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Abstract

This paper proposes a prototype of ASLA, segmentation and labeling tool for document images based on deep
learning, to reduce the time required for region segmentation and label generation. To evaluate the usefulness of
ASLA, we have compared the time required for region segmentation and label generation using ASLA and by hand,
and then confirmed the reduction in time. We also have confirmed that the rule-based region redividing method

achieves a high recall and precision.
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1. Introduction

Because storage space is needed to store paper documents,
maintaining and managing their condition are costly.
Electronic documents are used to solve this problem [1].
The use of electronic documents enables the reduction of
paper and the cost of the maintenance and management.
Therefore, the use of electronic documents is becoming
more widespread.

The current situation of the electronic documents is
only a substitute for paper. As a new way to utilize
electronic documents, we focus on dividing electronic
documents into regions by their elements and generating
keywords and sentences as labels from the contents of the
elements. In addition, the movement of the reader's line
of sight when they read the electronic document is
recorded as coordinate information. By realizing these
features, it is possible to improve the efficiency of sales
activities by capturing the level of interest and concern of
customers, and to strengthen compliance by checking
whether important matters are properly explained to
subscribers of products or services.

To achieve the above, the following two tasks are
required.

e Region segmentation that divides the components of
an electronic document into some regions.

e Label generation that analyzes the contents of a
region and then generates labels according to the
contents of the region.

However, these tasks are time-consuming and labor-
intensive in the manual. This paper proposes a prototype
of ASLA (Automatic Segmentation and Labeling tool
using Al), segmentation and labeling tool for document
images based on deep learning, to reduce the time
required for region segmentation and label generation.

2. ASLA

2.1. Functions

ASLA takes a single column or two columns Japanese
document image as input. ASLA outputs segmentation
image and class identification on the input image. Table
1 shows the definitions of class and region in ASLA. The
output is a segmentation image and an analysis result file.
The segmentation image is a JPEG format image. Each
region of the image is color-coded and visualized as red
for the text class region, blue for the figure class region,
and green for the table class region. The analysis result
file is a CSV (Comma Separated Value) format file. In
that file, the top-left x-coordinate, top-left y-coordinate,
bottom-right x-coordinate, bottom-right y-coordinate,
class name, and label pair in each region are recorded per
line.
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Table 1 Definition of classes and regions in ASLA.

Class Name Target Definition of regions
Text Text and Smallest rectangle
title, etc. surrounding each element
Figure Figure Smallest rectangle
surrounding the figure
Table Table Smallest rectangle
surrounding the table

2.2. Dataset Preparation

ASLA uses Cascade R-CNN [2] as the object detector for
region segmentation. In addition, ASLA uses
LayoutLMv3 [3] that is a pre-trained model specific to
document Al tasks as a training model for the object
detector. To improve the performance of region
segmentation for Japanese document images, we fine-
tune the model by using a dataset of Japanese document
images prepared in advance.

The ASLA prototype uses 103 document images of the
doctoral dissertation of the Graduate School of
Educational and Developmental Sciences of Nagoya
University provided by the Nagoya University Academic
Repository [4] and 87 document images of the paper
presented at the 2021 Kyushu Branch Joint Conference
of the Institutes of Electrical and Related Engineers [5] as
document images dataset for fine-tuning.

2.3. Structure

Fig. 1 shows the structure of ASLA. It consists of the
following three processing parts.

e Region Segmentation Part:
Region Segmentation Part at first generates a trained
model by fine-tuning LayoutLMv3 with a previously
prepared dataset. Next, it divides region by using
Cascade R-CNN from the input document image
with the generated trained model. This generates the
top-left and bottom-right xy-coordinates and class
names for each region. Thereafter, it redivides the
region to modify the misalignment of regions. The
rule-based region redividing is described later in
Section 2.4. Finally, based on the results of region
segmentation, a segmentation image is output. Since
this, text class regions are referred to as text region,
figure class regions as figure region, and table class
regions as table region, respectively.
e Label Generation Part:

Label Generation Part generates labels that are all
nouns included in the text region for the text region.
For the figure and table regions, it generates a label
that is the text of each caption. Here, it extracts
characters from Japanese text using Tesseract that is
an OCR tool, and it generates labels from the
extracted characters using MeCab which is a
morphological analysis tool.

Region Segmentation Part

i Label Generation
DataSet Part

Region List

Trained Model
Generation

Trained Model é:lonrdinals

aaaaaa

S Rule-Based
D;_' Region Dividing — p_. 1 Redividing

Document Image ‘
Calums T

Analysis Result
Output Part

Output

Segmentation Image  Analysis Result File

Fig. 1 The structure of ASLA.
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Fig. 2 The Process of rule-based region redividing.
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e Analysis Result Output Part:
Analysis Result Output Part outputs an analysis
result file as a CSV format file based on the analysis
results obtained by Region Segmentation Part and
Label Generation Part.

2.4. Rule-Based Region Redividing

There are several studies that use object detectors to
divide regions on document images [3], [6], [7]. The
purpose is to roughly divide each region in a document
image, such as layout analysis of a document image.
Therefore, the existence of small misalignments between
the divided regions and the actual regions is not a major
problem. However, region segmentation in ASLA
extracts the characters within a region after the region is
divided. Therefore, if there is even a small misalignment,
some characters cannot be extracted. This causes the
problem that correct labels cannot be generated. Another
problem with segmentation by the object detectors exists
that it is difficult to detect small regions [6], [7].

Therefore, ASLA performs rule-based region
redividing. This eliminates the misalignment of regions
with region segmentation by the object detector, and also
divides smaller regions that were not detected before. Fig.
2 shows the flow of the rule-based region redividing. In
the region redividing process, each binding component
extracted by the binding component extraction process
determines which region is the same as the region that
was divided using the object detector. Alternatively,
binding components that are far from any region are
divided as a new region. Fig. 3 shows an example of the
region redividing process in rule-based region redividing.
In Fig. 3, the region redividing process redivides the
region to eliminate misalignment of text region
segmented by Cascade R-CNN.
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Fig. 3 An example of the region redividing process in
rule-based region redividing.
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2.5. Input/Output Example

Fig. 4 shows an example of a document image to be
analyzed by ASLA. Fig. 5 shows the segmentation image
generated by applying the document image in Fig. 4 as
input for ASLA. Fig. 6 shows an image of an analysis
result file. From Fig. 5, we have confirmed that ASLA
can divide the document image into text, figure, and table
regions, as defined in Table 1.

Proposal of ASLA Which
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Fig. 6. Result output file image

Table 2. Comparison of the time required for
ASLA and manual region segmentation.

Single column | Two columns | Average
Manual 2me6s 4m8s 3m7s
(Average)
ASLA 5s 6s 6s

Table 3. Comparison of the time required for
ASLA and manual labeling.

Time
Manual (Average) 8m40s
ASLA 5s

3. Evaluation

We evaluate the usefulness of ASLA developed in this
paper. It is evaluated in terms of the execution time and
performance of region segmentation.

3.1. Evaluation of the Execution Time

We compare the time required for region segmentation
by using ASLA and manually. Two document images are
used for region segmentation. They are single column
document image and two columns document image. In
the manual region segmentation, five subjects divide
regions on document images, and their working time is
measured. Table 2 shows the comparison of the time
required for region segmentation by using ASLA and
manually. From Table 2, we have confirmed that ASLA
reduces the time required for region segmentation by
about 3 minutes (97%) per document image.

We compare the time required for label generation by
using ASLA and manually. In the manual label
generation, five subjects generate labels on document
images that had been divided regions in advance, and
their working time is measured. This labeling task
involves extracting all nouns within each region. Table 3
shows a comparison of the time required for ASLA and
manual label generation. From Table 3, we have
confirmed that ASLA reduces the time required for label
generation by about 8 minutes (99%) per document
image. Based on the above, it can be said that ASLA
helps reduce the time required for label generation.
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Table 4 Comparison of precision and recall for Cascade R-CNN and Mask R-CNN with and without rule-based region
redividing, respectively.

Precision Recall
loU | Text | Figure | Table | Text | Figure | Table
Only Mask R-CNN 0.8 | 0.768 | 0.846 0.4 |0.651 | 0.846 | 0.455
0.9 ] 0.348 | 0.154 0.2 |0.205]| 0.154 | 0.182
Mask R-CNN and rule-based region redividing | 0.8 | 0.906 | 0.929 0.9 ]0.955 1.0 1.0
0.9 | 0.877 | 0.929 09 |0.924 1.0 1.0
Only Cascade R-CNN 0.8 | 0.808 | 0.846 0.4 |0.691 | 0.918 | 0.818
0.9 ] 0.337 | 0.317 0.2 |0.305]| 0.308 | 0.182
Cascade R-CNN and rule-based region redividing | 0.8 | 0.945 | 0.942 0.9 | 0.955 1.0 1.0
0.9 ] 0.936 | 0.942 0.9 |0.955 1.0 1.0

3.2. Evaluation of Region Segmentation
Performance

In addition to ASLA, there are other studies that divide
region on document images [6], [7]. These studies use
Mask R-CNN [8] as an object detector for region
segmentation. Here, we evaluate the performance of
region segmentation for each of the Cascade R-CNN used
in ASLA and Mask R-CNN. The dataset used for
performance evaluation consists of 8 document images.
These document images consist of 4 single column
document images and 4 two columns document images.
The evaluation is based on the calculation of loU for the
regions and class names defined in Table 1 to calculate
the precision and recall. Furthermore, to evaluate the
usefulness of rule-based region redividing, we calculate
the precision and recall with and without rule-based
region redividing.

Table 4 shows the calculated precision and recall.
From Table 4, we have confirmed that the combination
of Cascade R-CNN and rule-based region redividing used
in Region Segmentation Part of ASLA has the highest
values for both precision and recall. We have confirmed
that the usefulness of ASLA for region segmentation. In
addition, the rule-based region redividing also has
achieved the highest precision and recall when the loU
threshold is set to a high value of 0.9. We have confirmed
that the usefulness of rule-based region redividing.

4, Conclusion

This paper has proposed a prototype of ASLA that is a
deep learning tool for region segmentation and label
generation, in order to reduce the time required to divide
document images and generate labels. The proposed
ASLA performs region segmentation and class
identification on the input document image, generates
labels each region, and outputs the segmentation image
and the analysis result file.

After applying the document images to ASLA, we have
confirmed that ASLA works correctly. Furthermore, we
have compared the time required for region segmentation
with the use of ASLA and manually. As a result, we have
confirmed that the time required for region segmentation
per document image could be reduced by about 3 minutes

(97%). We also have compared the time required for label
generation by using ASLA and manually. As a result, we
have confirmed that the time required for label generation
per document image could be reduced by about 8 minutes
(99%). Furthermore, we have evaluated the performance
of region segmentation. As a result, we have confirmed
that the rule-based region redividing achieves high
precision and recall even with a high loU threshold value.
The future issues are as follows.

e Support for document images with non-white
backgrounds.

e Automatic generation of sentences or nouns that
represent the contents of figures or tables.

e Handling of text regions that do not make sense as
Japanese.
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