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A B S T R A C T

In the digital era, the amount of digital documents generated each day have being increasing exponentially
with the years, to a point where it is unfeasible to process them manually. Thus, there has been growing interest
from different sectors to develop automatic tools to process digital documents in an automatic manner. Yet
useful, this task is challenging, due to both the large variability and the multimodal nature inherent to the
problem. In most cases, a text-only approach often falls short in comprehending the information conveyed
by diverse components of varying significance. In this regard, Document Layout Analysis (DLA) has been an
interesting research field for many years, whose objective it to detect and classify the basic components of
a document. Thus, is an interesting task to obtain a first understanding on how the different components of
the document interact with each other. In this work, we used a semi-automatic procedure to annotate digital
documents with different layout labels, including 4 basic layout blocks and 4 text categories. We apply this
procedure to collect a novel database for DLA in the public affairs domain, the PALdb database, using a set
of 24 data sources from the Spanish Administration. The database comprises 37.9K documents with more
than 441K document pages, and more than 8M labels associated to 8 layout block units. The results of our
experiments validate the proposed text labeling procedure with accuracy up to 99%. We also present a novel
application of Quickest Change Detection (QCD) techniques on the DLA domain, which we use to continuously
detect changes in the layout of the documents from multiple sources.
. Introduction

Nowadays, the Portable Document Format (PDF), originally devel-
ped by Adobe and standardized in 2008 [1], has become one of the
ost important file formats for digital document storing and sharing.
he reason behind its success is the possibility to present documents

ncluding a variety of components (e.g. text, multimedia content, hy-
erlinks, etc.) in a format independent from the software, hardware,
nd operating system. Furthermore, this file format allows encryption,
ompression, digital signature, and even interactive editing (e.g. form
illing).

The advantages of the PDF format have converted it in a basic docu-
ent tool for governments, administrations, and enterprises. However,
espite its usefulness, automatic processing of digital PDF documents
emains as a difficult task. To correctly process and extract information
rom a document, it is required first to understand how the different
omponents of the document are structured and how they interact with

∗ Corresponding author.
E-mail address: alejandro.penna@uam.es (A. Peña).

1 https://www.op.europa.eu/en/web/forum/european-union

each other. For instance, processing information contained in a table
usually requires to previously detect its basic structure. Even when it
comes to text processing, text blocks in documents can be grouped into
a variety of semantic levels (e.g. body text, titles, captions, etc.), which
have different relevance and presentation formats. The way in which
basic elements are presented in a document to effectively transmit its
message is known as document layout. Once the document layout is
clear, then modern Natural Language Processing (NLP) technologies
(e.g., Transformers [2,3] with attention mechanisms [4]) can be applied
for generating useful outputs from segmented text blocks.

Document Layout Analysis (DLA) is a task that aims to detect and
classify the basic components of a document. As we previously intro-
duced, this task is a key component within the automatic document
processing pipeline. Nevertheless, its usefulness is proportional to its
difficulty. The main reason behind this fact is the large variability
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Fig. 1. Visual examples of page document images from different official gazettes (upper row). From left to right we present: (i) Spanish official gazette (i.e., BOE); (ii) public
affairs document with the results of a vote in the Spanish Parliament; (iii) Spanish regional official gazette (i.e. DOGV); and (iv) Official Journal of the European Union. The
bottom row presents illustrations of their layout components simplified by colored block (i.e., each color represents a document layout component).
inherent in the problem. In this work, we propose a method to semi-
automatically annotate a large number of digital PDF documents with
their basic layout components. Our method combines a document col-
lection procedure, the use of PDF miners to extract layout information,
as well as a human-assisted process for data curation. We use this
pipeline to generate a corpus of official documents for DLA in the
legislative domain, which we call Public Affairs Layout (PAL) database.
The source of the documents in this work are official gazettes from
different institutions of the Spanish Administration. Official gazettes
are periodical publications,1 in which administrations include leg-
islative/judicial information and announcements. Fig. 1 presents 4
visual examples of public affairs document pages (top row), along with
manual annotations of their layouts (bottom row). We included two
document images from Spanish official gazettes (first and third sam-
ples), a document image from the EU official gazette (fourth sample),
and a public affair document image with a summary of legislative
activities in the Spanish Parliament (second sample). Although all of
them span from the same domain (i.e., public affairs), they exhibit
different ways of presenting their components. Notice, for instance,
how the Spanish gazettes present a one- and a two-column format
respectively for the text blocks. The EU gazette is relatively similar to
the first Spanish gazette sample. In the second sample (i.e. the only one
that is not part of an official gazette) the use of images and colors in
its template favors visual design hardening layout analysis. Note that
in this last example the text layout is not structured as a two-column
format, but rather it corresponds to a layout where the text in the
right column serves as an index. These examples illustrate the large
variability of the problem at hand.

Looking again to the top rows in Fig. 1, we can appreciate that,
despite the fact that the documents originate from different adminis-
trations and countries, all of them present common features related
with the spatial location and visual characteristics of the text blocks.
Independently of the language of the document, a reader can easily
identify the different text blocks (e.g., titles, body, summary). The long-
term vision of our work is to develop AI-powered tools around these
2

commonalities able to adapt (with human intervention if needed) to the
specificities of particular documents deviating from known patterns.

With that vision in mind, the present work presents methods and
resources to develop AI-based tools for the automatic processing of
massive databases of public affairs documents. The main aim is lever-
aging recent advances in the Document Layout Analysis and Natural
Language Processing (NLP) domains to allow both citizens and corpo-
rations to have quick access to changes in regulations. The system’s
block diagram is illustrated in Fig. 2, in which we can appreciate three
different modules: (i) a Harvester or Document Capturing module; (ii)
a Document Layout Analysis module; and (iii) a Natural Language
Processing module [5]. The Harvester constantly monitors a set of
predefined public affairs data sources, and automatically collects any
new document in them by using web scraping tools. Then, the DLA
module extracts the main components of the document, and classifies
the text blocks into different semantic categories with the objective of
enriching the following NLP tasks. Finally, a NLP module processes the
text blocks using Large Language Models (LLMs) to extract relevant
information from the documents, such as the topics or the entities cited
within them. The present paper focuses on the DLA module (see the
highlighted components in Fig. 2), with the following contributions:

• We present a new publicly available database for DLA in the
domain of public affairs, the Public Affairs Layout database
(PALdb).2 The database was collected from a set of 24 data sources
from the Spanish administration and comprises nearly 37.9 K
documents, 441K document pages, and 8M layout labels.

• We provide layout information extracted from the documents,
including the pre-processed cleaned text from the text blocks
detected. Thus, in addition to the layout information database,
a large corpus of public affairs text data in Spanish, as well as 4

2 https://www.github.com/BiDAlab/PALdb

https://www.github.com/BiDAlab/PALdb
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Fig. 2. Block diagram of an automatic public affairs document analysis system. We highlighted the components of the DLA module, which are detailed in this work.
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other co-official languages in Spain, was collected and is available
for NLP pre-training and domain adaptation.

• We assess our text labeling strategy with different experiments,
in which we prove the usefulness of the information extracted to
classify text blocks into different semantic classes defined after an
empirical analysis of the data sources.

• We also experiment with the use of QCD techniques [6–8] to
continuously detect changes in the layout style of documents
from a specific source, and discuss how this technique can be
a key component in an automatic document processing frame-
work. To the best of our knowledge, this is the first time that
this kind of time-adaptive scheme is scientifically documented to
continuously detect document layouts.

A preliminary version of this article was published in [9]. This work
ignificantly improves [9] in the following aspects:

• We have extended the related works section, with a review of the
state-of-the-art in document understanding technologies, a task
closely related with both DLA and the research project in which
this work is framed.

• We provide further context on the nature of the data sources used
to collect the proposed PAL database.

• We have extended the text labeling experiments of [9] with two
new scenarios, in which we assess both multi-source classifiers,
and the behavior of the proposed classifiers when dealing with
documents from unseen data sources.

• The new experiments demonstrate the generalization capacity
of the proposed models with consistent performance over 85%
classification accuracies.

• We have also expanded our experiments with an application of
QCD-based techniques to the DLA domain, and develop how these
techniques can be useful in the development of time-adaptive
document processing systems with an experiment on the proposed
PAL database.

The rest of the paper is structured as follows. Section 2 provides
review of different works concerning document layout analysis and

utomatic digital document processing. In Section 3 we present our
emi-automatic procedure to collect and annotate our legislative docu-
ent database, as well as the database details. Section 4 presents the
ifferent experiments of this work. Finally, Section 5 summarizes the
ain conclusions.

. Related work

The literature on Document Layout Analysis (DLA) differences be-
ween two types of PDF documents: (i) native or digital-born doc-
ments; and (ii) document images. The former are those originally
reated from a digital version of the documents, while the latter are
canned images captured from physical documents, or digital-born
3

documents which were converted to images. This distinction leads to
different approaches on how to extract their main layout components.

With regard to PDF native documents, the availability of all doc-
ument information within the internal PDF structure makes the use
of PDF miner tools the most common approach to extract layout
information. A wide range of tools are available for layout extraction
in digital documents. However, for a long time these tools have mainly
focused on text extraction [10], and have been limited by the way
the PDF format processes their components (e.g., it specifies where
and how to place individual components, without using high level
semantic information about them). This behavior also makes it difficult
to detect layout elements such as tables, as there is no label to identify
them. Modern PDF miners have learned to work with this structure,
but elements such as tables remain difficult to detect. We can cite here
systems such as OCR++ [11], which converts PDFs to XML documents
using the pdf2xml3 library, and then extracts text information from
these XMLs. The authors of [10] conducted an evaluation of 14 text
xtraction tools, including their own, and proposed a benchmark for
ext extraction methods from digital PDF documents. They collected

database consisting on 12K scientific articles from arXiv4, which
hey annotated by parsing the corresponding TeX files. More recently,
n [12] the authors proposed an automatic method to annotate a large
orpus of digital PDF articles, by matching the output of the PDFMiner5

library with the XML representations of the articles. They released a
page image database, known as PubLayNet6, and later made available
the original native PDF documents they used to create it.

On the other hand, DLA on document images has been addressed as
an image processing task with the use of Computer Vision techniques.
By not having access to internal information of the documents, espe-
cially when working with scanned documents, databases in this domain
have been mostly annotated by hand, which ultimately limited their
sizes. For instance, we can cite here the datasets collected for the IC-
DAR document processing challenges [13–15], which included complex
documents with realistic layouts, the ICDAR 2013 Table Recognition
Challenge dataset [16], or both the UW III and UNLV datasets. Other
works present their own manually annotated databases based on sci-
entific articles [17,18], with the previously mentioned PubLayNet [12]
being the largest database (i.e. nearly 350K page images) thanks to an
automatic annotation method.

Early approaches for conducting DLA on document images included
text segmentation techniques [19,20], or the use of HOG features [21,
22] to perform this task. More recently, deep learning-based methods
have been applied, specially the use of R-CNN object detection mod-
els [23,24]. In [18] a combination of F-RCNN [24] with contextual

3 https://www.sourceforge.net/projects/pdf2xml
4 https://www.arxiv.org
5 https://www.github.com/euske/pdfminer
6
 https://www.github.com/ibm-aur-nlp/PubLayNet

https://www.sourceforge.net/projects/pdf2xml
https://www.arxiv.org
https://www.github.com/euske/pdfminer
https://www.github.com/ibm-aur-nlp/PubLayNet
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information was proposed to conduct this task. The authors of Pub-
LayNet [12] used both F-RCNN and M-RCNN [23] in their experiments
with the proposed database. A texture-based CNN was used in [25]
to classify document blocks detected by an OCR. Oliveria and Viana
proposed [17] the use of 1-D CNNs as both an efficient and fast solution
for DLA. They use the running length algorithm [26] to detect re-
gions of information in grayscale images, then define blocks as regions
connected after a 3 × 3 dilatation operation. Finally, the network
classifies the blocks using both vertical and horizontal projections of
these blocks.

Closely related with DLA, there are some methods that perform
what is known as Document Image Understanding (DIU), which aims
to process documents automatically to perform certain tasks (e.g. doc-
ument classification, extracting and structuring textual information,
visual question answering, etc.). In this sense, the work of [27] pro-
posed a pre-training method that combines layout, visual and textual
information in a BERT-based Transformer architecture [2], known as
LayoutLM. They hypothesized that including both visual and layout
cues in an information fusion setup would improve the performance
of NLP models when processing visually rich documents. An improved
version of LayoutLM was developed later [28], which included spatial
self-attention, and new pre-training tasks to help the network model the
cross-modality interaction between text, image and layout. A multilin-
gual version of these models was recently published for multilingual
document understanding [29].

3. Semi-automatic document layout annotation

In this Section, we will present our new database for Document Lay-
out Analysis in the domain of public affairs, the Public Affairs Layout
database (PALdb), along with the procedure to collect and annotate it.
More specifically, Section 3.1 presents a brief description of the data
sources of this work. Then, Section 3.2 introduces our data collection
method, and the details of the final database. Section 3.3 describes
the tools used to extract layout information from the documents, the
features extracted, and the different layout components of the database.
Finally, in Section 3.4 we explain our semi-automatic method to classify
the text blocks extracted into different semantic categories, and the
following data curation procedure.

3.1. Database sources

Spain has a wide variety of sources of public affairs documents. The
Spanish Constitution7 approved in 1978 established the public nature
(in its article 9.3) of all the norms and provisions. Hence, all the
judicial, royal and governmental decrees and norms, as well as the laws
approved by the congress, must be published in the Boletín Oficial del
Estado (BOE), the official gazette of Spain, in order to be considered
legally valid. This nature, in addition to its daily publication, makes
the BOE the most important source of legal information in Spain. In
addition to the BOE, there are two relevant publications that include the
main decisions and events of the two chambers composing the Spanish
Parliament (i.e., the Congress of Deputies and the Senate). These two
chambers represent the legislative power of Spain, which lead them to
have their own gazettes, the Boletín Oficial del Congreso de los Diputados
(BOCD), and the Boletín Oficial del Senado (BOS).

Spain is a decentralized state that delegates part of its power and
governance to various administrations responsible for managing the
territories that comprise the country. This system, known as the ‘‘State
of Autonomies’’, divides the territory into 17 autonomous communities
and 2 autonomous cities, each with its own regional government,
legislation, and culture (e.g.,some of these territories even have its
own co-official language, such as Basque or Catalan). Thus, beyond the

7 https://www.boe.es/boe/dias/1978/12/29/pdfs/A29313-29424.pdf
4

official gazette, Spain have 19 different regional gazettes, which address
the main legislative changes in their territories.

Finally, there are two important local gazettes that we considered
worth to mention in addition to the previous ones. The two main
cities of Spain, Madrid and Barcelona, publish the main resolutions
and news of their city councils in two official gazettes, namely the
Boletín del Ayuntamiento de Madrid (BOAM) and the Boletín Oficial del
Ayuntamiento de Barcelona (BOAB). Due to the significant relevance of
both cities, not only in Spain but worldwide, these publications are
normally considered in the same level as the regional gazettes.

3.2. Document collection

Our data collection involves the 24 public affairs data sources from
he Spanish Administration that we introduced in the previous section.
he main characteristics of these data sources are summarized as
ollows:

1. The availability of historical repositories of PDF files, with more
than ten years of almost daily publications (there are usually no
publications on the weekend).

2. The diversity of document layouts, which are different for each
source, and have changed over the years (e.g. compare first and
third samples in Fig. 1).

3. The existence of 5 co-official languages in the Spanish territory,8
and the freedom to publish official document in their own
format, have led to a rich diversity of languages in these sources.
We consider this an important point, due to the lack of data
available in those languages to develop NLP systems.

Table A.1 in the Appendix presents the full list of data sources used
in this work, including the links to the original repositories, and the
languages employed in each one of them. Note that from now on we
will refer to each data source with a numerical identifier according to
Table A.1. Since we had access to the historical repositories of all the
publications in various Spanish institutional websites, we used an auto-
matic web scrapping method to download all the documents (i.e., the
Harvester module depicted in Fig. 2). We then filtered documents
published before 2014, and used the most current ones in our work. This
allowed us to discard scanned-image PDF files corresponding to old
publications, which are left out of the scope of this work. We use as web
scraping backbone the Python library Scrapy9, concretely the ‘‘Spider’’
class, and define how each website would be parsed. We would like to
deepen here on the public nature of all these documents. According to
the Spanish legislation, these documents have to be publicly published
in order for their content to be legally valid. Once published, their
download and distribution is completely legal. The only constraint in
this sense, naturally, would be to try to modify their content mali-
ciously to spread miss-information or fake news. However, this is not
the intention of the work, since we are only interested in process them
to provide information on the layout of the documents, and to extract
the text without modification (i.e., no modification on the content, nor
to the original documents, is conducted). Thus, no agreement to process
them is required, as long as we respect the previous considerations.

As a result, the PALdb comprises 37, 910 documents, in which we
ave 441.3 K document pages and 138.1M tokens. Attending to the
ayout labels, we can find 1M images, 118.7 K tables, 14.4 K links,
nd 7.1M text blocks. The database is divided into a train set and a
alidation set, where text labels were validated by a human supervisor,
s we will comment later in Section 3.4. The train set is composed of 36,
66 documents, 422K document pages and 130.5M tokens, with 1.1M
mages, 145.2 K tables, 16.3 K links, and 8.8M text blocks.

8 https://www.bilingualkidspot.com/2020/09/10/languages-spoken-in-
pain-official-language-more/

9 https://www.scrapy.org/

https://www.boe.es/boe/dias/1978/12/29/pdfs/A29313-29424.pdf
https://www.bilingualkidspot.com/2020/09/10/languages-spoken-in-spain-official-language-more/
https://www.bilingualkidspot.com/2020/09/10/languages-spoken-in-spain-official-language-more/
https://www.scrapy.org/
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Table 1
Description of the validation set of the PALdb. We provide statistics on the number of documents, pages and tokens for each
source, along with the number of examples of each layout category.
Source #Doc. #Pages #Tokens Layout components

#Images #Tables #Links #ID #Title #Summary #Body

1 193 602 182.5K 1206 179 1 2296 2463 192 5540
2 16 231 143.3K 0 0 0 715 1040 11 2138
3 14 224 48.9K 19 150 0 743 1369 62 2562
4 28 857 329.5K 80 141 0 2735 6287 199 9518
5 50 403 176.6K 845 106 2 810 1647 114 5293
6 30 884 189K 65 449 105 3034 3108 144 6718
7 122 393 205.9K 2 93 1 786 1695 128 7166
8 44 649 299.1K 5593 176 3 793 1702 283 7052
9 96 570 139.1K 6 346 103 1709 1189 102 5114
10 13 1046 736.8K 1023 279 268 275 5394 214 13.3K
11 75 476 170K 102 141 3 928 1496 76 4277
12 41 742 367.3K 725 128 145 2232 5146 251 15.7K
13 43 310 118K 600 17 27 930 727 55 3742
14 43 281 131.2K 865 98 275 774 1164 42 3670
15 50 225 69.5K 8 38 0 659 852 50 2737
16 13 383 204.4K 1064 140 22 382 1209 73 4100
17 142 315 143.9K 7 72 372 941 1283 157 4899
18 35 1064 297.2K 12 304 273 5 2127 1410 224 9766
19 10 1302 532.5K 1511 4384 0 2592 1962 470 15.4K
20 40 1049 348.3K 1049 63 0 2098 1951 44 32.1K
21 32 887 323.8K 862 114 268 1779 2320 293 15.8K
22 57 549 453.3K 626 309 0 547 1941 210 4534
23 61 4771 1.45M 15 468 1919 413 9608 12 563 882 48.9K
24 197 1064 454.8K 1071 17 23 1049 2006 282 14.4K

Total 𝟏𝟒𝟒𝟒 𝟏𝟗𝟐𝟕𝟔 𝟕.𝟓𝟐𝐌 𝟒𝟓.𝟏𝐊 𝟗𝟔𝟑𝟐 𝟐𝟎𝟑𝟔 𝟒𝟎.𝟓𝐊 𝟔𝟏.𝟗𝐊 𝟒𝟓𝟓𝟖 𝟐𝟒𝟒.𝟒𝐊
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Table 1 presents the number of documents, pages, tokens, and
amples from each layout category included in the validation set of the
ALdb. The statistics in Table 1 refer to data validated by a human
upervisor, as we will comment later in Section 3.4. We set a minimum
f 10 documents and 200 pages for each data source. Note that some
ources present significant differences in the pages per document rate
e.g. for Source 1 the relation is roughly 3 pages per document, while for
ource 19 is 130). This is a direct consequence of the nature of the doc-
ments we had access to. While all the documents we downloaded are
fficial gazettes, these gazettes were available in two different formats:
i) full gazette contained in one document; and (ii) the gazette divided
n different individual documents, each one containing a section or
nnouncement. Most gazettes are available in both formats, but the
ccess we had to these using the web scrapping spiders varied between
ublications. Another interesting relation is the number of tokens vs
he number of pages, which is significantly higher for two gazettes,
amely Source 22 (i.e. 825.7 tokens per page) and Source 10 (i.e. 704.4

tokens per page). These publications are the only ones among the 24 to
resent a two-columns format (see the third sample in Fig. 1 for a visual
xample of Source 22), so the number of tokens per page is naturally
igher.

All the documents we collected are PDF native format, that is, they
re not scanned images of a document, but rather they were originally
reated from a digital version of the document. This fact allowed us to
se PDF miner tools to identify the main document layout components,
nd extract information related to these elements. In the following
ection, we will introduce the different layout components extracted
n this work, as well as our semi-automatic annotation method.

.3. Layout components extraction

We considered 4 main layout categories or blocks in this work: (i)
mage; (ii) table; (iii) link (i.e. a region in the document associated to
n external URL); and (iv) text block. We used 2 different PDF Miner
5

ibraries to extract these components from the documents:
• PyMuPDF.10 This is a Python binding for MuPDF, a powerful PDF
viewer and toolkit. We use this tool to extract image, link, and
text blocks from each page of the documents. PyMuPDF not only
allows us to detect these blocks (i.e. it returns their position as a
4-tuple bounding box (𝑥0, 𝑦0, 𝑥1, 𝑦1)), but also returns information
about them (e.g. the raw text of the blocks, font type, size, etc.)

• Camelot.11 A Python library to extract tables from PDFs. This
library detects the position of the tables in each page by getting
both the vertical and horizontal lines composing the table, and
computing their boundaries (again as a 4-tuple bounding box).
Then, it extracts their information in a pandas dataframe that
preserves their structure, which can be exported to different
formats.

It is important to note that these libraries work only for PDF native
ocuments, therefore any document image scanned included in them
as treated as a simple image. For each input PDF file, we extracted

he layout information, and stored it in a CSV file. The information from
ll the tables detected was also exported to independent CSV files. We
lso generated as output a version of the input PDF file annotated with
ayout information, using the functions provided by PyMuPDF. This
llowed us to visually assess the results of the extraction.

When extracting tables with Camelot, we adapted the bounding
oxes to PyMuPDF’s coordinate system, which considers the origin
0, 0) in the top left corner (see Fig. 3 for a visual example). We
lso consider the case of rotated tables (i.e., wide tables that appear
otated to fit in a whole page), which present another coordinate system
ifferent from normal tables.

We extracted the features presented in Table 2 for the 4 layout
locks studied in this work. As we commented before, thanks to
yMuPDF’s functionalities, we had access to different font character-
stics from the text blocks, including size, font type, bold, or italic
nformation. This allowed us to define several handcrafted-features
escribing the text blocks. Note here that our approach is limited to
he data contained in the PDF structure of the document. Hence, the

10 https://www.pymupdf.readthedocs.io/en/latest/
11 https://www.pypi.org/project/camelot-py/

https://www.pymupdf.readthedocs.io/en/latest/
https://www.pypi.org/project/camelot-py/
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Table 2
Layout features extracted for each layout block (i.e. Image, Table, Link, or Text Block) detected by our algorithm.

Feature Description Layout blocks

Image Table Link Text

𝑓1 Page number in which the block was detected, starting from 0 ✓ ✓ ✓ ✓

𝑓2−5 A 4-tuple (𝑥0, 𝑦0, 𝑥1, 𝑦1) bounding box that defines the block’s region in the page (see the coordinate system in Fig. 3) ✓ ✓ ✓ ✓

𝑓6−7 A 2-tuple (𝑥𝑐 , 𝑦𝑐 ), where 𝑥𝑐 = (𝑥0 + 𝑥1)∕2, 𝑦𝑐 = (𝑦0 + 𝑦1)∕2 ✓ ✓ ✓ ✓

𝑓8−11 A 4-tuple with the block distance to each limit of the page (see the coordinate system in Fig. 3) ✓ ✓ ✓ ✓

𝑓12 Important data about the block (output CSV file path for tables, URL for links, and the pre-processed text for text blocks) ✗ ✓ ✓ ✓

𝑓13 Proportion of bold tokens in the text block ✗ ✗ ✗ ✓

𝑓14 Proportion of italic tokens in the text block ✗ ✗ ✗ ✓

𝑓15 Average font size of the text block ✗ ✗ ✗ ✓

𝑓16 A tuple with the different font types in the text block ✗ ✗ ✗ ✓

𝑓17 Proportion of capital letters in the text block ✗ ✗ ✗ ✓

𝑓18 Number of elements separated by simple space in the text block ✗ ✗ ✗ ✓

𝐵 Type of block detected (0 for Image, 1 for Table, 2 for Link, and 3 for Text) ✓ ✓ ✓ ✓

𝐿 Layout attribute label (0 for Image, 1 for Table, 2 for Link, 3 for Identifier, 4 for Title, 5 for Summary, and 6 for Body) ✓ ✓ ✓ ✓
Fig. 3. Document page image from the Official Journal of the European Union. The color codes for the annotations are as follows: red for Image; yellow for Link; green for
Identifiers; pink for Titles; cyan for Summary ; and black for Body. We also illustrate the coordinate system, and different positional features for an example text block.
feature extraction depends on this information, and ultimately, on the
editor used to create the files. We extracted text blocks in reading
order (i.e. following a top-left to bottom-right schema) at line level,
merging close lines with similar font features (except for size, which
we have averaged using the number of tokens of each size in the
resulting blocks). In this step, we pre-processed the raw text to remove
line breaks, excessive white spaces, and ∖uFFFF Unicode characters,
6

which were found instead of white spaces in the raw text extracted
from Source 5 documents. It is worth to mention here the case of
Source 4 documents, where the raw text appeared without white spaces
when trying to extract it. This was probably due to the original PDF
editor, which, instead of using white spaces, just put each word in
its corresponding place. We could extract each word individually with
PyMuPDF, and reconstruct the original text using their block and line
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references. Finally, we removed any text blocks with an overlap over
70% with a table detected, as its information should be stored in the
corresponding CSV table file.

Note that not all the text blocks have the same semantic role within
a document. Some document components, such as tables and images,
usually have a clearly defined purpose. However, a text block may
be a paragraph inside the body text, a title, or a caption, among
other options. Furthermore, these semantic roles of the text are usually
denoted in a document by using different layout features (e.g. the use
of bold or italics, variety of fonts, different sizes, specific positions,
etc.). For this reason, we inspected the documents from each source,
and defined 4 different text categories within them:

1. Identifier. A text block that identifies the document. Here we
can find the date, the number of the publication, or even explicit
identifiers (e.g. in Source 1 announcements documents, you can
usually find an identifier in the bottom right of the page, with
structure ‘‘BOE-A-year-announcement number’’).

2. Summary. A text block that can be found at the beginning of
some announcements, and summarizes their content.

3. Title. A text block that identifies different sections within the
document, or that has a significant higher importance than the
body text. Titles usually present different font characteristics
than regular text blocks.

4. Body. The text blocks composing the main content of the docu-
ment.

Some visual examples of these text categories can be found in Fig. 3.
onsidering the text categories, layout components in our documents
re labeled into 1 among 7 possible categories. As these text categories
ave a semantic meaning in our documents, but may not have in some
ther applications, we have made an explicit distinction between block
B) and label (L) in our database (see Table 2). Note that for tables,
inks, and images, these attributes are the same. In the next section we
ill describe our semi-automatic method to classify each text block into
ne among the previously introduced text categories, based on the text
eatures extracted.

.4. Text block labeling and data curation

As we introduced in the previous section, we defined 4 different
ext categories for the text blocks of our documents. After extracting
he layout components into layout files, we had a set of 18 different
eatures describing each text block. We proceeded to annotate each text
lock based on the features in a two-step process, which is illustrated
n Fig. 4.

In the first step, or initialization step (Step 0 in Fig. 4), we defined
set of heuristic rules after an initial inspection of the feature values

or each source and text category. An example of such rules could be
‘Text blocks with a proportion of bold tokens over 0.5 and size higher than
4 are Titles’’. The goal of the heuristic rules was not to perform a
erfect labeling of the text blocks, but to have an initial set of labeled
ocuments with possible noisy labels. We defined these rules based
nly in the font text features (𝑓13-𝑓18 in Table 2), except the font
ypes (𝑓16). In the case of the Identifier class, the presence of some key
ords in the text (𝑓12) was used as well (e.g., the Spanish words for

he days of the week). We developed an application to help a human
upervisor validate the resulting noisy-labeled documents, and correct
rong labels. For an input file, the application displayed each page
nnotated with the current labels. The application then detected in
hich part of the page the supervisor was clicking. In case of clicking

nside a block’s bounding box, the application changed the label to
he next value. This allowed us to obtain an initial set of correctly
abeled documents for each document source in a ‘‘quick’’ manner.
ll the documents were validated by an unique human supervisor
7

expert in analyzing this kind of documents) to prevent subjective
iases of different supervisors. Note, however, that the labeling criteria
ere predefined by a group of experts, and based on these criteria,

he human supervisor conducted the aforementioned validation. The
esulting validated documents were finally assessed by the previously
ited group of experts, who agreed with the labeling carried out after
visual inspection of a significant percentage of the documents. Thus,

he groundtruth labels for this set are considered to be reliable for this
pplication (i.e. gold standard).The resulting validated documents were
inally assessed by a few other experts, who agreed with the labeling
riteria.

Once we had the initial set of validated documents for a specific
ource, we moved to the next step (Step 1 in Fig. 4). We considered
threshold of 50 pages as the minimum set to proceed. In this step,
e started by training a classifier for each source with its validated
ocuments. We decided to use a Random Forests classifier for this task,
s the nature of our rule-based labeling was close to the hierarchical
ogic employed by this classifier. In this case, we use all the features
vailable except for the text (𝑓12). We normalized the positional fea-
ures (𝑓2 - 𝑓11) with respect to the page dimensions. We also codified
ont types by creating a dictionary for each unique set of fonts found
ithin the blocks.

We qualitatively assessed that, by using the trained models to
alidate new documents, the number of errors significantly dropped.
ur experiments in Section 4.1 will demonstrate quantitative results

upporting this fact. Hence, from this point we continued with a
uman-in-the-loop AI-based data curation process. The use of the AI-
ased labeling speeded up the validation process significantly, and
any errors from the rule-based labeling were properly corrected. This

llowed us to increase the validated sets, and retrain the models with
ore data, which ultimately ended up reducing further the errors. We

epeated periodically this iterative process, and end up with models
hose outputs were satisfactory enough. At this point, we used the AI-

abeling process to create a large set of unvalidated data whose labels
ere clean enough for a training set. A visual inspection of an arbitrary

election of documents confirmed this hypothesis. Furthermore, our
xperiments in the next section will provide quantitative measures
ased on which an estimation of the reliance of these labels can be
ade.

. Experiments

In this Section, we present the experimental setup and results of
his work. Our experiments can be divided into two groups. The first
roup of experiments (Section 4.1) aims to validate the usefulness of
he layout features extracted from the text blocks to train text labeling
lassifiers in different scenarios. The second part of our experiments
Section 4.2) presents an application of QCD-based techniques [7,8] on
he layout detection domain, where the objective is to automatically
etect changes in the document layout of an specific source.

.1. Automatic text blocks labeling

As we previously introduced in Section 3.4, we applied a data
uration method based on the use of a text labeling classifier to an-
otate the text blocks in our database. In this Section, we provide
ifferent experiments to quantitatively assess our strategy, and the
sefulness of the text features extracted (see Table 2) to discriminate
etween different semantic text categories. Recalling Section 3.3, we
efined 4 different text categories in our work after an initial inspection
f the data sources: (i) Identifier ; (ii) Title; (iii) Summary ; and (iv)
ody. Among these, the most frequent one is the Body category, with
ummary on the other hand being the least frequent (see Table 1).

We will evaluate the performance on three different text labeling
cenarios: (i) training one model for each data source; (ii) training a
odel for 5 different sources; and (iii) training a model in a leave-
-out setup, where we use 21 sources for training, and leave 3 for
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Fig. 4. Text block labels’ data curation process. During Step 0 we assign labels to text blocks using a set of heuristic rules, which are validated and corrected by a human
supervisor. Then, in Step 1 we use the validated documents to train a text labeling classifier per source, and use these classifiers to annotate new documents, hence reducing the
number of errors and accelerating the labeling process.
evaluation. In all 3 cases, we choose a Random Forests (RF) model as
classifier, inspired by the low number of features, and the hierarchical
decision logic of the problem, for which we consider the RF model to
be the perfect suit. We used as input for the classifiers all the features
depicted in Table 2, except for feature 𝑓12 (i.e. the raw text data itself).
We normalized features 𝑓2 - 𝑓11 with respect to the dimensions of
the document. For feature 𝑓16, we created a dictionary to assign a
value to each unique configuration of text fonts (remember that we
can find different font types within the same text block, which we
stored in a tuple format). We also added an additional feature, an
identifier of the source, so that the classifier could learn to distinguish
the source-dependent text layout patterns.

In both Scenario 1 and Scenario 2 we use 80% of the documents
from the validation set for training, and 20% for testing. Note that
we decided to make the train/test splitting at document level, instead
of page level, so we could take into account potential intra-document
biases (i.e., the existence of significant layout differences within a doc-
ument with respect to the classic source’s template, where annexes, for
instance, play an important role). In these two scenarios, we repeated
the experiment 10 times with arbitrary train/test splits, and report as
results the mean and the standard deviation of both overall and per-
class accuracy. Concerning Scenario 3, we use all the documents from
the training sources as train set, and evaluate the resulting classifiers
on the test sources. Consequently, we did not repeat this experiment
several times, as both train and test split are always the same for each
configuration.

The results of Scenario 1 are presented in Table 3. We can observe
that the best results per-class are those obtained for Identifier, with a
mean accuracy over 99% in all cases except for two sources, Source 6
and Source 22. These two cases also show a standard deviation higher
than 3, which further highlights the increased difficulty in detecting
identifiers in these sources. The good results obtained for the Identifier
class could be expected, as these text blocks present low variability in
the documents (i.e., they usually have the same position in the docu-
ments, number of tokens and font characteristics). After them, the Body
class presents the best results, with all the mean accuracies over 95%,
and low standard deviations in general. On the other hand, the ‘‘worst’’
performance is obtained for the Title category. We considered this class
8

Table 3
Overall and per-class accuracies of the text block classifiers for each data source. We
report the accuracy in terms of 𝑚𝑒𝑎𝑛𝑠𝑡𝑑 after repeating 10 times the experiment with
arbitrarily selected train/test splits.

Source ID Classification accuracy (%)

Overall ID Title Summary Body

1 98.081.17 99.540.41 96.204.35 99.471.05 98.481.18
2 96.593.61 100.00.00 91.576.10 1000 97.992.36
3 98.261.66 1000 96.723.53 97.754.53 98.910.08
4 99.031.00 99.990.02 98.331.81 96.554.68 99.240.78
5 96.262.67 1000 94.034.95 1000 96.223.73
6 95.932.61 98.673.51 88.487.07 90.986.44 98.920.80
7 97.901.02 1000 96.561.76 99.201.60 97.871.61
8 94.812.03 1000 86.399.85 89.084.67 97.621.55
9 97.191.61 1000 89.106.56 98.522.26 98.661.48
10 98.700.95 99.850.30 97.602.47 96.844.48 99.260.46
11 96.542.89 99.960.13 96.024.06 98.752.50 95.454.21
12 99.350.55 1000 98.031.95 98.162.66 99.740.42
13 98.251.91 1000 93.906.84 97.984.07 98.741.52
14 96.521.95 99.690.63 94.655.36 1000 96.273.17
15 94.643.27 99.331.18 89.137.40 93.096.37 95.543.56
16 93.373.20 99.890.34 84.3510.72 61.0812.35 96.672.30
17 97.160.83 1000 93.252.99 97.372.00 97.680.84
18 98.940.91 99.930.09 94.954.23 97.963.49 99.350.79
19 98.001.21 99.910.19 90.503.53 99.580.65 98.891.09
20 99.930.07 1000 99.441.47 99.092.73 99.950.05
21 99.380.52 1000 96.613.14 93.965.88 99.760.45
22 98.221.28 98.873.38 96.872.39 95.035.55 98.900.84
23 97.361.01 99.960.04 91.083.65 99.550.47 98.251.62
24 99.270.44 1000 95.253.97 99.630.75 99.790.06

as the less objective during labeling, as different considerations of what
is a title can be correct, especially when encountered within the body
text of the announces, or in the annexes. This subjective nature make
titles harder to classify. Another reason behind this performance is
the potential mistakes between Title and Body classes, as the class
imbalances penalizes errors more for the former. Nevertheless, the
mean performance for the Title class is over 84% in all cases, with
19 sources reaching a performance over 90%. Attending to the overall
accuracies, all the sources obtain good results, which surpass 96% for
20 different sources. The lowest performance is obtained in the Source
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Table 4
Overall and per-class accuracies of the 5-source text block classifiers. We report the
accuracy in terms of 𝑚𝑒𝑎𝑛𝑠𝑡𝑑 after repeating 10 times the experiment with arbitrarily
selected train/test splits.

Source IDs Classification accuracy (%)

Overall ID Title Summary Body

1, 11, 21,
7, 17

97.690.66 99.490.70 94.211.38 95.173.09 98.550.77

4, 6, 21,
9, 18

95.932.25 99.980.03 92.985.6 96.043.39 96.223.44

12, 20, 18,
15, 2

98.690.48 99.920.13 95.482.39 97.251.57 99.100.42

12, 3, 19,
10, 2

97.751.27 99.890.11 95.382.49 97.391.64 98.171.45

23, 16, 19,
6, 13

96.291.40 96.964.54 92.092.80 96.321.34 97.362.49

24, 7, 11,
22, 14

98.780.32 99.900.12 96.321.03 98.161.12 99.100.49

24, 3, 9,
5, 10

97.811.48 99.960.09 94.493.55 98.241.53 98.452.09

1, 8, 13,
17, 20

98.600.61 99.830.29 95.741.37 93.863.35 98.900.67

4, 15, 7,
14, 22

98.100.30 99.510.61 95.491.35 97.251.57 98.560.44

19, 10, 11,
22, 21

98.450.38 99.890.10 96.621.00 96.223.23 98.860.31

16, 14, 13,
11, 22

98.040.91 99.930.10 93.213.99 93.193.17 99.010.46

16, which also shows an outlier-like performance in the summaries
(i.e. 61.08%), and the lowest performance in titles (i.e. 84.35%). Note
that this scenario represents the final stage of our data curation process
(see Section 3.4), in which one model per source was trained on the
validation set, and employed to annotate the training documents of the
corresponding source. Considering the groundtruth text labels of the
validation set as the gold standard for our application, we can assume
that the performance achieved here approximates the expected noise in
the text labels of the training set of PALdb.

Moving on now to Scenario 2, we present the results for different
configurations in Table 4. These 5-source configurations were selected
randomly. In general, all the classifiers obtained satisfying results, with
a minimum overall accuracy of 95.93% (i.e. the classifier trained on
Sources 4, 6, 21, 9, and 18, see second row of Table 4). The results
per-class follow the same trend, with a minimum value of 92.09% for
the Title class. While the accuracy of both Identifier and Body classes
are close to the ones obtained in the previous scenario (see Table 3),
we can observe an improvement in performance for the Title category,
as we find the accuracy in the range 92% − 97% in all cases. The
standard deviation of this metric is also lower than the ones exhibited
by the individual classifiers. Note that these results are also obtained in
configurations combining one- and two-columns text formats (i.e., the
ones considering Source 22 or Source 10). Despite having 5 different
possible layout sources, the use of the source identifier as input clearly
helped the classifier to learn specific patterns of each source, therefore
leading to accurate predictions during inference.

Now that we have assessed the performance of both individual
and multi-source text block classifiers, in Scenario 3 we assess the
generalization capabilities of the classifiers when making predictions
on documents from sources never seen during training. We chose a
Leave-3-out configuration, where only 3 sources were used as testing
sources, and employed the remaining for training. Table 5 presents the
results of this scenario. We grouped the 24 sources so that all of them
are evaluated once. We can observe a significant drop in performance
in all cases. In both Title and Body categories the drop in performance
9

is more subtle compared to the previous scenarios. In just one case o
Table 5
Overall and per-class accuracies in a leave-3-out setup.

Test source IDs Classification accuracy (%)

Overall ID Title Summary Body

1, 14, 19 91.21 77.45 85.38 89.64 95.75
13, 11, 10 87.51 69.08 70.83 34.78 97.74
12, 7, 22 86.43 48.56 67.39 10.98 96.95
24, 2, 6 80.79 34.35 86.53 0.92 90.35
3, 20, 21 90.82 33.47 68.07 39.24 99.25
4, 9, 17 78.06 28.99 78.52 32.01 92.28
23, 16, 8 88.07 90.18 74.76 1.62 92.90
15, 5, 18 84.45 39.00 73.60 19.57 97.38

(i.e., the case where Sources 4, 9, 17 conform the test set) the accuracy
for the Body class is lower than 90%. This behavior is not surprising,
as these classes are easier to generalize. On the other hand, both
Identifier and Summary classes present features more dependent of the
source layout, which would explain their worst results. For instance, the
identifiers obtained the best performance in previous experiments, as
their positional features are usually well defined within the documents
of a certain source. However, most of the sources place identifiers in
page borders, so depending of the train sources they can be easier to
recognize than summaries. In the case of summaries, we found that they
usually present a set of similar features within each source (i.e., bold,
italic, size, font type, or in certain cases, even positional features),
which ultimately makes them the most source-dependent text blocks.
This led to a significant performance decay, with some configurations
seeing their performance drop dramatically.

4.1.1. Results discussion
In the context of the text block labeling experiments, we have

analyzed 3 different scenarios, namely: (i) training a specific text
labeling classifier for each source; (ii) training a model for 5 different
sources; and (iii) training a model in a leave-3-out setup, where sources
composing the test set are not used for training. From the results of the
first two scenarios (see Tables 3 and 4 respectively) we can extract that
the proposed text features are useful to distinguish between different
semantic classes. Furthermore, the RF classifier represents an effective
model to conduct this task. However, a significant gap in performance
can be seen between those scenarios and the results of Scenario 3
(see Table 5), where some classes (i.e. Identifier and Summary) exhibit
significantly low accuracies.

We decided to inspect further the results of this last scenario, and
the nature of the errors. We present in Fig. 5.a the confusion matrix
of the classifier evaluated with Sources 24, 2, and 6 (i.e. the fourth
row of Table 5), while Fig. 5.b presents the one obtained with Sources
4, 9, and 17 (i.e. the sixth row of Table 5). Note that we selected
n purpose for this analysis the two models that obtained the worst
verall accuracies. In both cases, the classes Identifier and Summary
btained significantly worse results than the ones in previous scenarios.
or the Identifier class, in both classifiers more than 40% of the test
nstances were labeled as Body. As we commented in the previous
aragraph, identifiers are usually text blocks with specific positions
n the page, but their text features are close to the body text. In the
bsence of source specific knowledge, a trained classifier would mistake
dentifier samples with Body instances. We have another situation for
he Summary category, where most of the errors were labeled as Title.
s we discussed before, summaries usually have font features different

rom the body text, but source-specific enough to prevent the classifier
o assign the correct label, hence end up being classified as Title. Note
hat in this scenario we also included the source identifier as input, but
t did not provide any significant information about the test sources.

In the light of these results, we can conclude that the data curation
trategy applied (see Fig. 4) is adequate. The application of annotation
odels to sources that were not seen during training poses the risk of
btaining a significant number of labeling errors. Although the overall
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Fig. 5. Confusion matrices of the text block classifiers. Left figure presents the results of the classifier evaluated with Sources 2, 6 and 24. Right figure presents the results of the
classifier tested with Sources 4, 9, and 17.
accuracies in Scenario 3 are not that far from the other scenarios, the
per-class accuracies of some specific classes are clearly degraded. Note
that these classes are not that frequent, compared to more generic
classes such as Title or Body, so the overall accuracy is acceptable
anyway. By including at least a few examples from each of the sources
in the training data, the model is able to learn source-specific features
for all the classes. Therefore, we can obtain accurate classification of
all the text blocks using either of the first two scenarios.

4.2. QCD-based automatic layout change detection

In this section, we propose a novel application of Document Layout
Analysis tools. Suppose that we want to develop an automatic docu-
ment understanding system, in which one module performs DLA as a
pre-processing step previous to the main task, for which it is crucial
to have access to layout information. Assume that this system receives
as input documents from a set of pre-defined sources with well-known
layouts, so the layout detection module is trained on them. This system
is similar to the one presented in Fig. 2. But, what if the layout of some
of these sources significantly changes? The performance of the whole
system would be at risk, since the layout module would perform worst
on documents from those sources. The same would be true if documents
from sources other than those for which the system was designed began
to enter the system. In such scenario, it would be desirable to have a
system that detects changes in the layout in order to react as quick as
possible to them, and here is where Quickest Change Detection (QCD)
algorithms [6–8] can play a role.

QCD algorithms are a family of statistical signal processing tech-
niques, whose objective is to detect changes in certain statistical prop-
erties, while maintaining a trade-off between detection delay and false
alarm rate. These algorithms are based on computing the cumulative
sum of the scores of previous events instances, until a predefined
threshold is reached. Returning to the original problem of detecting
layout changes, we would start by training a source layout classifier,
which learns to identify if the source of the input document is among
the sources of interest (i.e., class 𝜔 = 𝑌 , for Yes, it is within known
sources) or not (i.e., class 𝜔 = 𝑁 , for No, it is not within known sources)
based on layout features 𝐟 . After training the classifier, we compute
the probability scores for both classes using a test set, and estimate
the probability density functions (pdfs) corresponding to the trained
classifier 𝑝(𝐟 |𝜔 = 𝑌 ) and 𝑝(𝐟 |𝜔 = 𝑁). For a new, unseen input document
𝑈 , represented by its feature vector 𝐟𝑈 , we then compute those pdfs to
generate the log-likelihood ratio:

𝐿 = log
𝑝(𝐟 |𝜔 = 𝑁)
𝑝(𝐟 |𝜔 = 𝑌 )

(1)

Note that the likelihood function of a distribution can be viewed as
a measure on how well the input data fits with the trained model. If the
10
input document 𝐟𝑈 comes from one of the sources of interest, is likely to
present a higher denominator than nominator in Eq. (1). Otherwise, it is
expected a greater value of numerator if document 𝐟𝑈 does not belong
to any source of interest, as established in the current layout classifier
from which the pdfs were generated. By computing the log-likelihood
ratio, we are conducting a statistical inference of the true class of the
document. We can then use the ratio as a score, and consider previous
documents using the following to compute the Change Detection score
at time step 𝑡:

𝑆𝑡 = max(𝑆𝑡−1 + 𝐿, 0) (2)

where 𝑆0 = 0. The use of the maximum in Eq. (2) prevents the score
to tend to extremely negative values after observing a long sequence of
documents belonging to class 𝑌 . As the system receives documents from
class 𝑁 , or presenting an unusual layout for class 𝑌 sources, the score 𝑆𝑡
will increase across time steps 𝑡, until a certain threshold 𝜏 is reached
(i.e., 𝑆𝑡 > 𝜏). Depending on the threshold, we can control the trade-
off between false-alarm rate and the delay to detect changes. Someone
could argue that using the first source layout classifier is enough to
prevent undesirable documents to be fed into the following stages of
the system. By using QCD we measure to what extent the sequence of
documents is consistent with what is expected in terms of document
layout. Fig. 6 presents the block diagram of the problem at hand.

We simulated the previously described situation by applying QCD-
based continuous detection to 14 sources in PALdb. We defined a set
of sources for our system, which includes samples from Sources 1, 4,
5, 6, 10, 12, 13, 14, 18, 20, 21, 22, 23, and 24. From these, we selected
4 sources as positive class or class 𝑌 (4, 10, 21, and 22). The other 10
sources from the previous list are labeled as negative class or class 𝑁 .
The aim of the experiment is to evaluate the performance to detect
changes in the layout style of positive sources. We trained a Random
Forest classifier to distinguish between documents from both classes,
using as input a feature vector 𝐟 describing each document. We included
in the feature vector the median of each positional feature (i.e. 𝑓2 -
𝑓11 in Table 2) for images, titles, identifiers, summaries, and body text
components in the first 2 pages. To train the classifier, we use 50%
of the documents, and then use 40% to validate the performance of
the classifiers. Furthermore, this validation set is used to obtain class
probabilities. Note that we left the remaining 10% of the documents to
evaluate the QCD detection algorithm, as this set should be different
from the classifiers’ train and test sets. Once we had the probabilities
values from the validation set, we estimated the probability density
function for each class using Kernel Density Estimation (KDE) with
Gaussian kernels, and start computing the detection score as indicated
in Eq. (2).

Fig. 7 presents the evolution of the detection score (𝑆𝑡) for an input
document sequence extracted from the test set. Samples 0 to 17 are
drawn from class 𝑌 (positive layout style), while the rest are examples
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Fig. 6. Quickest Change Detection algorithm (QCD) for Document Layout Detection.
from class 𝑁 (negative layout style). We also included two documents
from Source 4 dated in 2009, whose layout varies from the current ones
in our dataset (i.e. samples 15 and 16). We can observe that the score
remains at 0 until sample 14. This behavior is expected for the class
𝑌 samples, as the likelihood ratio in Eq. (1) tends to negative values
when the sample presents a greater likelihood with the main class
distribution (i.e. remember that we set the cumulative score in Eq. (2)
to have a minimum value of 0). However, when the 15-th sample is
reached, the score slightly increases, despite being drawn from Source
4. Since this document presents an older layout from the ones in our
dataset, its likelihood to come from unknown sources increases, so the
score increases. The same applies for sample 16, where we also have an
increase of 2. Note that in sample 17 the cumulative score decreases
again, as this is a normal sample that pushes back the cumulative score
to zero. From sample 18 onwards, the cumulative score only increases
its value, since all the samples have a greater likelihood with the class
𝑁 distribution. By analyzing the results in Fig. 7, we can see that the
threshold selection affects the detection of events (𝑌 → 𝑁), and it
controls the trade-off between missing those events and their detection
delay. For instance, if we were to select a threshold around 12, as the
one represented in Fig. 7, most of the samples from class 𝑁 would be
instantly detected. However, the two old Source 4 documents would be
missed, as the following document with the expected layout (i.e. sample
17) pushes the score back to 0. In this scenario, it would require a longer
sequence of samples with a different layout than the expected to detect
the event (𝑌 → 𝑁), instead of a few examples that might be outliers.
On the other hand, a more restrictive threshold, e.g. 2, would detect
most samples different from the expected, thus reducing the delay and
reducing the missed detections (most probably at the cost of increasing
the false alarms).

Some other examples of the application of QCD are presented in
Fig. 8. In all cases, we use the same corpus of data sources previously
introduced, and change the sources composing the class 𝑌 subset. We
also included in these scenarios an open set of documents, that is,
documents from sources that were not seen during training (i.e., layout
styles not included in classes 𝑌 or 𝑁). Note that all the scenarios
in Fig. 8 present the same pattern of class 𝑌 /𝑁 documents, with
samples 6 to 12 being open set samples, and the rest documents
from class 𝑌 . Similar behaviors can be seen, where the cumulative
detection score decreases until reaching its lowest value (i.e. 0) when
facing samples from the main sources. Documents from the open set
augment rapidly the cumulative score in general. It is interesting to
appreciate that changes in the score are not fixed, but depend on the
nature of the sources and the document layouts. Take for instance the
results depicted in the top row of Fig. 8, where the score increments
associated with the documents from the open set are comparable to
the decrements caused by class 𝑌 documents. This denotes a highly
confidence of the classifier when assigning the open set documents
to class 𝑁 . However, these increments associated with the open set
11

are far from the ones seen in the systems illustrated in the bottom
Fig. 7. Cumulative detection score for an input sequence of documents. Documents
may come from sources of interest already considered in the system development (class
𝑌 ), or outside those known sources (class 𝑁). With QCD we detect the transitions
between 𝑌 and 𝑁 . We included two old samples from the sources of interest to analyze
the systems’ reaction when facing a data sample of interest with an unexpected layout.

row of Fig. 8. In these cases, open set documents are not predicted as
class 𝑁 documents with such confidence, hence the cumulative score
only augments slightly when facing them, compared to the previous
scenarios. Recall that these sources were not seen during training, so
it is not surprising the behavior found here. Nevertheless, in all cases
the open set sources are detected as changes in the layout style. Since
we can set the detection threshold to adapt it to these situations, it is
not a problem that the score increases slowly, as long as the likelihood
of these samples is distinct in comparison to known sources. This is a
similar behavior to the one observed in Fig. 7 with the old samples.
Being able to distinguish them, despite not seen during training, is a
desirable property of the system that shows some protection against
zero shot attacks, as our initial intention was to detect the presence of
documents from sources different from the desired ones.

5. Conclusions

In this work, we developed a new procedure to semi-automatically
extract layout information from a set of digital documents, and provide
annotations about the main layout components. Our method is based
on the use of web scraping tools to collect documents from different
pre-defined sources, and extract layout information with classic PDF
miners. The miners not only detect tables, links, images, and text
blocks in the documents, but also provide us with different information
about these blocks, including font characteristics of the text blocks.
We defined a set of text features, which are useful to describe the text
blocks and discriminate between semantic categories.
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Fig. 8. Cumulative detection score (𝑆𝑡) for different subsets of class 𝑌 and class 𝑁 documents. These already considered in the system development (class 𝑌 ), or outside those
known sources (class 𝑁). With QCD we detect the transitions between 𝑌 and 𝑁 . not seen during training. The class 𝑁 samples depicted are all open set samples. In top-left,
sources of interest are 20, 23, and 24, with Sources 1, 4, and 22 composing the open set. For bottom-left, Sources 13, 18 and 21 were employed as main set, leaving Sources 10,
12, and 13 as open set. Figures on the right employed the same splits that the left ones, switching the main and open set sources.
We applied our procedure to generate a new Document Layout
Analysis (DLA) database in the domain of public affairs documents, the
Public Affairs Layout database (PALdb), now available for research.12

We employed 24 different sources of public affairs documents from the
Spanish Administration. After an initial inspection of the documents
from each source, we defined 4 different text categories, and classify
the text block with these categories using a human-in-the-loop AI-
based data curation process. Our data curation process trains text
labeling models using human validated documents in an iterative way
(i.e., the output of the models are validated and corrected by a human
supervisor, leading to new validated documents to train more accurate
models).

In the first part of our experiments, we assessed the usefulness
of the text features to discriminate between the previously defined
classes, thus validating our data curation procedure. We explored dif-
ferent scenarios using Random Forests classifiers, including one model
per source, one model for 5 sources, and a leave-3-out configura-
tion (i.e. train with all sources except for 3, which are left as test
set). The results obtained in the first two configurations validate our
strategy, while Scenario 3 show some limitations when dealing with
source-dependent classes that have not been seen during training. As
future work, we suggest exploring other text labeling models, such as
recurrent models, which could preserve information about previous
detected blocks, therefore allowing the flow of information between
blocks in the page. Other text semantic classes could be also studied
depending on the nature of the source documents. Also, note from
the results of Scenario 3 that, despite the relative uniformity of the
sources (legal/governmental communications), the inclusion of docu-
ments from each source is positive for data-driven models to capture
the source-dependent features. In future work, we would like to extend
the PALdb with new sources of public affairs documents, for instance,

12 https://www.github.com/BiDAlab/PALdb
12
documents created by private organizations, or from sources others
than official gazettes. We consider this point of special interest, not only
for improving the diversity of the database, but to effectively broaden
the range of scenarios that could be addressed by AI-based solutions for
public affairs.

Finally, we explored the application of Quickest Change Detection
(QCD) algorithms to the Document Layout Analysis domain with the
objective of continuously detecting the presence of changes in time
of the layout style of documents based on the layout information.
Our experiments show how this algorithm can be helpful to detect if
a sequence of documents presents the layout expected, while having
control of the trade-off between missed detections and detection delay
via threshold selection.

As we commented in Section 2, new lines of work around our
developments are arising beyond DLA. One opportunity in this re-
gard is focused in pre-training procedures for document processing
that consider information from different domains in a multimodal
setup [30], including layout information. The idea is to gain full insight
of document information and be able to conduct several downstream
tasks within the same system [31]. The advantages of such setup do
not only comprise the use of supplementary information from different
domains, but to exploit the correlations across domains. This is of
special interest due to the success of Transformer-based architectures
on capturing the dependencies across inputs modalities thanks to the
attention mechanism, even when working with image data [32]. As fu-
ture work, we would like to explore this new line of study, for which the
PALdb may be suitable due to the inclusion of both textual and layout
information. Compared to the system depicted in Fig. 2 for document
processing, in which a serialized pipeline is presented, we will explore
the development of new multimodal Transformer-based systems that
leverage from different modalities to extract document information.
This setup is of especial interest, as it has the potential to improve
several downstream tasks in the domain of public affairs document
processing, such as topic classification [5], content summarizing, or
named entity recognition.

https://www.github.com/BiDAlab/PALdb
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Table A.1
List of data sources used to collect the PALdb.
Data Source ID Language Access

Boletín Oficial del Estado 1 Spanish boe.es/diario_boe

Boletín del Congreso de los
Diputados

2 Spanish congreso.es/indice-de-publicaciones

Boletín del Senado 3 Spanish senado.es/web/actividadparlamentaria/
publicacionesoficiales/senado/boletinesoficiales

Boletín de la Comunidad de
Madrid

4 Spanish bocm.es

Boletín de la Rioja 5 Spanish web.larioja.org/bor-portada

Boletín de la Región de Murcia 6 Spanish borm.es

Boletín del Principado de Asturias 7 Spanish sede.asturias.es/ast/servicios-del-bopa

Boletín de Cantabria 8 Spanish boc.cantabria.es/boces/

Boletín Oficial del País Vasco 9 Spanish, Basque euskadi.eus/y22-
bopv/es/bopv2/datos/Ultimo.shtml

Boletín de Navarra 10 Spanish, Basque bon.navarra.es/es

Boletín de la Junta de Andalucía 11 Spanish juntadeandalucia.es/eboja.html

Boletín de Aragón 12 Spanish boa.aragon.es

Boletín de Islas Canarias 13 Spanish gobiernodecanarias.org/boc

Boletín de Islas Baleares 14 Spanish, Catalan caib.es/eboibfront/

Boletín de Castilla y León 15 Spanish bocyl.jcyl.es

Boletín de la Ciudad de Ceuta 16 Spanish ceuta.es/ceuta/bocce

Boletín de Melilla 17 Spanish bomemelilla.es/bomes/2022

Diario de Extremadura 18 Spanish doe.juntaex.es/

Diario de Castilla−La Mancha 19 Spanish docm.jccm.es/docm/

Diario de Galicia 20 Galician xunta.gal/diario-oficial-galicia/

Diari de la Generalitat Valenciana 21 Spanish,
Valencian

dogv.gva.es/es

Diari de la Generalitat Catalana 22 Spanish, Catalan dogc.gencat.cat/es/inici/

Boletín del Ayuntamiento de
Madrid

23 Spanish sede.madrid.es/portal/site/tramites/menuitem.
944fd80592a1301b7ce0ccf4a8a409a0

Boletín del Ayuntamiento de
Barcelona

24 Spanish, Catalan w123.bcn.cat/APPS/egaseta/home.do?reqCode=
init
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