vanishing gradient problem can be effectively addressed by relying

only on auxiliary branch connections, without using batch normalization.
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7.2.4 Deep Networks with Stochastic Depth

This work [20] is simply an extra advanced regularization technique that can be used with
the ResNet [17] model. The main idea is to randomly drop all the convolutional layers of
one or more of the ResNet stages. When the convolutional layers of a ResNet stage are
dropped during training, the skip connection is kept to maintain the network connectivity.
They achieved impressive results on some of the standard benchmarks. The proposed model

achieved comparable performance without using such advanced regularization technique.

7.2.5 Densely Connected Convolutional Networks

The DenseNet model [21] is an extreme example of combining lower level and higher level
features. In a DenseNet block, each layer is connected to all the previous layers in the same
block. Although the experiments demonstrated excellent classification performance on stan-
dard benchmarks, the model does not actually provide a solution to the vanishing gradient
problem because it is mainly a set of stacked blocks. That was clear in their reported re-
sults with the deepest model having only 250 layers compared to 1024 and 4096 networks
built using the proposed architecture. We will demonstrate later that in a stacked blocks
models, the path available for the gradient backpropagation grows linearly with the number
of layers. We propose a new architecture in which the shortest available path for gradient
backpropagation grows only logarithmically with the number of layers in the network. An-
other issue with DenseNet is its size. Stacking features from all previous layers in the same
block resulted in a huge model size (nearly 25M parameters). The proposed architecture

obtained comparable results with networks that are less than half the size of DenseNet.
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7.2.6 Residual Networks of Residual Networks

The Residual Networks of Residual Networks model (RoR) [72] is a parallel work that was
not published till recently. Both AuxNet and RoR utilize an unusual hierarchy of nested
skip connections. However, the 2 architectures are based on very different hypotheses. For
AuxNet, the skip connections explicitly combine lower level and higher level representations
(concatenation of activation maps), whereas RoR learns residuals of residuals (summation of
activation maps). Our AuxNet model is based on the FFNet architecture [24], whereas RoR
is based on the ResNet model [17]. We provided deeper analysis of the reason that nested
skip connections help fight the vanishing gradient problem in very deep models. We provide
equations for the shortest available path for backpropagation. We provided experimental
proof that our AuxNet model can be used to fight the vanishing gradient problem in a very
deep network: 4096 layers, which to our knowledge is the deepest model that has been trained
and reported using standard datasets (CIFAR-10 and CIFAR-100). In contrast, the RoR
paper presents no models that are deeper than the original ResNet. Furthermore, it seems
strange that RoR best result on CIFAR-10 was for a wide, shallow model of 58 layers. The
vanishing gradient problem is not a major issue for such shallow models. The RoR paper
has therefore not demonstrated success for the vanishing gradient problem, as we have done
with AuxNet. Also, AuxNet exceeds the performance of RoR when considering the RoR
models trained using the same number of epochs used for training AuxNet. RoR achieved

higher performance only using extended lengthy training.

7.2.7 FFNet Versus ResNet

The Fast-Forwarding (FFNet) model [24], discussed in chapter 6, consists of convolutional

units that are organized into a sequence of stages. Within each stage, as illustrated in Figure
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6.1, computations are performed in two parallel paths. One of these paths is a standard chain
of multiple convolutional layers, whereas the other path is a single convolutional layer (the
“fast-forwarding branch”). The outputs of the deep branch and of the auxiliary shallow

branch are concatenated to create the single output of the stage.

Notice that a single ResNet stage can be formulated as H(x) := F(z) +x, where F(z) is the
combination of the convolutional layers. Similarly, a single stage of the FFNet model can be
represented as H(z) = Fp(x)||Fs(z), where Fp(z) is the combination of the convolutional
layers in the deep branch, Fs(z) is the convolutional layer in the auxiliary shallow branch,
and || is the concatenation operation. In both models, the gradient flowing from the output
to the early layers of the network would be less likely to vanish because of the skip-like
branches, which provide shorter paths for the backpropagation process. However, a major
difference between ResNet and FFNet is the residual representation used by ResNet versus
the merged high-level and low-level representations achieved by concatenating activations
from the shallow branches and the deep branches of FFNet. In this chapter, we will show
that the auxiliary shallow branches in FFNet are more effective (and indeed more general)
than the shortcut connections used in ResNet. The aspect of generality can be shown using
a constructive argument: by setting the weights of the auxiliary shallow branch to perform
identity mapping and setting the weights right after the concatenation layer to behave as if
the two concatenated segments are added first, we can convert an auxiliary shallow branch

into a shortcut connection. For this reason, we base our proposed model, AuxNet, on the

FFNet model.

Although in both ResNet and FFNet, the vanishing gradient problem is subdued by provid-
ing a shorter path for gradient backpropagation, the two models are not scalable for very
deep networks. As we demonstrate below for both models, the shortest path for gradient

backpropagation grows linearly with the network’s depth. In this chapter, we propose a new
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architecture in which the shortest available path for gradient backpropagation grows only

logarithmically with the network’s depth.

7.3 Proposed Model: AuxNet

The proposed AuxNet model consists of a nested hierarchy of FFNet modules. Each AuxNet
module consists of smaller AuxNet modules. The deepest level consists of FFNet modules,
as shown in Figure 7.4, which is constructed of two parallel branches. The deep branch of
the deepest level consists of 4 convolutional 3-padded convolutional layers, while the shallow
branch consists of a single 3-padded convolutional layer. Max pooling as well as doubling the
number of filters in each convolutional layer is done after each stage at the top level of the
nesting hierarchy. To be able to merge the shallow branch and the deep branch at the top
level of the nesting hierarchy, the activation size of both branches must match. To match
the activation size of those branches, a number of max-pooling layers have been added to

the shallow branch.

The following analysis will show how the proposed AuxNet architecture has much shorter
backpropagation paths than the FFNet model. Let the total number of stages in a plain
sequential model without any auxiliary branches be N, and let the number of layers in each
stage be n. Then the total number of layers in sequence is D = N x n, That will make the
total number of layers D, which which is the path that the gradient should take from the
output layer back to the first convolutional layer. On the other hand, for an FFNet model
with shallow auxiliary branches, the first layer will have n — 1 layers on top of it in the first
stage, then, N — 1 auxiliary shallow branches, in the N — 1 stages, on top of it, as marked
red in Figure 7.3 The gradient can go through the shallow branches which will reduce the

length of the shortest available path in the top N — 1 stages from (% — 1) X n in a plain
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Figure 7.3: The FFNet model, extended to 32 layers. (The original model contained 20
layers [24].) The shortest available path is marked red.
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Figure 7.4: A nested AuxNet architecture with 4 convolutional layers at the deepest level,
plus 3 levels of nested shallow branches. The total number of layers in the deepest path is
43 = 64 layers. The shortest available path is highlighted in red.
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network to only % — 1 in the FFNet model. That will make the shortest available path that
the gradient can take be (2 —1)+ (n—1). While this is a significant improvement over plain
networks, the shortest available path for gradient backprropagation still grows linearly with
the network’s depth (D), assuming n is constant (with a much smaller constant though). This
linear growth would prohibit training very deep networks without falling into the vanishing

gradient problem.

To calculate the shortest available backpropagation path between the output and the first
layer in AuxNet, let the number of layers in the deep branch of the deepest level be n and
the levels of nesting be L. As shown in Figure 7.4, the total number of layers D can be
calculated as D = n’, and the number of stages would be N = nl~!. The first layer of this
model will have n — 1 convolutional layers on top of it in the deepest level, then, n — 1 layers
in each of the next level of the hierarchy until the top level. This can be written as (n—1)x L
which is equivalent to (n — 1) x (log,, D)). Therefore, the nested architecture reduced the
shortest available path for gradient backpropagation from the output layer to the first layer
from O(D) in both the plain model and the FFNet model (with a much smaller constant

factor in the latter) to O(log D) in the AuxNet model, assuming n is a constant.

To demonstrate the ability of building extremely deep models using the nested AuxNet
architecture, 1024 and 4096 layers models have been built and trained, as will be shown in
Section 7.4. As far as we know, the 4096 layers AuxNet model is the deepest model that could
be trained to date. This model would have a shortest available path of (4—1) x (log, 4096)) =
18, while it would have a shortest available path of 1003 with the FFNet model, and 4096
with a plain sequential model. A comparison between the shortest available path growth
rates in AuxNet vs FFNet is shown in Figure 7.5, which demonstrates the superiority of
AuxNet over FFNet in terms of the ability to train very deep networks. Figure 7.6 implies

that an extremely deep AuxNet model of 1,000,000 layers could be trained if bigger and
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more powerful GPUs become available in the future.
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Figure 7.5: Shortest available path for backpropagation between the output and the first
convolutional layer in the AuxNet and FFNet models. The number of layers per stage is set
ton =4.

7.4 Evaluation

Several experiments have been conducted with the purpose of analyzing and evaluating the
proposed models. Four experiments have been designed to analyze the vanishing gradient
problem and the efficiency of the proposed model in overcoming it. Another set of experi-
ments were conducted to compare the performance of AuxNet with other deep models. All
the models have been built using the Keras package [7] over TensorFlow [3]. TensorFlow is
written with a Python API over a C/C++ engine, using GPU optimization libraries such as
CuDNN [6].
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Figure 7.6: Shortest available path for backpropagation between the output and the first
convolutional layer in the AuxNet models. The number of layers per stage n is set to 4.
Although the graph implies the ability to train a million-layer model, this is not currently
feasible with any available GPU.
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Figure 7.7: Histogram of weights, as generated by the Tensor Board tool, in the first convo-
lutional layer of a plain 32 layers model trained for 12 epochs, marked on the chart as 0 to
11, using the MNIST dataset. Notice how the distribution of the weights remained constant
over the course of 12 epochs
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Figure 7.8: Histogram of weights, as generated by the Tensor Board tool, in the first convo-
lutional layer of a 32 layers AuxNet model trained for 12 epochs, marked on the chart as 0

to 11, using the MNIST dataset. Notice how the weights are being updated from epoch to
epoch
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Four experiments have been conducted using the MNIST [33] dataset. The first one, is
training a 32 layers plain sequential model with 30 convolutional layers plus a global average
pooling layer and a fully connected layer. The purpose of this experiment is to monitor
the weights of the early layers of the network and see if the gradient can back propagate
through such deep network without vanishing. As shown in Figure 7.7, the weights of the
first convolutional layer of this model remained constant over the course of 12 epochs. This
lack of change in this early layer confirms the hypothesis of the vanishing gradient in deep

networks.

The second experiment is identical to the first one except for the addition of the proposed
auxiliary shallow branches to the network. In contrast to the first model, this updated model
could learn the task. Figure 7.8 shows clearly how the weights are being updated from epoch
to epoch. We also inspected the histogram of weights of several other layers from various
deep branches and they all showed changes in the weights from epoch to epoch. The change
in the weights indicates that the gradient could back-propagate through the newly added

auxiliary shallow branches without vanishing.

The third experiment involved training 50 plain networks using both the MNIST and CIFAR-
10 datasets. The purpose of this experiment was to investigate the effect of the network depth
on the learning behavior of such simple task as MNIST. The experiment started by training
a single hidden layers model for 10 epochs, once with batch normalization and once without
batch normalization, then save the validation accuracy. The next step was to increase the
number of layers by one, re-initialize the weights of the network, and re-train from scratch for
10 epochs. The number of layers has been increased one layer at a time till the last training
session where the number of hidden layers was 50. As shown in Figure 7.9 and 7.10, networks
with 20 layers or more started to suffer from performance degradation. Also, networks with

30 layers or more stopped learning completely. Batch normalization did not help much with
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solving the vanishing gradient problem, which is against the observations reported in the
analysis of the ResNet model [17]. Figure 7.1 demonstrates how the learning process is much
slower in a 28-layer model compared to an 8-layer one. This can be understood by how
the gradient in shallower networks can easily reach the early layers, which enables a faster
learning rate compared to deeper networks, where the nearly vanished gradient slows down

the learning process, and could even block the learning completely in the deeper models.

The fourth experiment involved a harder task which is the CIFAR-100 [30]. Two models
have been trained for 25 epochs. the first is the FFNet model and the second is the same
network with the auxiliary shallow branches removed. Figure 7.2 demonstrates how the
removal of the auxiliary shallow branches disabled the learning process, leaving the model

with accuracy close to the random chance.

The next set of experiments measures the performance of the proposed model on other
datasets. A summary of the results of these experiments comparing them to other deep
models are shown in Table 7.1. The experiments used a learning rate scheduler that reduced
the learning rate by a factor of v/0.1 of the validation accuracy plateau for 4 epochs. The
number of epochs is different from one experiment to another, as training was stopped

automatically if the validation accuracy did not increase for 10 epochs.

This set of experiments can be divided into two groups. the first group consists of two FFNet
models with 20 layers and 32 layers, respectively. The second group consists of four AuxNet
models with 64, 128, 1024, 4096 layers, respectively. To our knowledge, the 4096-layer
model is the deepest convolutional network to date for which training has been performed

effectively.

Some additional experiments have been conducted to compare the usage of the concatenation

operation versus the summation operation to merge the activations from the deep branch
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Figure 7.9: Validation accuracy vs. number of layers of a plain network trained for 19 epochs
with and without batch normalization on the CIFAR10 dataset.

with the activation from the auxiliary branch in the FFNet model. The results showed
degraded performance in case of the ResNet-like summation operation compared to the
concatenation operation used in the proposed model. Also, note how the AuxNet models of
different depth reached better error rates compared to ResNet models of comparable depth,
such as AuxNet-1024 when compared to ResNet-1202. Although AuxNet-1024 contains
about 8 million parameters, it is performing better than ResNet-1202 which has over 19
million parameters. Note how the deeper models perform better in complex tasks such
as CIFAR100, while they overfit when trained on easier tasks due to the lack of heavy
regularization techniques. Adding heavy regularization will create better performance for the
deeper models. We decided not to use heavy regularization in order to prove the effectiveness

of using the nested auxiliary branches alone in fighting the vanishing gradient problem.

The AuxNet architecture is suitable for training ultra deep models. But we decided to use
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Figure 7.10: Validation accuracy vs. number of layers of a plain network trained for 12
epochs with and without batch normalization on the MNIST dataset.

FFNet in the proposed end-to-end text detection model for its small size. Adding nested
auxiliary branches for a shallow model will only increase its size without enhancing the

performance much.
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Table 7.1: Performance comparison for the proposed AuxNet model, with hierarchical nest-
ing, against several alternative networks. The error rate for AuxNet was better than the
state of the art, for three publicly available datasets.

Model Error Rate (%)
Description MNIST! | CIFAR-10? | CIFAR-100% | SVHN?

AlexNet with Stoch. Pooling [71] 0.47 15.3 42.51 -

AlexNet with Channel-Out [62] - 13.2 36.59 -

Highway Network [56] 0.45 7.72 32.39 -
Deeply Supervised Network [4] 0.39 7.97 34.57 1.92
Network in Network [37] 0.47 8.80 35.65 2.35
FitNet [51] 0.51 8.39 35.04 2.33

FitNet with LSUV [43] 0.38 6.06 27.66 -

AILCNN [51] - 7.25 33.71 -

ResNet-34 [17] - 7.51 - -
ResNet-110 [17] - 6.43 27.67 1.75

ResNet-1202 [17] - 7.93 - -
RoR-3-WRN58-4+9D [72] - - - 1.59

RoR-110 (after 164 epochs) [72] - 5.71 26.16 -
FFNet: 20 Layers [24] 1.45 8.60 35.65 3.58
Sequential: 32 Layers 90.10 88.90 99.10 90.80
FFNet: 32 Layers 1.30 8.20 33.10 3.17
AuxNet: 64 Layers 0.10 5.50 27.60 1.54
AuxNet: 128 Layers 0.31 7.50 25.60 3.03
AuxNet: 1024 Layers 0.24 5.86 25.76 2.11
AuxNet: 4096 Layers 0.53 7.42 26.13 3.61

'LeCun et al. [33] ?Krizhevsky and Hinton [30] *Netzer et al. [45]



Chapter 8

The End-to-End System

This chapter provides the details of the proposed end-to-end system. A higher level diagram
of the proposed system is shown in figure 8.1. The proposed system consists primarily of
two models as shown in figure 8.2. The first model is the attention map fusion where a text
attention map is created using a fully convolutional network (FCN) based on the FFNet
architecture. The text attention map is then fused with the input image. The output of
this fusion process goes to the next model. The second model of the proposed system is a
Faster-RCNN based text prediction model conditioned to generate word prediction boxes.
The Faster-RCNN conditioning includes doubling the extracted feature spatial resolution in
addition to adjusting the number of object types to only one type, text. This increase in
the spatial resolution was necessary to enable the detection of small text instances. Details
about the different models of the proposed end-to-end system will be given in the following

sections including the text attention model, the fusion mechanism and the prediction model.

Transfer learning has been used extensively in the development of the new system. During
the first phase of training, a network based on FFNet, that was discussed in chapter 6, was
trained from scratch using a rich text classification dataset. Transfer learning was then used
to initialize the second phase of training, in which a preliminary version of the attention
model, that was discussed in chapter 4, was created. Transfer learning was applied again
to initialize the third phase of training, in which the attention model was enhanced along

with training of the prediction model which has been pre-trained, separately, on one of the

7
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text detection datasets. One result of this strategy is an attention model that is lightweight
but effective, as it incorporates strong text-related feature extractors. Empirically, we found
that the transfer learning strategy used here was more effective than transfer learning from
models previously trained on ImageNet [53]. Apparently, text instances in natural scene

images are not closely correlated with ImageNet’s more general object categories.

8.1 Text Attention Maps

Creating the text attention maps can be viewed as a semantic segmentation task where the
input is RGB images and the target is binary masks that represent the text areas inside those
images. Semantic segmentation is inherently difficult task that requires plenty of training
data and huge models. One of the most popular semantic segmentation models is the one
created by Long et al. [41]. This model contains nearly 134M parameters. Adding such
a huge model to the proposed system will introduce a performance bottleneck. To make
the text attention map generation lightweight, we used a clever learning transfer scheme to
enable the use of a small model in performing such difficult task. Using this scheme, we

could train a model that is nearly 5% of the model size in [41].

As shown in Figure 8.2, a classification model has been trained on the COCO-Text-Patch[23]
dataset. This training created convolutional layers that are tuned to extract text-related fea-
tures. Transferring this knowledge to the semantic segmentation model enabled the training
of a very small model that performed the required task. We created a control experiment to
check the necessity of the pre-training on COCO-Text-Patch. In this control experiment, a
model pre-trained on the well-known Imagenet dataset [53] was used instead of the model
pre-trained on COCO-Text-Patch. Although models pre-trained on the Imagenet dataset are

known to be strong feature extractors, this control experiment showed that using a model
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pre-trained on COCO-Text-Patch yielded a better performance.

8.2 Attention Map Fusion

The final phase of building the proposed end-to-end text detection model is attaching the
text attention module by fusing the attention map into the input image as shown in Figure
8.3. Let the input image be I € R"# Where W and H are the width and height of the
input image, respectively. Then, AM € R"W# the attention map generated by the attention
module, F, would be

AM = F(I) (8.1)

The output from the attention module is fused into the input image to create a new enhanced
representation, I , such as

=AM &I (8.2)

where ® is the element-wise dot product operation. The system output is a collection of
bounding boxes expressed as coordinates. Those coordinates are normalized with respect
to the width and the height of the input image. Each bounding box is expressed by the
coordinates of its top-left corner, x1,y; € R, and the coordinates of its right-bottom corner,
T2,y € R.The collection of word box predictions, the expected output from the system, can
be expressed as

P={peRYi=1,2..,n) (8.3)

where n is the number of predicted bounding boxes which is variable from image to image.
Let the Faster-RCNN detection module be D. Then, from (8.1) and (8.2), the whole system
can be expressed as

P=DFI) oI (8.4)
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In the next chapter, a detailed description of the steps implemented toward training and
evaluating the proposed end-to-end system will be given. Those steps include how multi-

phase learning transfer has been used to build a powerful attention model.
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Figure 8.1: A high level diagram of the proposed end-to-end text detection system.
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Figure 8.2: The proposed end-to-end system, shown at the bottom, consists of an attention
model, a fusion step, and a prediction model. Transfer learning is used to progressively train
larger models over three training phases.
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Figure 8.3: The fusion process: The input image is passed through the attention module to
create an attention map. This attention map is fused into the input image.



Chapter 9

Evaluation and Experimental Results

9.1 The Prediction Model Evaluation

9.1.1 Detection Models

A study on the speed /accuracy trade-offs of modern object detectors [22] showed that Faster-
RCNN [50] is the model with the highest detection accuracy among all the investigated
models. The investigated models included also the Single Shot Multi-Box Detector (SSD)
[39] and the Region-based Fully Convolutional Networks (RFCN) [9] model. This study by
Huang et al. [22] evaluated the models using standard object detection benchmark datasets.
Because text detection is a different task, we decided to make an exploration study to evaluate
the performance of those three object detection models against ICDAR 2013, the standard

text detection benchmark.

SSD performs object detection in standard RGB images using a single deep neural network.
SSD discretizes the output space of bounding boxes into a set of default boxes over different
aspect ratios and scales per feature map location. At prediction time, the network generates
scores for the presence of each object category in each default box and produces adjustments
to the box to better match the object shape. Additionally, the network combines predictions
from multiple feature maps with different resolutions to naturally handle objects of various

sizes. The SSD model is simple relative to methods that require object proposals, because it

83
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completely eliminates proposal generation and subsequent pixel or feature re-sampling stage
and encapsulates all computation in a single network. But, this simplification comes with a

sacrifice of performance.

The Region-based Fully Convolutional Networks (RFCN) method which is very similar to
Faster R-CNN, but instead of cropping features from the same layer where region proposals
are predicted, crops are taken from the last layer of features prior to prediction. Pushing
cropping to the last layer reduces the amount of per-region computation that must be done.
Another difference between RFCN and Faster-RCNN is the position-sensitive cropping mech-
anism that is used in the RFCN model instead of the more standard ROI pooling operations
used in the Faster-RCNN model.

The proposed model uses Faster-RCNN as its detection module. Faster-RCNN introduced
a Region Proposal Network (RPN) that shares full-image convolutional features with the
detection network enabling nearly cost-free region proposals. An RPN is a fully convolutional
network that simultaneously predicts object bounds and object class scores at each position.
Box proposals are used to crop features from the same intermediate convolutional feature.
Those cropped features are passed to two fully connected layers in order to create a class

and an adjusted class-specific bounding box for each proposal.

9.1.2 Exploration Study

To reach the decision of using the Faster-RCNN as the text prediction model in the proposed
end-to-end system, we conducted an empirical study to evaluate the top performing detection
models. According to [22], those models are SSD [39], RFCN [9], and Faster-RCNN [50].
Three experiments have been conducted to evaluate the performance of these models when

used as text detectors. In these three experiments, standard SSD, RFCN, Faster-RCNN
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Figure 9.2: High level diagrams of RFCN. Figure from [22].

networks have been trained using the SynthText in the wild dataset and evaluated using
the ICDAR 2013 dataset. The empirical results showed that the Faster-RCNN is the best
detection model. These results are consistent with the results that came from the experiments
on general objects detections in [22]. In the final experiment, the Faster-RCNN network has

been plugged into the end-to-end system. The results of this exploration study have been



86 CHAPTER 9. EVALUATION AND EXPERIMENTAL RESULTS

Proposal Generator
Objectness
Classification

Box
Regression

(vgg, inception,

resnet, etc)

: \ Box Classifier |
; Feature Extractor | Multiway |
77777777777777777777777777777777777777777777777777777777 :——-' Classification |

. I Box

Refinement
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summarized in table 9.1.

Table 9.1: Comparisons of the explored models evaluated on the ICDAR 2013. The results
are reported in the terms of Recall (R), Precision (P) and F-measure (F)

Model R P F

SSD detector 0.54 | 0.67 | 0.61
RFCN detector 0.68 | 0.74 | 0.71
Faster-RCNN detector | 0.69 | 0.75 | 0.72

9.2 The Attention Model Evaluation

To evaluate the effect of the attention model on the end-to-end system, three experiments
were conducted. In the first experiment, the attention model is removed from the end-
to-end system. The second experiment is the proposed end-to-end system without any

modifications where the attention map is fused into the input image using pixel-wise dot
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product. In the third experiment, the ground truth masks are used instead of the attention
maps. Fusing the ground truth masks into the input images will completely remove the
background in contrast to just attenuating the background in the second experiment. The
third experiment is designed to compare the effect of background removal against background
attenuation. Figure 9.4 shows example outputs from the attention model for each of the
three experiments. In these three experiments, the three systems have been trained using
the SynthText in the wild dataset and evaluated using the ICDAR 2013 dataset. The results,
shown in table 9.2, demonstrate how the attention model used in the proposed end-to-end
system performs much better than the system that did not use any attention information or

the system that removed the background completely.

Figure 9.4: From left to right: An example image without any attention fusion, after fusing
with the text attention map, and after fusing with ground truth. Those three images are
example inputs to the prediction model for each of the three experiments.
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Table 9.2: Comparisons of the proposed system using different attention techniques evaluated
on the ICDAR 2013. The results are reported in the terms of Recall (R), Precision (P) and
F-measure (F).

System R P F

Without attention (plain input) 0.69 | 0.75 | 0.72
With extreme attention (background removal) | 0.67 | 0.69 | 0.68
With attention fusion (the proposed technique) | 0.83 | 0.87 | 0.85

9.3 The End-to-End System Evaluation

Training the proposed model has been done over three phases as illustrated in figure 8.2.
For each phase, a different task with different dataset has been used. TensorFlow [3] has
been used to create the end-to-end system. We used the Virginia Tech clusters Huckleberry
and Newriver to run these experiments. The details of creating and evaluating the proposed

system will be discussed in this section.

The first phase is training the text classifier. We created a 12-layer model based on the
FFNet architecture [24] that was shown to achieve good performance with small models.
We modified the FFNet architecture by removing the fully connected layers and one of the
convolutional layers. Removing the fully connected layers was necessary to create a fully
convolutional network in order to serve our system. The classifier has been trained for 70
epochs and achieved an error rate of 10.4% on the validation set of COCO-Text-Patch. The
architectural modification did not result in much loss of accuracy compared to the original

FFNet model, which achieved a slightly better error rate, 9%.

The second phase of the training used the SynthText in the wild dataset to train a semantic
segmentation fully convolutional network. The dataset provides bounding box annotations
which are not suitable for training a semantic segmentation model. We created text masks

corresponding to the provided bounding boxes to serve as the targets for this network. Train-
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ing a semantic segmentation network initialized with random weights will require creating a
bigger network, which is not desirable, and requires much more data than what is available.
Initializing this network with the weights of convolutional layers that have been pre-trained
on ImageNet resulted in failure to learn. We could identify that easily from the behavior
of the network after the loss curve plateau. The model generated the same output for any
supplied input. This is a known behavior for semantic segmentation networks that fail to
learn. On the other hand, when initializing the network with the weights of convolutional
layers that have been pre-trained on COCO-Text-Patch, the network was able to learn the
task and create output maps that are relevant to the location of the text instances inside

the supplied input images.

The third phase of the training used the trained semantic segmentation network that has been
created in the second phase as the text attention map model as shown in figure 8.2. For this
phase, we used a Faster-RCNN model [50] that has been pre-trained on the COCO Object
detection dataset [38]. We made a few changes to the Faster-RCNN model to condition it
to the text detection task. First, we used the Inception-V4 model [58] model as the feature
extractor for the Faster-RCNN. Second, the number of classes that Faster-RCNN detects has
been changed to only one, text. Finally, we changed the spatial resolution of the extracted
features from 16 to 8 as suggested by [22] in order to capture finer details that will enable the
detection of smaller text instances, as demonstrated by the output samples from the COCO-
Text test set shown in figures 9.5, 9.6 and 9.7. The samples demonstrate how the system
could detect extremely hard to detect instances in addition to text instances of different types
and different scripts. More samples are given in appendices A and B. Table 9.3 compares
the performance of the proposed system against the state-of-the-art models on the ICDAR
2013 benchmark. The outstanding performance of the proposed system on the challenging

COCO-Text dataset is shown in table 9.4. If bigger dataset with rotated annotations became
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available, the system can be modified easily to detect rotated text instances by modifying
the shape of the output layer to generate an extra value that represents the box rotation

angle.

Table 9.3: Comparisons of the state-of-the-art results on the ICDAR 2013. The results are
reported in the terms of Recall (R), Precision (P) and F-measure (F).

Model R P F

SSD [39] 0.60 | 0.80 | 0.68
Yin [69] 0.66 | 0.88 | 0.76
Neumann [47] 0.71 | 0.82 | 0.76
Neumann [46] 0.72 | 0.82 | 0.77
FASText [5] 0.60 | 0.84 | 0.77
Zhang [73] 0.74 | 0.88 | 0.80
TextFlow [59] 0.76 | 0.85 | 0.80
Text-CNN [19] 0.73 | 0.93 | 0.82
CTPN [60] 0.73 | 0.93 | 0.82
FCRN [16] 0.76 | 0.94 | 0.84
TextBoxes [36] 0.82 | 0.88 | 0.85
TAM+HIM [18] | 0.86 | 0.88 | 0.87

’ The proposed model \ 0.854 \ 0.896 \ 0.875 ‘

Three datasets have been used to train and tune the end-to-end system. The main dataset
used for training was the SynthText in the Wild dataset because of its large size compared
to the other datasets. After training on SynthText in the Wild and reaching a point where
the performance is not being enhanced by extra training time, a mix of the training sets of
COCO-Text and ICDAR 2013 datasets has been used to tune the system. This tuning was
necessary to give the the end-to-end system a feel of how real text instances look like after

being only trained on a synthetic dataset.

During the process of building the proposed end-to-end system, a few lessons have been
learned that can be used by other researchers to enhance their systems. One of the impor-

tant lessons is using transfer learning from models that have been trained on relevant tasks.
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Table 9.4: Comparisons of the state-of-the-art results using the COCO-text dataset.

Method Recall | Precision | F-measure
Baseline C [61] 0.05 0.19 0.07
Baseline B [61] 0.11 0.90 0.19
Baseline A [61] 0.23 0.84 0.36
Yao [67] 0.27 0.43 0.33
He [18] 0.31 0.46 0.37
The proposed model | 0.51 0.65 0.53

We found that the transfer learning from a model previously trained on COCO-Text-Patch
was more effective than transfer learning from models previously trained on ImageNet. Ap-
parently, text instances in natural scene images are not closely correlated with ImageNet’s
more general object categories. Another lesson is how batch normalization can be used to
reduce the effect of the vanishing gradient problem, but it does not eliminate it. Empiri-
cally, we found that very deep models fail to train even if batch normalization is used. The
techniques used to develop the proposed end-to-end system can be adopted easily by other
domains. For instance, the architecture of the end-to-end text detection system, including
the text attention model, can be used to build better general object detection systems. The
experiments conducted in this dissertation show how adding attention information enhanced
the performance of the proposed text detection system. The multi-phase transfer learning
can be used in enhancing the attention model in a variety of systems such as image cap-
tioning [64], visual question answering [65], and weakly-supervised object localization [48].
The multi-phase transfer learning can also be used to develop better semantic segmentation

models.
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Figure 9.5: Output samples from the COCO-Text test set. The samples demonstrate how
the system could detect very difficult instances for being fuzzy, occluded or illegible.
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Figure 9.6: Output samples from the COCO-Text test set. The samples demonstrate how the
system could detect different types of text instances such as LED, curved, 3D and billboard
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Figure 9.7: Output samples from the COCO-Text test set. The samples demonstrate how
the system could detect different scripts such as Latin, Arabic, Hindi and Japanese.



Chapter 10

Conclusion

In this dissertation, we proposed a novel end-to-end text detection system based on a col-
lection of novel deep learning techniques. The dissertation included analysis of how using
an end-to-end system that utilizes these novel deep learning techniques would yield a better
performance on the challenging problem of text detection in natural scene images. Those
novel deep learning techniques can also be adopted by other domain to enhance the per-
formance of relevant models. A description of the proposed system, as well as the novel

techniques used to develop this system, have been detailed.

We introduced two new deep learning architectures, input fast-forwarding (FFNet) and
nested auxiliary branches (AuxNet). FFNet was trained using the COCO-Text-Patch dataset
we created, and made available to the research community with the purpose of being a stan-
dard dataset that can be used to train, and evaluate text classifiers. FFNet was the backbone
of a powerful, lightweight attention model that boosted the performance of the proposed
end-to-end text detection system. We also spawned this lightweight architecture into a more
advanced one, AuxNet, which has addressed the well-known and persistent problem of van-
ishing gradients in ultra-deep models. We built a 4096-layer network, the deepest network

to the best of our knowledge, based on this novel architecture.

The implemented end-to-end system included the text attention model, the attention map
fusion, and the prediction model. In addition to the proposed end-to-end system imple-

mentation, some exploration studies have been performed in order to decide on the optimal
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choices of the end-to-end system. Those exploration studies included the development of the
Class Activation Map (CAM) model, and evaluating the performance of the different object

detection models when used for text detection.

The dissertation also discussed how multi-phase learning transfer has been used in the pro-
posed model. Another exploration study has been performed where a bigger task is divided
into smaller tasks, demonstrated a better performance in small experiment designed for
this purpose. The conducted experiment on the MNIST dataset demonstrated how a small

network can outperform state of the art networks of comparable size.

The end-to-end system has been evaluated using the ICDAR 2013 and the COCO-Text stan-
dard benchmarks. The system demonstrated superior performance, especially, in detecting
difficult text instances such as low resolution, low contrast, and illegible text instances. The
implemented end-to-end system exceeded the state-of-the-art on the ICDAR 2013 standard
benchmark with an F-measure value of 0.875 and exceeded the state-of-the-art on COCO-

Text by large margin with an F-measure value of 0.53.

Although the results on COCO-Text are impressive compared to the previous state of the
art, the numbers show how text detection is far from being a solved problem. The recall value
demonstrates how the system failed to detect nearly half of the text instances in the dataset.
Also, the precision value needs to be improved a lot before considering text detection systems
mature. The proposed end-to-end text detection system can be enhanced in many ways to
achieve better performance. Building a new object detection model with text detection in
mind would make a big difference in the performance of text detection systems. Most of
the currently available object detection models do not take into consideration the nature of
text in terms of size and location distribution inside the input image. Another way is to
use temporal information. Current text detection systems take individual images as input,

discarding any available temporal information. Building bigger datasets will certainly enable
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the training of better deep models.
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Appendix A

Examples from COCO-Text

This Appendix contains output examples from the test set of the COCO-Text dataset. These
examples were generated using the proposed system. Because examples generated by other
state of the art models are not publicly available, we could not make a side-by-side compar-
ison to other models. Because the ground truth for the COCO-Text test set is not publicly
available, color-coding of the bounding boxes is not possible. The green boxes indicate text
regions that have been detected by the proposed system, and no further interpretation is
available. The examples have been chosen to demonstrate the power of the implemented
system. Most of the examples contain hard to detect instances due to conditions related to
lighting, occlusion or legibility. The samples also have been chosen to include text instances
of different scripts such as Latin, Arabic, Hindi, Chinese, Japanese and Korean. In addition

to that, some of the failure cases are shown.
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110 APPENDIX A. EXAMPLES FROM COCO-TEXT

Example images containing stop signs.
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Example images containing street signs.




112 APPENDIX A. EXAMPLES FROM COCO-TEXT

Example images containing street scenes.
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Example images containing Japanese/Chinese/Korean script.




114 APPENDIX A. EXAMPLES FROM COCO-TEXT

Example images containing other scripts such as Hindi, Thai and Arabic.

0 o




115

Example images containing unusual fonts or upside down text.
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116 APPENDIX A. EXAMPLES FROM COCO-TEXT

Example images containing blurred, low-light or reflections.
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Example images with incorrect detections.
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Appendix B

Examples from the ICDAR 2013

Dataset

This appendix contains output examples from the ICDAR 2013 test set. These examples
were generated using the proposed system. The examples have been chosen to demonstrate
the power of the proposed system in comparison to the previous state of the art model®.
Most of the examples contain hard to detect instances due to conditions related to lighting,
occlusion or legibility. The bounding boxes are color coded. The coding is such that the
green, red, and yellow boxes represent true positives, false positives and detections covering
multiple ground truth instances, respectively. Some of the images contains gray areas. These
gray areas indicate a true positive on a “do not care” instance. “Do not care” instances are
text instances in the ground truth of the ICDAR 2013 dataset but are not used in the

evaluation process.

He, P., Huang, W., He, T., Zhu, Q., Qiao, Y., & Li, X. (2017). Single Shot Text Detector With Regional
Attention. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR)
pp. 3047-3055.
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Examples from outdoor scenes.

Our system. He et al.




120 APPENDIX B. ExXAMPLES FROM THE ICDAR 2013 DATASET

Examples with engraved text.

Our system. He et al.
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Examples with low-resolution or occluded text.

Our system. He et al.




122 APPENDIX B. ExXAMPLES FROM THE ICDAR 2013 DATASET

Examples with unusual fonts.

Our system. He et al.

The gray area in the lower right image indicates a true positive on a “do not care” instance.

“Do not care” instances are text instances in the ground truth of the ICDAR 2013 dataset
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but are not used in the evaluation process. Because the dataset is not perfectly labeled,
only the “R” is labeled in the ground truth separately from the whole occluded text. As a
result, our detection of the complete occluded text is marked false positive. Meanwhile, the

incomplete detection by He et al. is characterized as a correct detection.
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