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Historical newspapers are invaluable resources that capture the cultural, social, economic, and political dimensions of their

time, providing unique insights into past events and daily life. However, the potential of these archives remains underutilised

due to the limitations of traditional research methods, which rely on laborious manual examination of individual pages

or articles. Digital archives have begun to address this issue by enhancing accessibility, but the lack of effective tools for

parsing and analysing the contents still restricts their utility for large-scale historical research. Optical Character Recognition

(OCR) technology plays a foundational role in converting scanned images into searchable text. However, OCR alone cannot

adequately handle the complexities of historical newspapers, which often feature degraded image quality, inconsistent

typography, and intricate layouts. In parallel, the effective segmentation and ordering of newspaper contents is essential for

generating well-structured and logically ordered data from specific newspaper sections. This paper focuses on the development

of a pipeline that addresses these challenges, using the daily newspaper Le Sémaphore de Marseille as a case study (35,703

issues covering the period 1827 to 1944). The proposed system integrates layout analysis, OCR, and Generative AI-driven

information extraction techniques to extract specific data elements from scanned images, namely ship arrivals data, and

to store them in a machine-readable format for further analysis. This well-structured output enables historians to analyse

historical trade patterns, economic trends, and regional interactions more efficiently and at a much larger scale. An evaluation

of the key pipeline components demonstrates the effectiveness of the system, achieving an F1-score of 96% in paragraph

segmentation and information extraction, while also highlighting the need for further improvement in the critical OCR

component.
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1 Introduction
Newspapers, as historical documents, serve as invaluable sources of information, capturing a wide range of events,

trends, and societal shifts [7, 25, 30]. They document not only political and economic changes, but also cultural,

social and technological developments. For historians, newspapers constitute rich and multifaceted resources,

offering unique insights into the daily lives of people, their concerns, and the ways in which they perceived and

responded to contemporary events. Through reports, personal stories and advertisements, newspapers reflect the

historical context in which they were published and provide a valuable window into the past.

Despite their significance, the full potential of newspaper archives remains largely untapped due to limitations

inherent in traditional research methods. Large collections of historical newspapers are often distributed across

multiple institutions, and accessing relevant information has traditionally required the manual examination of

individual articles or entire pages. As these archives continue to grow, the challenge of extracting structured,

searchable and reusable data becomes increasingly pressing. Although digital archives have significantly improved

access to historical newspapers [6], the absence of effective tools for parsing and analysing their content means

that much of the potential of these resources remains unrealised.

A central objective in historical research is the conversion of physical, often degraded, newspapers into machine-

readable formats. This process, commonly referred to as newspaper digitisation, involves more than document

scanning. It requires the transformation of page images into structured data that can be searched, analysed and

interpreted [16]. Optical Character Recognition (OCR) [17] plays a key role in this process by converting textual

content within images into machine-readable characters. However, although modern OCR systems perform well

on clean and homogeneous documents, they often face challenges when applied to historical newspapers due to

issues such as degraded image quality, inconsistent typography, and complex or unconventional layouts [18].

For these reasons, OCR alone is insufficient to address the full complexity of newspaper digitisation. Historical

newspapers typically exhibit intricate layouts with multi-column structures, overlapping elements, and irregular

text arrangements. This creates a significant information segmentation problem, namely the task of identifying

and separating page components, such as articles, advertisements, and tables, into coherent and logically ordered

units [5, 8]. Since OCR systems rely on properly ordered input, effective layout analysis and segmentation are

critical steps in the digitisation pipeline. These challenges are particularly pronounced in historical newspapers

whose layouts may vary not only between newspapers but also across individual issues of the same newspaper.

Furthermore, the physical condition of archival material often introduces additional difficulties, including skewed

pages, fading ink and background noise. Therefore, accurately segmenting newspaper pages into their individual

sections while preserving their logical reading order remains an important yet non-trivial task.

This paper focuses on the extraction of well-structured data from historical newspaper archives in order to

support large-scale historical research. By addressing the segmentation problem inherent in newspaper pages, we

aim to develop a robust processing pipeline capable of transforming raw page images into structured, machine-

readable data suitable for scholarly analysis. As a case study, we examine the extraction of ship arrivals data,
such as ship names, names of captains, ports of origin, and cargo, from the regional newspaper Le Sémaphore
de Marseille (1827–1944). The daily issues of this newspaper are preserved as scanned images by the National

Library of France (BnF)
1
. This information appears in a dedicated “ARRIVALS” section in almost all newspaper

issues, offering valuable insights into historical trade routes, economic activity, and regional interactions. For

maritime historians, such data can shed light on patterns of global commerce and local economies that would

otherwise remain difficult to study systematically. The structured output of the proposed pipeline, provided in

the form of machine-readable CSV files, enables large-scale analysis and facilitates the investigation of trends

over time and across regions.

1
https://www.retronews.fr/titre-de-presse/semaphore-de-marseille
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Figure 1 illustrates the proposed pipeline. The pipeline combines layout analysis with AI-driven information

extraction techniques and is specifically tailored to the characteristics of Le Sémaphore de Marseille. While this

newspaper provides an ideal test case, the methods presented do not necessarily generalise directly to other

newspapers with substantially different layouts or characteristics. Focusing on a specific newspaper allows for

a detailed examination of segmentation and information extraction challenges and highlights the importance

of customisation when applying such techniques to different types of archival collections. At the same time,

the pipeline is designed in a modular manner, enabling adaptation to other document types and data extraction

requirements. In comparison to related work, such as [32] and [21], the key novel feature of the proposed approach

lies in its ability to extract well-structured data from targeted newspaper sections based on specific historical

research needs, thereby surpassing the conventional approach of plain text extraction.

Fig. 1. Overview of the information extraction process.

To assess the reliability and effectiveness of the proposed pipeline, an evaluation of its components was

conducted. This evaluation provides insight into the overall performance of the pipeline, highlighting both

its strengths and areas that require improvement. In summary, the pipeline achieves robust accuracy in text

block ordering, acceptable OCR performance with an average score of 82%, and high performance in paragraph

segmentation and information extraction, with F1-scores of 0.957 and 0.960 respectively. These results demonstrate

the potential of advanced computational methods to support historical research while also illustrating the

challenges posed by the imperfections inherent in digitised historical material.

In summary, this paper makes the following key contributions:

• it introduces a modular pipeline for the extraction of well-structured data from targeted sections of scanned

newspaper pages, detailing the tools used in each processing step;

• it proposes a prompt engineering strategy to guide a generative AI model in extracting specific data

elements from noisy OCR text;

• it evaluates the performance of each pipeline component using issues of the newspaper Le Sémaphore de
Marseille as a test case, guided by concrete historical research requirements.

The remainder of this paper is organised as follows: Section 2 describes the context of this work, defines the

problem, and reviews related literature. Section 3 presents and formalises the data extraction pipeline, details its

individual components, and discusses aspects of automation and applicability. Section 4 reports the evaluation

results, including processing times and the associated monetary costs of the tools used. Finally, Section 5 concludes

the paper and discusses directions for future research.
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2 Context, Problem Description and Related Work

2.1 The PortADa project and the Le Sémaphore de Marseille newspaper corpus
The work presented in this paper is situated within the framework of the PortADa project (MSCA Staff Exchanges,

No. 101129889)
2
, which is positioned in the field of maritime history. The project focuses on the study of ship

entries at the ports of Barcelona, Marseille, Havana, and Buenos Aires from 1850 to 1914, with the aim of

generating an open-access database containing thousands of records related to 19th century maritime trade.

This comprehensive database is expected to provide valuable insights into the economic, social, geopolitical, and

cultural dynamics of the period, thereby laying the foundation for new research in these areas.

Our work specifically addresses the extraction of ship arrival records for the port of Marseille during the period

1850 to 1914. To achieve this, the Le Sémaphore de Marseille newspaper serves as the primary source. Founded in

1827 by printers Joseph-François Feissat and Pierre Alexandre-Henri Demonchy, it is Marseille’s oldest newspaper.

Originally encompassing diverse themes such as news, political information, art reviews, exhibition reports

and others, it gradually (from the 20th century) specialised in maritime news. From its inception in 1827, to its

final issue in 1944, the newspaper diligently reported all ship arrivals in Marseille. Thus, its digitisation offers a

rich source for historical analysis of maritime trade during the 19th and early 20th centuries. The newspaper’s

archives span from 19 December 1827 to 19 August 1944, with 35,703 issues published during this period. The full

archives are available to the public through the Bibliothèque Nationale de France (BNF) dedicated newspapers

website
3
. A sample issue is depicted in Figure 2

4
.

2.2 Problem Statement
Given the scanned images of a newspaper issue, the task is to extract well-structured data located in a specific

section of the newspaper contents. In the case of Le Sémaphore de Marseille, the focus is on ship arrivals data,

which appears in a section entitled ARRIVÉE (Figure 3). In this section, information about each ship arrival is

presented in short paragraphs arranged vertically on the page. This layout is preserved across different columns

on the same page, and when a page is filled, the section continues onto the next page. Each ship arrival paragraph

contains the following data elements:

• port of origin, which usually appears at the beginning of the paragraph

• date of departure from the port of origin, which always follows the port name and consists of a number and

a month or the word "cour"

• port and date of call, referring to any intermediate stops made by the ship during its journey and the

corresponding dates of departure

• ship type, typically written in lowercase and in abbreviated form, for example "vap", "br", "br-goel", or "bat"

• ship’s flag, written in lowercase, e.g., "grec" for Greek

• ship name, which usually appears after the ship’s flag

• ship tonnage, which (when present) appears after the ship name and usually begins with "de"

• name of the captain, which usually begins with "cap" or "c."

• cargo information, which usually begins with "avec" and includes the quantity, unit of measurement, and

type of cargo

• consignee of the cargo, which (when present) always follows the cargo information and usually begins with

"pour" or "p"

• consignee of the ship, which typically appears after the cargo information but may also be absent, and often

begins with expressions such as "le navire", "nav", or "navire", or may simply consist of a name or entity

2
https://cordis.europa.eu/project/id/101129889

3
https://www.retronews.fr/titre-de-presse/semaphore-de-marseille

4
https://www.retronews.fr/journal/le-semaphore-de-marseille/6-janvier-1886/1191/3066417/1

ACM J. Comput. Cult. Herit., Vol. 1, No. 1, Article . Publication date: January 2026.

https://cordis.europa.eu/project/id/101129889
https://www.retronews.fr/titre-de-presse/semaphore-de-marseille
https://www.retronews.fr/journal/le-semaphore-de-marseille/6-janvier-1886/1191/3066417/1


Automating the Extraction of Structured Data from Large Newspaper Corpora using Layout Analysis, OCR and Generative AI • 5

Fig. 2. Le Semaphore de Marseille, Issue of January 6, 1886 (source: retronews.fr)

• intelligence, which includes events or interactions during the voyage, such as passing the Strait of Gibraltar

or passenger information, and always appears last when present.

The objective is to extract this information for all ship arrivals and store it in a machine-readable CSV

format. Achieving this goal, however, requires addressing several interconnected challenges inherent in historical

newspaper digitisation and information extraction.

ACM J. Comput. Cult. Herit., Vol. 1, No. 1, Article . Publication date: January 2026.
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Fig. 3. Example of section providing information about ship arrivals (source of newspaper image: retronews.fr).

2.3 Key Challenges
The first key challenge is the segmentation of complex newspaper page layouts into distinct text blocks while

preserving the correct reading order. Newspapers often feature irregular layouts, overlapping text, and inconsistent

column structures, which makes it difficult to discern the logical flow of information. Without addressing this

issue, subsequent steps in the data extraction process become unreliable.

The next challenge lies in accurately locating and isolating the specific section of the newspaper that contains

ship arrivals information. Newspapers typically include a wide variety of content, such as advertisements,

editorials, and general news, which are interspersed in ways that vary from issue to issue. Identifying the relevant

section within this diverse content is therefore critical for focused data extraction.

Once the ship arrivals section has been isolated, parsing its text into meaningful units, such as individual

paragraphs corresponding to ship arrivals, presents an additional set of difficulties. Historical newspapers

often lack clear visual delimiters for paragraphs, which can lead to ambiguities when distinguishing one ship’s

information from another. Resolving this issue is essential to ensure that the extracted information is accurate

and logically grouped.

Finally, transforming the unstructured text of each paragraph into a structured format requires the identification

of specific data elements related to each ship arrival, such as the ship name, captain, and cargo. This task is

further complicated by variations in terminology, inconsistent formatting, and domain-specific nuances that are

typical of historical maritime records. Failure to address these issues may result in incomplete or incorrect data

extraction.

In addition, the poor quality of historical newspaper images, caused by physical deterioration, noise such as

fading and smudging, skew, and page curvature, can significantly affect the performance of text recognition. This

often results in low-quality text output, thereby exacerbating the challenges described above.

ACM J. Comput. Cult. Herit., Vol. 1, No. 1, Article . Publication date: January 2026.



Automating the Extraction of Structured Data from Large Newspaper Corpora using Layout Analysis, OCR and Generative AI • 7

This work aims to address these challenges through a series of integrated solutions, resulting in an automated

pipeline that transforms historical newspaper archives into structured datasets suitable for research and analysis.

2.4 Related Work
Effective approaches for addressing the challenges discussed above generally follow a two-step process: docu-

ment layout analysis and text extraction. Document layout analysis focuses on detecting and segmenting page

components such as headlines, columns, and text blocks, while ensuring structural coherence and preserving the

correct reading order. Text extraction is then applied to convert the identified text regions into searchable and

machine-readable formats.

2.4.1 Document Layout analysis. In the field of document layout analysis, multiple techniques have been

developed to address two primary challenges: page segmentation, which involves identifying the structural

components of a page, and the extraction of the correct reading order of text blocks. Various approaches address

one or both of these aspects, each with specific strengths and limitations depending on the document type and

the complexity of its layout.

One such approach is presented by Bandyopadhyay et al. [4], who developed a method focused on segmenting

document images, particularly suited to the identification of columns and paragraphs. Their technique employs

image smoothing to detect runs of white and black pixels, facilitating the removal of large-font text and image areas

that might interfere with segmentation. This approach is especially effective in cases where column separation

lacks explicit black lines, a situation often encountered in structured documents without strict bounding borders.

Meunier [23] proposed a distinct solution to address the problem of reading order, particularly in documents

where bounding boxes are generated by PDF converters. By adapting the established XY-cut method [24], which

was originally developed for block segmentation, Meunier’s method focuses on arranging document components

into a logical sequence, which is essential for maintaining coherent text flow in complex documents.

A more extensive pipeline for scientific PDF documents was proposed by Klampfl et al. [22]. Their approach

utilises PDFBox output to cluster characters into words, words into lines, and lines into blocks, resulting in a

segmented document layout. To determine reading order, they incorporate a binary relational model for spatial

intervals in both the X and Y dimensions, originally suggested by Aiello et al. [2], together with a custom block

neighbourhood algorithm to further refine block ordering.

These traditional methods perform well for PDF-based documents or clean document images with minimal

noise, straight column alignment, and limited skew. However, the analysis of historical newspaper images

introduces additional challenges, including high noise levels, irregular column layouts, and frequent skew. In such

cases, deep learning-based tools, such as LayoutParser by Shen et al. [28] and Arcanum’s newspaper segmentation

API
5
, have emerged as robust alternatives. These tools are designed to better handle complex layouts by leveraging

advanced machine learning techniques to accurately identify and order blocks in diverse and degraded document

images, thereby enhancing the reliability of layout analysis in historical and unstructured document contexts.

In summary, while traditional methods offer effective solutions for structured PDF documents or high-quality

images, deep learning approaches are increasingly valuable for historical and complex document types, where

layout inconsistencies are more prevalent.

2.4.2 Text extraction. After document layout analysis identifies the structure of a document, text extraction

techniques such as Optical Character Recognition (OCR) and Handwritten Character Recognition (HCR) are

applied to convert detected text regions into searchable digital text. These technologies are essential for extracting

both printed and handwritten text from images and support a wide range of applications, including document

5
https://www.arcanum.com/en/newspaper-segmentation/
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digitisation and assistive technologies. Over time, OCR and HCR methods have advanced to better handle diverse

text formats and degraded image quality.

Several OCR tools are widely used for text extraction, including Tesseract
6
, EasyOCR

7
, and Google Vision

8
.

Tesseract, an open-source tool supported by Google [29], has been applied in a variety of contexts, such as serial

number extraction from wine labels by Čakić et al. [9] and licence plate information retrieval by Agbemenu et

al. [1]. EasyOCR, another open-source tool, has gained attention due to its high accuracy under specific conditions.

Salehudin et al. [27] analysed its performance under image degradation, while Chaitra et al. [10] demonstrated

its robustness in text recognition for complex scenes. These studies highlight the versatility and reliability

of EasyOCR in challenging environments. Google Vision, a cloud-based OCR service, has been employed in

various applications, including the conversion of text in medical images to speech for visually impaired users,

as demonstrated by Edupuganti et al. [11], and the extraction of text from student theses archived as images in

university libraries, as shown by Arief et al. [3].

While general-purpose OCR tools such as Tesseract, EasyOCR, and Google Vision address a wide range of

text extraction needs, specialised tools like Transkribus [19] have been optimised for HCR tasks. Transkribus is

particularly effective for historical and handwritten documents, as it can better accommodate the variability of

handwriting styles.

Beyond OCR and HCR, alternative approaches to text extraction have been explored in specific contexts. For

example, Terasawa et al. [31] proposed a method for recognising characters in old Japanese newspapers, in which

each character is represented as a feature vector and recognised through sequence matching. This approach

assumes accurate character segmentation and can be effective in scenarios where traditional OCR methods

perform poorly, such as in the processing of historical documents. Finally, the FAST CAT system [14, 26] supports

researchers in manual but collaborative data transcription and curation. This system is well suited to handwritten

historical documents with varying writing styles and repetitive content, such as logbooks, civil registers, and

similar records, where OCR often fails to produce high-quality text.

Overall, the field of text extraction has diversified to include a wide range of tools and techniques adapted to

specific tasks and environments, ranging from the extraction of printed and handwritten text in digital libraries

to specialised applications in scene text recognition and assistive technologies.

2.4.3 Integrated Approaches. The accurate transformation of newspapers into structured information requires

an integrated approach that combines effective layout analysis with robust text extraction methods. Recognising

the close interplay between these two processes, this work proposes a comprehensive solution that integrates

them in order to address the specific challenges posed by historical newspaper digitisation. This need has also

been acknowledged by other researchers, who have developed a range of techniques to handle the complexities

of newspaper layouts, languages, and scripts. Table 1 provides an overview of these works, with additional details

discussed in the following paragraphs.

Kanungo et al. [20] developed a system for overlaying extracted text onto newspaper images. Their approach

uses the XY-cut algorithm to segment pages into text blocks and a custom OCR tool built using a commercial

development kit. Unlike other methods, this system does not prioritise reading-order reconstruction, as its

primary objective is to preserve the visual structure of the newspaper by overlaying text onto the original image.

While this approach maintains high fidelity to the original layout, it is less suitable for tasks that require coherent

reading flow, such as content analysis or large-scale archival search.

Zeni et al. [32] designed a system for extracting and clustering articles from African newspaper archives, using

Tesseract for OCR. Their system successfully reconstructs the reading order of articles, but it does not specify

6
https://github.com/tesseract-ocr/tesseract

7
https://github.com/JaidedAI/EasyOCR

8
https://cloud.google.com/vision/
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Table 1. Summary of related work on integrated approaches.

Paper Use Case Layout Analysis OCR
Kanungo et al.

[20]

USA newspaper

archives

XY-cut algorithm Custom, based on

a commercial tool

Zeni et al.

[32]

African newspaper

archives

Custom Tesseract

Kaur et al.

[21]

Gurumukhi

newspaper archives

Articles manually cropped, article column segmentation

using white space and pitch, line segmentation using

median calculation and projection profile, word and char

segmentation using horizontal and vertical histograms

Random Forest

classifier

the exact method used for reading-order extraction. Instead, the authors refer to several existing techniques

that could be applied for layout analysis, suggesting flexibility in adapting the system to different newspaper

structures. While this approach enables accurate organisation of articles within digital archives, the lack of

explicit implementation details for reading-order extraction leaves aspects of the method underspecified.

Kaur et al. [21] developed a system for digitising newspapers written in the Gurumukhi script, relying on a

manual cropping process to segment each article from the newspaper image. This manual segmentation eliminates

the need for automated layout analysis or reading-order determination across newspaper articles, allowing the

system to focus primarily on script recognition on a specific article. Each article is further segmented into columns,

lines, words, and characters using a variety of techniques, and six feature extraction techniques are applied at the

character level. A random forest classifier is then used for character classification. Although this method achieves

high accuracy for the Gurumukhi script, its dependence on manual article segmentation limits its scalability and

suitability for large-scale or heterogeneous newspaper collections.

2.4.4 Summary and Positioning. Building on these foundational efforts, the proposed work aims to address

the limitations identified in previous approaches by developing an automated and modular solution tailored to

the extraction of well-structured information from specific parts of complex newspaper layouts. By integrating

advanced layout analysis with AI-driven information extraction techniques, the proposed solution seeks to

bridge the gap between preserving document structure and enabling reliable, large-scale data extraction, thereby

supporting further analysis and research on digitised historical archives.

3 Approach
We have developed a specialised information extraction pipeline tailored to meet the specific needs posed by

historical newspapers. This pipeline is designed to efficiently process the intricate layouts characteristic of

historical newspapers and to systematically extract relevant information from digitised newspaper pages. By

automating the identification, organisation, and extraction of key data points from newspaper images, the pipeline

ensures that information is captured consistently and accurately, while also supporting scalability.

In the following, we first provide an overview and formalisation of the data extraction pipeline (Section 3.1) and

then describe each of its stages in detail (Sections 3.2-3.7). Finally, we discuss aspects related to the automation of

the pipeline and its applicability to different document formats (Section 3.8).

3.1 Overview and Formalisation of the Data Extraction Pipeline
The data extraction pipeline, depicted in Figure 4, consists of the following stages, each of which contributes

crucially to transforming raw images into structured and machine-readable data in tabular form:

• Text Block Identification: This initial stage establishes the layout and structure of the newspaper page

by separating the text into individual, clearly defined blocks. Identifying these blocks provides insight

ACM J. Comput. Cult. Herit., Vol. 1, No. 1, Article . Publication date: January 2026.
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Fig. 4. Data Extraction Pipeline

into the arrangement of columns, headings, and paragraphs, which is essential for accurate reading and

interpretation. In addition, isolating smaller text blocks can significantly improve OCR performance, as

processing smaller and more homogeneous regions typically yields more accurate recognition results than

applying OCR to the entire image. By ensuring precise segmentation, this stage lays the foundation for

correctly ordered and readable text in subsequent steps of the pipeline.

• Text Block Ordering: The text blocks identified in the previous stage are often not arranged in sequential

reading order due to the complex layouts characteristic of historical newspapers. To address this issue, a

dedicated software application was developed to arrange the identified blocks into their correct sequence,

thereby ensuring logical text flow and coherent reading order.

• Text Recognition (OCR): Once the text blocks have been ordered, they are processed using Google Vision

AI to convert the visual content into machine-readable text. Although this tool achieves high recognition

accuracy, the resulting text may still contain errors, often due to poor image quality.

• Section Identification: The OCR output is analysed to identify the target section of interest, in this case

the ship arrivals section. This stage involves scanning the recognised text for keywords and phrases that

typically indicate the beginning and end of the relevant section.

• Paragraph Segmentation: The identified ship arrivals section is further divided into individual paragraphs,
each corresponding to a distinct ship arrival. This segmentation is performed using OpenAI, leveraging its

text processing capabilities to detect paragraph boundaries and formatting cues within the text.

• Information Extraction: Finally, detailed information about each ship arrival, including the ship name,

arrival date, port of origin, cargo, and other relevant information, is extracted from the segmented paragraphs

by exploiting OpenAI’s natural language processing capabilities.

Pipeline formalisation. Given a set of scanned newspaper page images 𝐼 = {𝐼1, 𝐼2, . . . , 𝐼𝑛}, the objective is to
extract a list of ship arrival records 𝑅 in tabular form. The pipeline operates sequentially on each image 𝐼𝑖 . Text

block identification takes as input a scanned page image 𝐼𝑖 and produces a set of text blocks 𝐵𝑖 corresponding

to distinct layout components of the page. Text block ordering then takes 𝐵𝑖 as input and outputs an ordered

set of blocks that follows the natural reading order of the newspaper layout. OCR processes the ordered text

blocks and produces textual content 𝑇𝑖 . Section identification analyses 𝑇𝑖 to locate the target newspaper section

containing ship arrival information and outputs the corresponding section text 𝑆𝑖 . Paragraph segmentation

takes 𝑆𝑖 as input and produces a set of paragraphs 𝑃𝑖 , each corresponding to an individual ship arrival. Finally,

information extraction processes each paragraph 𝑝 ∈ 𝑃𝑖 and outputs a structured record that is appended to the

final result set 𝑅. Algorithm 1 formally describes this process in algorithmic form.

3.2 Text Block Identification
The tool used for this task is Arcanum’s newspaper segmentation API

9
. It takes as input an image of a newspaper

page and produces a JSON file containing a list of "articles" and a representation of the layout components,

9
https://www.arcanum.com/en/newspaper-segmentation/
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Algorithm 1 Historical Newspaper Data Extraction

Require: Scanned newspaper page images 𝐼 = {𝐼1, 𝐼2, . . . , 𝐼𝑛}
Ensure: Structured ship arrival records 𝑅 in tabular form

1: 𝑅 ← [ ]
2: for all 𝐼𝑖 ∈ 𝐼 do
3: 𝐵𝑖 ← IdentifyBlocks(𝐼𝑖 ) {Text block identification}

4: 𝐵𝑖 ← OrderBlocks(𝐵𝑖 ) {Text block ordering}

5: 𝑇𝑖 ← OCR(𝐵𝑖 ) {Text recognition}
6: 𝑆𝑖 ← IdentifySection(𝑇𝑖 ) {Section identification}

7: 𝑃𝑖 ← SegmentParagraphs(𝑆𝑖 ) {Paragraph segmentation}

8: for all 𝑝 ∈ 𝑃𝑖 do
9: 𝑟 ← ExtractFields(𝑝) {Information extraction}

10: 𝑅 ← Append(𝑅, 𝑟 ) {Add extracted record}

11: end for
12: end for
13: return 𝑅

namely a mask of the detected blocks. This mask is provided as a two-dimensional NumPy array with the same

aspect ratio as the original image, where each pixel is assigned a block identifier. For each article, the JSON output

provides: i) a confidence score associated with the article (floating-point value), and ii) a list of the article’s blocks.

For each block, the following information is included: its bounding box (expressed as a list of values in the order

xmin, ymin, xmax, ymax), its label (with possible values including Artifact, Advertising, Picture, Table, Title,

Abstract, and Body), a confidence score associated with the assigned label (floating-point value), and a unique

block identifier (integer value).

Figure 5 shows an example of the blocks identified by Arcanum on a newspaper issue page. Three primary

issues can be observed in the identified blocks:

(1) Some blocks contain no relevant information, e.g., blocks 1 and 2.

(2) Some blocks are nested within other blocks, e.g., blocks 19 and 29.

(3) Some blocks are not arranged in the correct reading order, e.g., blocks 13, 14, 66, 67, and 68.

To address the first issue, the label attribute of each block was used. Blocks such as 1 and 2, which are empty,

are assigned the label Artifact. In the example shown in Figure 5, block 3 is also classified as an artifact. Its removal

does not pose any problems, as it contains only the newspaper title, which is not essential information for the

extraction task. Empirical testing confirmed that blocks labelled as artifacts consistently lack relevant content,

which allows for the safe removal of all such blocks.

To address the second issue, the bounds attribute of each block was exploited, as it specifies the coordinates of

the block. By analysing these coordinates, any block that was fully contained within another block was identified

and removed, thereby preventing duplicate information in the OCR output. The remaining blocks, after addressing

both issues, are shown in Figure 6.

The third issue was the most challenging to address and also the most critical, as failure to resolve it would

significantly complicate the information extraction process by producing text blocks in an incorrect reading

order. To tackle this issue, a three-step approach was developed, which is described in detail in Section 3.3.

ACM J. Comput. Cult. Herit., Vol. 1, No. 1, Article . Publication date: January 2026.
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Fig. 5. Example of the blocks identified by Arcanum. Issue of Jan 11, 1850 (source of original newspaper image: retronews.fr).

3.3 Text Block Ordering
While tools such as Arcanum and other layout analysis software can effectively identify and extract text blocks

from scanned images, they frequently output these blocks in an incorrect reading order when confronted with

intricate page structures. To ensure a logical text flow that accurately reflects natural reading patterns, it is

essential to reorder the extracted blocks, thereby addressing the challenges posed by the non-linear arrangements

typical of historical newspaper layouts. The three steps implemented to address this problem are described below.

3.3.1 Segment Identification. The initial step in this process involves determining the number of segments

present on a newspaper page. For example, as shown in Figure 6, the page is divided into two main segments:

a top segment consisting of four columns and a bottom segment consisting of six columns. To identify these

ACM J. Comput. Cult. Herit., Vol. 1, No. 1, Article . Publication date: January 2026.
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Fig. 6. Example of the blocks after removing the unnecessary blocks. Issue of January 11, 1850 (source of original newspaper
image: retronews.fr).

segments, a cyan colour fill is first applied to all text blocks using OpenCV
10
, which facilitates segment detection

through OpenCV contours
11
. The blocks are then horizontally stretched so that all blocks belonging to the same

segment merge together, thereby highlighting the distinct segments of the page. In addition, the height of the

blocks is slightly reduced during this process to prevent unintended merging of segments caused by image skew

or page curvature, ensuring accurate segment identification.

By merging the blocks in this manner, the overall structure of the page is simplified, which makes it easier for

the contour detection algorithm to distinguish between different sections. Figure 7 illustrates the result after

10
https://opencv.org/

11
https://docs.opencv.org/4.10.0/d3/d05/tutorial_py_table_of_contents_contours.html
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block stretching has been applied to the image shown in Figure 6. In this case, the page is divided into three

distinct segments rather than the two initially identified. This occurs because the title "COMMERCE ET MARINE.

ANNONCES JUDICIAIRES ET AVIS DIVERS" between the two main segments forms an additional, separate

segment.

Although this additional segment may appear unexpected, it is advantageous, as it enables more precise

identification of the page layout. This proves particularly useful in the subsequent step of the process.

Fig. 7. Example of the horizontal splitting of a newspaper page. Each cyan rectangle is a different segment.

3.3.2 Column Identification. The second step in the process is the identification of columns within each segment

of the newspaper page. Referring again to the example shown in Figure 6, the top segment contains four columns,

while the bottom segment contains six. To identify these columns, a method similar to that used in the previous

step is applied. Initially, a cyan colour fill is applied to each block, after which the blocks are stretched vertically

so that all blocks belonging to the same column merge together, thereby making the column structure visible.

An important detail in this process is that each block is slightly reduced along the x-axis before being stretched

vertically. This minor reduction in width is essential to prevent unintended merging of adjacent columns. Due to

image skew or curvature in the original layout, some blocks may partially extend into neighbouring columns,

even if they primarily belong to a single column. Without this adjustment, such distortions could lead to incorrect

merging of adjacent columns.

Once the columns in the top segment have been identified using OpenCV contours, the same procedure is

applied to the bottom segment. It is also worth noting that the title "COMMERCE ET MARINE. ANNONCES

JUDICIAIRES ET AVIS DIVERS", which forms its own distinct segment, does not interfere with the column

merging in the other segments when the blocks are stretched vertically. This ensures that the columns within

each segment are clearly and accurately identified.

After the shrinking and stretching operations, the columns for each segment become clearly visible. Figures 8a,

8b, and 8c illustrate the columns of the first (top), second (title), and third (bottom) segments, respectively.
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(a) Segment 1 columns (b) Segment 2 columns (c) Segment 3 columns

Fig. 8. Example of the columns in each segment (source of original newspaper images: retronews.fr).

In some cases, text blocks span multiple columns, as illustrated in Figure 9a with block 50. Without appropriate

adjustment, stretching such blocks could cause adjacent columns tomerge, thereby distorting the column structure.

To address this issue, the Canny edge detection algorithm
12
is applied in combination with OpenCV contours to

detect the vertical lines that separate columns within each newspaper segment, as shown in Figure 10a. Blocks

that intersect these vertical lines are then split at the detected boundaries, ensuring that each column remains

properly separated. This approach preserves the intended layout and column structure, as demonstrated in Figure

9b, where blocks 86 and 92 are correctly divided.

Another layout challenge in Le Sémaphore de Marseille arises from the presence of a table in the bottom right

corner of certain issues, which disrupts the standard layout. To address this issue, the same approach used for

column identification was applied, but with the detection of horizontal lines instead of vertical ones, as illustrated

in Figure 10b. To ensure that the detected horizontal line corresponded to the separation between the table

and the main content, rather than to a boundary between two horizontal page segments, a width threshold

was introduced. This threshold enabled more accurate identification of the correct line. Once the appropriate

horizontal line was detected, all blocks located below it were removed, as they belonged to the table and were

not relevant to the extraction of ship arrivals information.

3.3.3 Segment and Column Sorting. The third and final step of the process involves organising each segment and

its corresponding columns to ensure a coherent reading order. First, the segments are sorted from top to bottom

on the page. Next, within each segment, the columns are sorted from left to right. Finally, within each column,

the blocks are ordered from top to bottom.

This systematic ordering ensures that the text blocks follow the natural reading sequence of the newspaper

layout. The final organised structure of the issue page shown in Figure 6 is illustrated in Figure 11, where the

logical flow of segments, columns, and blocks is clearly established. This arrangement is essential for accurate

information extraction in the subsequent stages of the pipeline.

12
https://docs.opencv.org/4.x/da/d22/tutorial_py_canny.html
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(a) Example of merged blocks. Issue of Sep 24, 1870. (b) Example of blocks after the split. Issue of Sep 24, 1870.

Fig. 9. Example of blocks spanningmultiple columns and their adjustment (source of original newspaper images: retronews.fr).

3.4 Optical Character Recognition (OCR)
The OCR process encountered several challenges that affected the accuracy of text recognition on historical

newspaper pages. One of the primary issues was the slight inclination or tilt of some pages, which caused the

OCR tool to misinterpret text blocks by merging content from multiple columns. This misalignment disrupted

the logical flow of the text, as the OCR system struggled to distinguish between adjacent columns. In addition,

the curvature of column-separating lines, as illustrated in Figure 12a, further complicated OCR interpretation by

distorting the boundaries between columns and, in some cases, incorrectly merging or splitting text blocks.

To address these challenges, several OCR tools were tested to assess their performance on historical newspaper

pages. Tools such as Tesseract, EasyOCR, and Google Vision (described in Section 2.4.2) were evaluated with

respect to their ability to handle the issues presented by degraded documents, including misalignment, column

separation, and noise artefacts. While each tool exhibits particular strengths, the evaluation indicated that Google

Vision produced the most accurate results in our case. It demonstrated a stronger ability to cope with tilted pages

and noisy, degraded text, and provided more reliable text extraction than the other OCR tools tested.

The importance of the preceding steps of text block identification and ordering became evident during this

evaluation, as they allow each text block to be processed independently by the OCR tool. By isolating and

correctly ordering individual blocks, structural problems such as column merging and skew-related errors were
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(a) Example of vertical lines detected. Issue of Sep 24, 1870. (b) Example of horizontal line detected. Issue of Jan 25, 1895.

Fig. 10. Example of vertical and horizontal lines detected (source of original newspaper images: retronews.fr).

significantly reduced. With each block clearly defined and sequentially arranged, the OCR tool was able to process

them more effectively, resulting in more accurate and reliable text extraction.

Another significant challenge was the presence of ink marks, stains, and other noise artefacts on the pages, as

shown in Figure 12b. These imperfections obscured characters and words, making accurate recognition difficult.

This issue was particularly problematic for numerical data, which are critical but lack the contextual cues that

can sometimes assist in interpreting misrecognised letters. For example, distinguishing between "400 barrels of

wine" and "100 barrels of wine" based solely on OCR output was often not possible, requiring manual verification

against the original document to ensure data accuracy.

To further mitigate these challenges, additional image preprocessing techniques could be applied to improve

OCR accuracy. While image deskewing was performed in this work to correct page inclination and align text

blocks, other techniques, such as noise reduction and contrast enhancement, could be explored to address issues

related to ink marks and stains. The application of such methods would likely improve the OCR tool’s ability to

cope with the imperfections inherent in historical documents and enhance the overall accuracy of text extraction.
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Fig. 11. Example of the blocks ordered correctly. Issue of January 11, 1850 (source of original newspaper image: retronews.fr).

3.5 Section Identification
Figure 3 has illustrated a typical "Arrivals" data section from the newspaper, which is usually located on the third

page. In some cases, however, this section may span the second and third pages or the third and fourth pages,

depending on the publication layout. If the complete "Arrivals" section is not detected on the third page, the
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(a) Curvature (b) Noise

Fig. 12. Problems with the newspaper source.

second and fourth pages are also processed to ensure that the full section is captured. This strategy provides

flexibility in handling variations in section placement while avoiding unnecessary processing.

Due to potential inaccuracies in OCR output, identifying the “Arrivals” section is not as straightforward as

searching for exact matches of the keywords “ARRIVÉES” and “DEPARTS”. OCR artefacts, spelling variations, and

character recognition errors frequently alter the appearance of these terms. To address this issue, the Levenshtein

distance method is applied to locate the word most similar to "ARRIVÉES" and to identify the first occurrence of

a word resembling "DEPARTS" that appears after it. As "DEPARTS" may occur multiple times within the text,

whereas "ARRIVÉES" typically appears only once, this approach helps isolate the relevant section with improved

accuracy.

In the example shown in Figure 11, a smaller subsection entitled "NAVIRES EXPÉDIÉS POUR" (block 55)

appears within the “Arrivals” section. This subsection contains information that is not relevant to the extraction

target. It is therefore identified using keyword matching based on the Levenshtein distance, and once detected,

both the subsection header and all subsequent content are removed. This filtering step ensures that only the

relevant arrival data remain, thereby improving the accuracy and focus of the information extraction process.

3.6 Paragraph Segmentation
Accurate paragraph segmentation is essential for extracting structured information about individual ship arrivals

from the "Arrivals" section of the newspaper. Each paragraph typically corresponds to a single ship arrival and

often begins with the name of the port of origin, which provides a clear anchor point for parsing the relevant

details. By separating the text into distinct paragraphs, the extraction process is streamlined, ensuring that each

paragraph is centred on the information of a single ship. This approach simplifies subsequent processing steps

and reduces ambiguity during data extraction.

For this segmentation task, OpenAI’s language model (ChatGPT 4o) is employed using a carefully designed

prompt that preserves the original structure of the text. The full prompt is provided in Appendix A. This prompt

instructs the AI to segment the text into paragraphs without modifying or enriching the content, thereby

preserving any errors or inconsistencies introduced during the OCR process. In addition, the paragraphs are

grouped according to their arrival date. By focusing exclusively on paragraph segmentation, this step ensures

that each paragraph accurately reflects the original layout of the source text and provides a clear and reliable

structure for the subsequent information extraction phase.
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3.7 Information Extraction
The final stage of the processing pipeline focuses on extracting specific information from each segmented

paragraph corresponding to individual ship arrivals. The extracted information includes details such as the

port of origin, date of departure, ship type, cargo information, the captain’s name, and other relevant attributes

associated with each arrival. A visual representation of the information to be extracted is presented in Figure 13.

Fig. 13. Example of the information to be extracted from a ship arrival paragraph.

We considered two main approaches to information extraction: regular expressions and Large Language Model

(LLM)-based methods. Regular expressions are effective for detecting patterns in structured text. However, they

are highly sensitive to irregularities and noise. In the case of historical newspapers, the source data often lacks

a consistent format, particularly with respect to punctuation, and the OCR output is frequently affected by

inaccuracies caused by issues such as image quality and layout complexity. As a result, developing robust regular

expressions for this task would be both time-consuming and challenging, as they would require continuous

testing and adjustment to accommodate OCR errors.

To overcome these challenges, an LLM-based approach was chosen, specifically utilising OpenAI’s language

model. This approach provides greater flexibility, allowing the system to process a wide range of text variations

and interpret information even in the presence of OCR imperfections.

To ensure that the model focuses on the relevant information, a detailed prompt was designed to guide the

extraction process, in which the fields to be extracted are explicitly specified. In addition, the model was instructed

to return its output in JSON format, thereby ensuring structured results. The full prompt is provided in Appendix B.

This prompt constrains the model to operate on the raw input text without attempting to interpret or correct

OCR errors, thereby preserving the authenticity of the data. By defining clear fields and requiring each text

fragment to be used only once, the prompt reduces the risk of overlapping or duplicate information across fields

and ensures consistency and clarity in the extracted data.

Finally, the structured JSON output is transformed into a CSV (spreadsheet-like) format, as an alternative that

further facilitates data handling by maritime historians.

3.8 Pipeline Automation and Applicability
The pipeline has been fully automated for processing scanned documents of the newspaper Le Sémaphore de
Marseille. To apply the pipeline to a different document format, a set of preprocessing adaptations must be

considered at each stage of the pipeline, as outlined below.

• Text Block Identification: It is first necessary to ensure that Arcanum’s newspaper segmentation API is

compatible with the target document images. Arcanum recommends an image resolution of 150 DPI for
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optimal performance. However, if the target images are particularly complex, the segmentation process

may result in timeout errors. In such cases, reducing the image DPI can help ensure successful processing.

In addition, if the target document contains images or visual elements that span multiple text columns,

these elements should be removed. This can be achieved by using the label attribute in the JSON output to

identify and exclude blocks labelled as Picture. Such elements can interfere with the text block ordering

stage later in the pipeline.

• Text Block Ordering: If the target document does not contain a table in the bottom-right corner similar

to that found in Le Sémaphore de Marseille, the logic for detecting and removing this table should be

disabled. Conversely, if a table or another element that disrupts the column structure appears elsewhere

in the document, the logic should be adapted to identify and exclude it accordingly. For documents with

significantly different layouts, particular attention should be paid to the detection of vertical (column-

separating) lines. When using the Canny edge detection algorithm, the edge detection thresholds must be

adjusted to suit the characteristics of the target document. If the detected edges are too weak or too strong,

column-separating lines may not be identified correctly, leading to errors in column detection. In cases

where clear vertical separators are absent but blocks still span multiple columns, alternative strategies for

splitting blocks should be considered, such as detecting whitespace between words or text blocks.

• Optical Character Recognition (OCR): This stage of the pipeline does not require structural changes to

support different document types. However, OCR performance can often be improved through document-

specific preprocessing techniques, such as image dewarping, noise reduction, or contrast enhancement. A

different OCR tool may also be substituted without affecting the rest of the pipeline, provided that it can

process isolated text blocks and produce textual output.

• Section Identification: The keywords used for section identification must be adapted to the target document.

For example, if the objective is to identify a "Departures" section rather than an "Arrivals" section in the Le
Sémaphore de Marseille, a broader keyword such as “MOUVEMENT DU PORT” could be used to locate the

relevant section. Within this section, the keyword "DEPARTS" can then be searched to isolate the specific

subsection of interest, particularly when the term appears multiple times throughout the document.

• Paragraph Segmentation: This is required only in cases where information is distributed across multiple

repeating paragraphs. To adapt this stage, the LLM prompt should be modified to reflect the paragraph

structure of the new document. For instance, the phrases or markers that indicate the beginning of a

paragraph may differ from "Du xx mmm" and should be updated accordingly. In addition, any document-

specific characteristics, such as recurring keywords, patterns, or delimiters, should be incorporated into

the prompt to ensure accurate segmentation.

• Information Extraction: To adapt this step to a different document type, the LLM prompt should be updated

to specify the fields to be extracted and their expected structure. If the target document contains different

types of information or follows a different format, the JSON schema should be modified accordingly. It is

also beneficial to include common OCR errors specific to the new document in the prompt. By explicitly

accounting for typical errors, such as character substitutions or formatting inconsistencies, the model can

better manage inaccuracies in the extracted text.

4 Evaluation
The evaluation was conducted using a test sample comprising all 26 issues of the newspaper published in January

1895
13
. In the following, we first report the processing time of each pipeline component (Section 4.1). We then

present the evaluation results for the major components of the pipeline, namely Text Block Ordering (Section 4.2),

13
The scanned documents for this month are available through the BNF’s dedicated newspapers website: https://www.retronews.fr/journaux/

semaphore-de-marseille.
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Text Recognition / OCR (Section 4.3), Paragraph Segmentation (Section 4.4), and Information Extraction (Section

4.5). Finally, we report the costs associated with using the commercial tools Arcanum, Google Vision, and OpenAI

GPT-4o on the test data (Section 4.6). The CSV file containing the final extracted data is publicly available
14
.

4.1 Processing Time
The size of the input data and the processing times for each pipeline component are summarised in Table 2. The

most time-consuming component is Text Recognition (OCR) using Google Vision, which required approximately

two hours. All other components operated with processing times on the order of minutes.

Table 2. Input data and time taken for each step of the processing pipeline.

Process Input Data Time Taken
Text Block Identification (Arcanum) 26 Images 5 minutes

Text Block Ordering (OpenCV) 26 JSONs & Images 2 minutes 30 seconds

Text Recognition / OCR (Google Vision) 4821 Image Blocks 2 hours

Paragraph Segmentation (OpenAI) 25 Text Files 4 minutes 40 seconds

Information Extraction (OpenAI) 491 Paragraphs 17 minutes 40 seconds

Total - 2 hours 30 minutes

4.2 Performance of Text Block Ordering
The Text Block Ordering component successfully identified the correct reading order of text blocks in all 26

images. The process was completed in 2 minutes and 30 seconds, as reported in Table 2. This result demonstrates

robust accuracy, providing a reliable foundation for the subsequent stages of the pipeline.

4.3 Performance of Optical Character Recognition (OCR)
The OCR stage processed a total of 4,821 text blocks extracted from the 26 newspaper images. Although all

images were processed, one image exhibited significant physical damage (a fold on the arrivals section), which

rendered the extracted information invalid. Nevertheless, this image was included in the overall OCR processing

time, which amounted to 2 hours, as reported in Table 2.

To evaluate OCR quality, 491 paragraphs from the arrivals sections were assessed using a three-level scoring

scheme based on the severity of recognition errors:

• Score 3:No errors or onlyminor errors (e.g., letter "c" misread as "e"), which do not affect critical information.

• Score 2: Errors affecting key information, such as the captain’s or ship’s name, that can be resolved through

cross-referencing.

• Score 1: Errors in numerical data, such as cargo quantities, which are critical and difficult to validate.

As shown in Table 3, 65.4% of the paragraphs (321) were either error-free or contained only negligible errors,

while 17.9% (88) contained critical numerical errors. The average OCR score was 2.47 out of 3.00, corresponding to

an overall accuracy of 82.3%. These results indicate acceptable overall OCR performance. However, the relatively

high proportion of critical errors in numerical fields underscores the importance of careful post-processing and

validation during the data curation phase.

14
https://users.ics.forth.gr/~fafalios/deltos-transcriber/ShipArrivals_SM_1895_01.csv
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Table 3. Distribution of paragraphs by OCR score.

Score Number of Paragraphs Percentage
1 88 17.9%

2 82 16.7%

3 321 65.4%

Total 491 100%

Average Score 2.47/3.00 (82.3%)

4.4 Performance of Paragraph Segmentation
Paragraph segmentation was performed using OpenAI’s GPT-4o model on the text produced by the OCR stage.

This step required 4 minutes and 40 seconds, as reported in Table 2, and resulted in 489 paragraphs, compared to

the expected 491.

The performance was evaluated using the standard metrics of precision, recall, and F1-score. Precision is

defined as the ratio of correctly extracted instances (in our case paragraphs) to the total number of extracted

instances, while recall is defined as the ratio of correctly extracted instances to the total number of correct

instances. The F1-score is the harmonic mean of precision and recall and provides a single measure that balances

both metrics. Formally, precision, recall, and F1-score are defined as follows:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 , Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 , F1-score = 2 · Precision · Recall
Precision + Recall

where 𝑇𝑃 denotes the number of true positives, 𝐹𝑃 the number of false positives, and 𝐹𝑁 the number of false

negatives.

The performance results are reported in Table 4. The paragraph segmentation stage achieved a precision of

0.959, a recall of 0.955, and an F1-score of 0.957, demonstrating strong and reliable performance. The observed

errors primarily stemmed from two sources:

(1) Merged paragraphs: In three cases, two paragraphs were incorrectly merged due to missing terminal

punctuation in the first paragraph.

(2) Misallocated fields: On one page, paragraphs lacking arrival times were segmented incorrectly, with

the model using unrelated fields, such as the port of origin, as placeholders. In addition, one erroneous

paragraph, labelled "er.", was produced as a result of OCR errors.

Although limited in number, these issues highlight areas where further refinement of the segmentation logic

could improve overall accuracy.

Table 4. Performance scores for paragraph segmentation.

Metric Value
Correct Results 469

Total Predictions 489

Expected Results 491

Precision 0.959

Recall 0.955

F1-Score 0.957
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4.5 Performance of Information Extraction
The Information Extraction process used the segmented paragraphs (489 in total, including 469 correctly seg-

mented ones). The extraction took 17 minutes and 40 seconds (Table 2). Only the 469 correctly segmented

paragraphs were evaluated for accuracy since paragraph segmentation is a different problem unrelated to

information extraction.

4.5.1 Evaluation Metrics and Results. Each of the 12 information fields was evaluated independently. Table 5

reports, for each field, the number of correct predictions, the total number of predictions, and the number of

expected results. A prediction was considered correct when the appropriate value was extracted into the correct

field, based exclusively on the OCR output, irrespective of OCR-induced inaccuracies. The key performance

metrics (precision, recall, and F1-score) are given for each field in Table 6. The key findings are outlined below:

• High precision and recall: Most fields achieved precision and recall values above 0.95, with average

values of 0.971 for precision, 0.950 for recall, and 0.960 for the F1-score.

• Strong performance for individual fields: Fields such as "Name of Captain" (F1-score: 0.993) and

"Tonnage of Ship" (F1-score: 0.985) exhibited near-excellent performance.

• Challenges for specific fields: The "Port and Date of Call" field recorded the lowest F1-score (0.895),

primarily due to information grouping errors, where values from multiple fields were incorrectly combined

into a single field.

Table 5. Evaluation Results for Information Extraction.

Field Correct Results Total Predictions Expected Results
Port of Origin 458 468 469

Date of Departure 458 468 469

Port & Date of call 209 225 242

Type of Ship 445 469 469

Ship Flag 409 409 469

Name of Ship 457 469 469

Tonnage of Ship 456 463 463

Name of Captain 465 469 468

Cargo Information 445 469 469

Consignee of Cargo 379 398 414

Consignee of Ship 446 451 465

Intelligence 213 218 217

Total 4841 4976 5083

4.5.2 Common Errors. The most frequent extraction errors arose from the following issues:

• Data grouping errors: In some cases, information belonging to separate fields was incorrectly combined

into a single field. For example, the "Type of Ship" field occasionally included data that should have been

assigned to the "Ship Flag" field.

• Partially correct entries: Fields containing only partially correct information were classified as incorrect,

which affected precision and recall values. For instance, if one port was missing from the "Port and Date

of Call" field, the entire entry was marked as incorrect, even when all other ports and dates of call were

accurately extracted.

Despite these challenges, the overall performance remained robust, demonstrating the effectiveness of using

GPT-4o for this stage of the pipeline.

ACM J. Comput. Cult. Herit., Vol. 1, No. 1, Article . Publication date: January 2026.



Automating the Extraction of Structured Data from Large Newspaper Corpora using Layout Analysis, OCR and Generative AI • 25

Table 6. Performance Metrics for Information Extraction.

Field Precision Recall F1-score
Port of Origin 0.979 0.977 0.978

Date of Departure 0.981 0.979 0.980

Port & Date of Call 0.929 0.864 0.895

Type of Ship 0.949 0.949 0.949

Ship Flag 1.000 0.872 0.932

Name of Ship 0.974 0.974 0.974

Tonnage of Ship 0.985 0.985 0.985

Name of Captain 0.991 0.994 0.993

Cargo Information 0.949 0.949 0.949

Consignee of Cargo 0.952 0.915 0.933

Consignee of Ship 0.989 0.959 0.974

Intelligence 0.977 0.982 0.979

Average 0.971 0.950 0.960

4.6 Monetary Cost
The monetary costs associated with the tools used in the pipeline are summarised below:

• Arcanum: At a cost of $0.005 per image, processing the 26 newspaper images resulted in a total cost of

$0.13.

• Google Vision: A total of 4,821 text blocks were processed. The pricing depends on the monthly usage

tier: the first 1,000 units per month are free, units from 1,001 to 5,000,000 are charged at $0.0015 per unit,

and units beyond 5,000,000 are charged at $0.0006 per unit. In our case, the first 1,000 units were free, while

the remaining 3,821 units incurred a cost of $5.73.

• OpenAI GPT-4o: The Paragraph Segmentation and Information Extraction stages processed approximately

43,500 and 524,500 input tokens, and produced approximately 3,400 and 59,300 output tokens, respectively.

Input tokens were charged at $0.0025 per 1,000 tokens, resulting in a cost of $1.42. Output tokens were

charged at $0.01 per 1,000 tokens, resulting in a cost of $0.90. The combined cost for these two stages was

therefore $2.32.

The total cost for processing all 26 newspaper issues amounted to $8.18, demonstrating the cost-effectiveness

of the proposed pipeline.

5 Conclusion
This paper highlights the transformative potential of advanced technologies for addressing the challenges of

structured information extraction from historical newspapers. By designing and implementing a systematic

pipeline tailored specifically to the historical newspaper Le Sémaphore de Marseille, this work demonstrates how

a dedicated methodology can convert raw archival material into structured, machine-readable data that can

support large-scale historical analysis.

The pipeline demonstrated effective performance in processing historical newspaper data, achieving robust

accuracy in Text Block Ordering, acceptable OCR quality with an average score of 2.47 out of 3.00, and strong

performance in Paragraph Segmentation, with an F1-score of 0.957. The Information Extraction stage also

performed reliably, with an average F1-score of 0.960 across the twelve information fields. The complete pipeline

processed 26 newspaper issues in approximately 2 hours and 30 minutes. These results highlight both the strengths

of the proposed system and areas for future refinement, underscoring its potential to advance historical research.
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A key strength of the pipeline lies in its modularity, which allows targeted adjustments and improvements to

individual components. This flexibility enables the system to be adapted to other document types or extraction

tasks, offering broad applicability across a range of historical research scenarios.

In the short term, the primary objective is the complete extraction of ship arrival records from the PortADa

project corpus, which comprises approximately 20,000 newspaper issues covering the period from 1850 to 1914.

In parallel, the development of a dedicated database to store and organise the extracted information would

streamline data access, querying, and analysis. Such a database would significantly enhance historians’ ability to

investigate trends in maritime trade and regional interactions over time. To support this effort, we plan to adopt

a Linked Data approach, following [13, 15], with a focus on semantic interoperability and data integration.

Looking ahead, several promising directions for future work can be identified. Improving preprocessing

techniques, such as incorporating image dewarping and advanced noise removal, could further enhance OCR

performance, particularly when dealing with the degradation and poor quality typical of historical documents.

Another important direction is the integration of regular expressions into the Information Extraction stage. This

would enable a systematic comparison with AI-driven methods and provide a benchmark for improving extraction

accuracy and reliability. In addition, analysing recurring errors made by the LLM during Paragraph Segmentation

and Information Extraction offers an opportunity to refine the prompts used in these stages. By developing more

targeted and task-specific prompts, the accuracy of the extracted results could be further improved, leading to

overall gains in pipeline performance.

From a historical research perspective, linking the extracted data with related maritime history resources, such

as the SeaLiT Knowledge Graphs [12], which include information about ships, ports, sailors, and related entities

from the same historical period, can enrich historical analyses and provide deeper insights into maritime trade

networks.
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A Prompt for Paragraph Segmentation

You are an AI tasked with organising and formatting text about ship arrivals by dividing it into sections and
paragraphs.

Key Instructions:

• Each section in the input text begins with a phrase similar to "Du xx mmm," but note:
– Due to OCR inconsistencies, the keyword "Du" may contain variations such as "Da", "De", "Bu", etc., or it

may be absent altogether.
– The "xx" number is optional.
– The "mmm" part is an optional month.

• Your output should be a JSON object with the following structure:
– Each section should have a key "arrival_date" with the entire detected phrase (e.g., "Du xx mmm" or any
variant thereof) as its value.

– Each "arrival_date" section contains an array, "paragraphs" which holds each paragraph under that section
as a separate item in the array.

– Each paragraph should preserve the exact text as it appears in the input, without corrections, changes, or
additions.

• Additional details:
(1) Section Handling:

– If the text contains no initial section marked by "Du xx mmm" or similar variant, set the "arrival_date"
field to null.

(2) Paragraph Structure:
– Each paragraph describes one ship’s arrival with information such as name of ship, tonnage of ship,

captain of ship, etc., and often starts with the port of origin.
– Maintain each paragraph’s content precisely as it appears in the input, with no changes to wording or

formatting (except removing internal ’\n’ symbols).
– Ignore any line beginning with "ARRIVÉES" or any variant of it.

• Generate the JSON output strictly according to these rules.

B Prompt for Information Extraction

You are an AI designed to extract specific information from French text, with some potential OCR errors. For each
input provided, return the extracted information in a JSON object with the following fields. If a field is empty,
set its value to null.

The respone should be a JSON object with this structure:

{
"port_of_origin": null,
"date_of_departure_from_port_of_origin": null,
"port_and_date_of_call": null,
"type_of_ship": null,
"ship_flag": null,
"name_of_ship": null,
"tonnage_of_ship": null,
"name_of_captain": null,
"cargo_information": null,
"consignee_of_cargo": null,
"consignee_of_ship": null,
"intelligence": null
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}

Information Fields and Their Order:

(1) Port of origin: Usually appears at the start of the paragraph.
(2) Date of departure from port of origin: Always appears after the port of origin. It consists of a number and

a month or the word "cour".
(3) Port and date of call: Intermediate stops made by the ship on its journey to the final destination (may

include multiple ports or none).
(4) Type of ship: Found in lowercase, e.g., "vap", "br", "br-goel", "bat", etc.
(5) Ship’s flag: Found in lowercase, e.g., "grec" for Greek.
(6) Name of the ship: The ship’s name as it appears in the text.
(7) Tonnage of the ship: If it exists, it appears after the name of the ship and usually starts with "de".
(8) Name of the captain: Usually starts with "cap" or "c".
(9) Information about the cargo: Includes cargo quantity, unit of measurement, and type of cargo (usually starts

with "avec").
(10) Consignee of the cargo: If it exists it is always after the cargo information and usually starts with "pour"

or "p".
(11) Consignee of the ship: Usually appears after the cargo information but it can also be absent; typically

begins with terms like "le navire", "nav", "navire", or may simply be a name or entity. In cases like "ainsi
que le nav", include only the words from the text.

(12) Intelligence: Includes events or interactions during the journey, such as passing the Strait of Gibraltar,
passenger information, etc. Always appears last if it exists.

Notes:

• Parse the input text in reading order.
• When assigning values to fields, never change the values of the previous fileds in the order.
• The text contains OCR errors (e.g., "ton" might appear as "fon", or "tx" as "ix", or "c" as "e"; digits may
appear as similar-looking letters like "i" instead of "1").
• Don’t try to correct those mistakes, just give the information as it appears in the text.
• If a field’s information is not present in the text, set its value to null.
• Never use the same text more than once, if you assign part of the input text to a field then you cannot
assign it to another field.
• Respond with a JSON object.
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