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Abstract
This paper presents a complete workflow designed for extracting information from Quebec handwritten parish registers.
The acts in these documents contain individual and family information highly valuable for genetic, demographic and social
studies of the Quebec population. From an image of parish records, our workflow is able to identify the acts and extract
personal information. The workflow is divided into successive steps: page classification, text line detection, handwritten text
recognition, named entity recognition and act detection and classification. For all these steps, different machine learning
models are compared. Once the information is extracted, validation rules designed by experts are then applied to standardize
the extracted information and ensure its consistency with the type of act (birth, marriage and death). This validation step is
able to reject records that are considered invalid or merged. The full workflow has been used to process over two million
pages of Quebec parish registers from the 19–20th centuries. On a sample comprising 65% of registers, 3.2 million acts were
recognized. Verification of the birth and death acts from this sample shows that 74% of them are considered complete and
valid. These records will be integrated into the BALSAC database and linked together to recreate family and genealogical
relations at large scale.

Keywords Information extraction · Document layout analysis · Handwritten text recognition · Historical documents · Quebec
parish records

1 The BALSAC project

1.1 From BALSAC to i-BALSAC

For the last 50 years, the BALSACproject1 has been building
and consolidating a major database on the Quebec popula-

1 https://balsac.uqac.ca/
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tion. The core of the database is made of demographic events
extracted from transcribed parish and civil registers. Birth,
marriage and death records are linked together to reconstruct
the Quebec population from the beginning of French settle-
ment in the seventeenth century to the contemporary period.
From the 1980s, mostly marriage records were entered in the
database, in order to concentrate on genealogical reconstruc-
tions used in genetic research.

About ten years ago, the decision was made to add
birth and death records and link them to the marriages
already in BALSAC for a comprehensive coverage of fam-
ilies. During this time, it also became increasingly evident
that the development of the database, which entails work
on millions of records, could no longer rely exclusively on
manual or semi-automatic operations. Fortunately, progress
in machine learning opens up promising avenues for his-
torical databases as handwritten text recognition (HTR)
algorithms have improved significantly in the past few years.
These considerations have led the BALSAC team to make
the decision to rely on this technology for the transcrip-
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tion of Quebec civil registers and their integration in the
database.

These developments are part of an initiative supported by
the Canadian Foundation for Innovation aimed at creating
i-BALSAC, an infrastructure for the study of the Quebec
population through a joint genealogical, genomic and geo-
graphic approach. This project, which will be completed
in 2023, has three main components: the integration of
demographic, genetic and geographical data, the develop-
ment of statistical and mapping tools to enhance exploita-
tion of the data, and the setting up of a web portal for
access.

1.2 Quebec civil and parish registers

In the course of the i-BALSAC project, the birth and death
certificates for the Quebec population between 1850 and
1916 will be integrated into the BALSAC database. High-
resolution images of these records were obtained thanks to a
partnership with the Bibliothèque et Archives nationales du
Québec (BAnQ). They amount to 1,995,579 digitized pages
from 44,742 registers located in 1,985 different parishes.
Ultimately, the goal is to process these images to identify and
index the various entities contained in each record such as
names and surnames, dates, places and occupations, as illus-
trated in Fig 1. Since the integration of data includes a linkage
procedure to connect information from various events per-
taining to the same individual or the same family, the quality
of the information, particularly on names and surnames, is
of the utmost importance.

It is estimated that the complete processingof these images
will make it possible to add approximately six million new
records to the database, more than doubling its current size.
Such an amount of data, covering the whole Quebec ter-
ritory over seven decades, also means great variations in
terms of page structure, handwriting styles, and multiple
particularities across registers. Disparities in the data also
comes from religious affiliation: about 60% of the registers
of the 1850–1916 period come from Catholic parishes, while
the remaining 40% are composed of non-Catholic confes-
sions, including Protestants and their various denominations
as well as Jews and Orthodox. These figures are slightly mis-
leading, however, since registers are not organized the same
wayacross religions: comparingCatholics andnon-Catholics
in terms of number of images, the proportions change to
78% and 22%, respectively. In addition, most Catholic reg-
isters are in French, while most non-Catholics are written
in English. Such a diversity is a challenge for deep learning
techniques that are known to require training data represen-
tative of the full target corpus in order to be effective. The
selection and annotation of training data are described in Sect
3.1.

In this article, we introduce three main contributions:

– A complete workflow for nominative information extrac-
tion in historical registers, from the image to the database
integration ;

– A comparison of multiple machine learning models at
each step of the workflow, allowing us to identify the
main challenges for information extraction;

– Rules designed for content verification and standardiza-
tion, and an unsupervised metric for quality estimation.

The paper is organized as follows: First, an overview of
the main approaches for information extraction from digi-
tized documents is presented in Sect 2. In Sect 3, we describe
the training data and present each step of the workflow pro-
posed for information extraction. For each step, we compare
multiple machine learning models and discuss the results. In
Sect 4, we describe the procedure for content validation and
standardization designed to ensure that the right information
is entered into the BALSAC database. Finally, we discuss the
results and propose some insights in Sect 5.

2 Related works

Recent improvements in computer vision and natural lan-
guage processing have led to significant advances in the field
of automatic document understanding. At the same time,
many systems have been developed to ease ground-truth pro-
duction [23,40], allowing researchers to train complex and
efficient models for information extraction from full-page
documents.

2.1 Information extraction from full pages

There are two main approaches to perform information
extraction from full pages:

– Single-stageworkflow: information extraction is tackled
in a single stage by combining features extracted from
various modalities: image, text, layout.

– Step-by-stepworkflow: information extraction is divided
into multiple successive steps: page classification, text
detection, text recognition, and named entity recognition.

2.1.1 Single-stage workflow

Several single-stage models have been proposed to extract
relevant information in a single stage by taking advantage of
both visual and textual features.
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(a) Act of birth (b) Act of death of a single person

(c) Act of death of a married person

Fig. 1 Illustration of three acts in which important information is highlighted. Legend: Date; Subject of the act; Parents; Spouse;

Age; Occupation; Godfather/godmother

Single-stage methods usually rely on pre-trained mod-
els to extract image, text and layout embeddings from full
pages. These embeddings are then combined and used in
the decoder to predict semantic labels [15,46]. Some meth-
ods also take advantage of a graph learning module that
models the relationships between nodes and generates a
richer, more structured representation of the extracted infor-
mation [27,47]. Other methods extract generic features that
are shared by multiple branches dedicated to specific tasks,
such as text zone detection, text zone recognition and infor-
mation extraction [10,44].

Single-stage methods are very efficient as they com-
bine multiple document modalities (image, text, layout) for
information extraction. Such approaches are especially well-
adapted to structured documents, such as tickets, invoice or
receipts, in which semantic information can be derived not
only from the textual content, but also from the layout. For
example, in a census document, nameswill always be located
in a dedicated column, thus in a specific area of the page.
Additionally, performing information extraction in one stage

is interesting to avoid error accumulation (in a traditional
workflow, bad text line detection will have an impact on the
text recognition). However, they are not particularly suited to
weakly structured documents, inwhich semantic information
is mostly derived from the text. Additionally, single-stage
workflows rely on pre-trained models that are often trained
on printed documents or synthetic documents and therefore
not directly usable for historical or handwritten documents.

2.1.2 Step-by-step workflow

Another way of extracting relevant information from full
pages consists in dividing the workflow in successive,
more simple steps: page classification, text detection, text
recognition, named entity recognition, act detection and clas-
sification. The final workflow can be built using successive
state-of-the-art components for each task. Each individual
task has been extensively studied in the literature, so in this
study, we mainly focus on models applied to historical doc-
uments.
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Page classification. Page classification of historical docu-
ments usually consists in associating each page with a class
that describes the period of the document, its place of origin,
the script used or the author of the document [24,39]. In our
case, the classification task would help to discard pages with-
out any act (cover, blank page, index...). As a result, it could
be tackled as an outlier detection problem, as the dataset is
extremely unbalanced, and few pages without act have been
annotated.
Text line detection.Many open-sourcemodels have been pro-
posed to tackle text line detection from historical documents,
mainly ARU-Net [19], dhSegment [3], DocExtractor [30]
and Doc-UFCN [6]. These models have been pre-trained on
multiple datasets [18,40], making them very efficient on a
wide variety of historical documents. They can be used easily
out-of-the-box, or fine-tuned on a specific set of documents.

Handwritten text recognition. Many open-source architec-
tures have been proposed for handwritten text recognition
(HTR). This task is generally performed at line-level, either
relying on a CNN-HMM architecture [4], a CNN-RNN
architecture [35], or a transformer-based architecture [13].
Recently, an increasing number of articles have been dedi-
cated to learning from paragraphs or full pages [5,13,45].

Named entity recognition.Open-source NERmodels mainly
rely on Transformer architecture: CamemBERT [29], spaCy
[22], Stanza [36] or FLAIR [2]. Two recent surveys compare
open-source NER libraries [1,31] on noisy text automatically
recognized fromhistorical documents. Both studies conclude
that most NER systems achieve high-performance results,
even when trained on few training data. They also highlight
that errors accumulate a lot in such as sequential workflow, as
text detection and text recognition have a significant impact
on named entity recognition results.

Joint text and named entity recognition. Alternatively, hand-
written text recognition and named entity recognition can be
performed jointly either at line-level [11,42], or at paragraph-
level [37]. These models predict a special semantic token
before each word of interest, such as <name>, <date>,
or <occupation>. Most of these approaches have been pro-
posed as part of the 2017 Information Extraction inHistorical
Handwritten Records (IEHHR) competition2 [17]. Follow-
ing the same principle, attention-based neural networks such
as DAN [13] could also be used for information extraction
from full pages, by taking advantage of special tokens for
both semantic labelling and structure description.

Act detection. Act detection is often performed using only
visual features. For example, signatures and first text lines are
automatically detectedusing aCNNandcombined to localize
the acts [41]. In [9], records are counted using a CNN trained

2 https://rrc.cvc.uab.es/?ch=10&com=introduction.

on synthetic documents that are generated with a similar lay-
out. In cases where the visual features are not sufficient to
correctly detect the acts, some works have focused on com-
bining visual and textual features. This has been achieved by
using Probabilistic IndexMap [34] or by enriching the image
with the localization of first text lines that are detected using
their textual content [6].

2.2 Large-scale workflows for automatic document
understanding

The BALSAC project aims to extract information from mil-
lions of handwritten historical records. Beyond the scientific
challenge of automatic information extraction, processing
millions of pages is also a technical challenge with multi-
ple dimensions: data management, computing resources and
processing time.

Few works have been dedicated to information extrac-
tion in historical documents at such a large scale. Some
of them also implemented rules for unsupervised content
verification. A first approach was introduced in 2013 to
perform information extraction in real conditions and at a
large scale on eight million pages from the 1930 US census
[32]. For this task, the authors report a 70% automation rate:
30% pages were manually processed as the automatic sys-
tem was considered unreliable. Other researchers focused on
template-based information extraction on printed books [16].
The text was automatically recognized using an OCR, and
semantic labelling was performed using template matching.
The authors processed several hundred thousand pages using
this approach. Another approach was introduced for lexicon-
free keyword spotting on hundreds of thousands of German
historical registers [25]. The authors managed to support
structured queries for information extraction in complex tab-
ular documents. The SYNTHESIS+ project [43] focused on
developing a cloud-based platform to extract information
from images of natural history specimens at large scale. To do
this, the authors designed a workflow that integrates various
open-source tools, mainly for object detection, image seg-
mentation and text recognition. More recently, information
extraction has been performed from hundreds of thousands
pages of the early twentieth-century Paris Census [12]. The
authors took advantage of the tabular structure to implement
rules for normalization and content verification.

2.3 Discussion

The i-BALSAC project began in 2019. At this time, single-
stage methods for information extraction were still in their
early stages. Since then, machine learning models have
evolved a lot, and single-stage methods have proven to be
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very efficient. If the project were to start again now,wewould
surely consider developing a single-stage workflow.

That being said, we decided to tackle information extrac-
tion with a step-by-step workflow. This approach is very
convenient to divide the workload among the team. More-
over, it allows us to identify and focus on the most difficult
steps. Finally, dividing the workflow into different modules
is practical to maintain, as each module can be updated inde-
pendently.

3 Genealogical information extraction
workflow

The complete workflow for the extraction of personal infor-
mation from scanned registers is presented in Fig 2 and
described in this section. The first step consists in detect-
ing the text lines. Then, for each page, text lines are used to
classify the type of page (act or non-act) and for handwrit-
ten text recognition (HTR). Recognized text lines are then
grouped into paragraphs, and the corresponding text is used
for name-entity recognition (NER). The text of the lines is
also used to detect the boundaries of the acts as well as their
types (birth, marriage, death). Finally, all the extracted infor-
mation is exported into an XML file.

As it is well known in document processing that the errors
accumulate along the different steps, we design the workflow
in order not to take early hard decisions. For example, we
process all the pageswith the completeworkflow, even if they
are predicted as not containing any act information. In the
same spirit, we wait for the end of the complete recognition
workflow to reconstruct the hierarchical structure between
text lines, acts, and paragraphs. The grouping is performed
based on text line localization and content, in order to make
the decision more reliable.

Most of the steps of the processing are based on machine
learning algorithms and thus need annotated data to be
trained. A description of the training data is given in the
following section.

3.1 Creation of the ground-truth data

To address the challenge of data variability, the decision was
made to produce training data independently of religious
affiliation and language. The ground truth for training the
different models of the extraction workflow consists of 913
transcribed and annotated images picked from 74manuscript
registers. They have been selected in order for the sample to
be representative, based on the BALSAC team’s knowledge
of the records. The statistics of the annotated dataset at dif-
ferent levels (page, act, lines, words) are given in Table 1.

The transcription and annotation were done using Tran-
skribus3 in three steps: layout analysis, transcription, and
entity tagging.

The detection of text lines and text regions was performed
using Transkribus’s CITLab tool, with manual corrections
and additions. The “marginalia” zone was annotated with a
special label. The acts were also manually annotated, as they
are the key unit in these registers. Bounding boxes of the acts
were drawn so that they cover the main text of the act as well
as the marginalia. Since an act can be written over more than
one page, we also tagged each act as either:

– act start, to indicate that the act ends on the following
page;

– act center, to indicate that the act starts on the previous
page and ends on the following page;

– act end, to indicate that the act starts on the previous page;
– full act, to indicate that the act starts and ends on the
current page.

Table 1 also describes the distributions of these elements
in the annotated dataset.

The text linesweremanually transcribed by research assis-
tants, who have also tagged the main named entities, as
detailed in Table 2. The named entity recognition (NER)
task was limited to dates, names, occupations and declared
residences because these entities are found consistently in
these registers. Moreover, these entities are easier to retrieve
than other pieces of information, as they span over only a
few words. In contrast, complex entities such as attendance
(whether a person mentioned in the record was physically
present for the act’s recording) or signature information are
often part of complex sentences and can require interpreta-
tion.

Automated named entity recognition is crucial for this
project, as the entities help to locate events in time and
in space, specify the role of individuals mentioned in
the records, and provide socioeconomic information such
as occupations, honorific titles and literacy. Furthermore,
names, places and occupations can be linked to existing dic-
tionaries containing all the variations previously identified
in the BALSAC database over more than three centuries of
records. Lastly, but most importantly, the selected entities are
those required for the family and population reconstruction.
Event records are linked based on names, but context vari-
ables such as places and even occupations can help find the
right individuals or families.

Entity tagging thus serves a dual objective: it helps vali-
date the transcription through an entity-orientedproofreading
operation, and as ground truth for named entity recognition
it will help to provide an overview of the textual structure of

3 https://readcoop.eu/transkribus/.
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Fig. 2 Overview of the workflow. First, text lines are detected. Then,
the text is automatically transcribed and paragraph are created based on
visual features. At the same time, each page is classified as containing
act information or not. Next, acts are localized and classified based on

their position in the page (in red if they start on the previous page, in
green if they start and end in the current page, in purple if they end on
the next page), and automated named entity recognition is performed.
Finally, complete recognition results are exported in an XML file

Table 1 Description of the
dataset used in our experiments:
counts of images, acts, lines,
and words are provided for each
subset. The distribution of the
acts classes is also detailed

Images Pages Acts Lines Words
start center end full total

Train 730 864 504 2 488 1,476 2,470 36,941 167,166

Val 92 107 66 1 58 181 306 4,592 20,947

Test 91 106 62 0 52 176 290 4,323 19,884

Total 913 1,077 632 3 598 1,833 3,066 45,856 207,997

Table 2 Distribution of the named entities present in the annotated
dataset

PER LOC DATE OCC

Count 15,810 2,823 4,551 2,380

Avg length Words 2.33 2.08 5.21 1.31

Chars 14.27 12.33 23.28 10.44

the registers.Moreover, standardized tags will help to answer
questions about the consistency of the textual structure of reg-
isters over time, to document the structure of records over a
long period, and to compare ecclesiastical and civil registra-
tion requirements to demographic data from other sources.

3.2 Workflowmanagement

Managing a large-scale digital document processing project
requires the implementation of a workflowmanagement sys-
tem to execute each step and ensure communication between
processes. The system must also be able to distribute tasks
according to the available computing capacity. The system
must be based on a technology that is reliable, sustainable
and cost-effective.

For the management of the 2 million images, representing
7.2 To of data, we have chosen a solution implementing the
IIIF protocol. The images, initially in TIFF, were converted
into JPEG both to reduce their size and to be compatible with
IIIF image servers. All the images are made available using

a Cantaloupe4 IIIF server, allowing to access both the full
images and portion of images according to the IIIF image
API5.

For the management of the documents and of the process-
ing results, we have based the whole project on the Arkindex
platform6 both for storing the processing results and for
distributing the tasks on a cluster of processing servers.
Arkindex also includes a visualization interface to analyze
the cause of failures.

3.3 Page classification (containing/not containing
acts)

Over the 2million pages, not all of themcontain acts: some
are blanks pages or covers, some are printed instructions from
the registers, and some are indexes. As presented in Fig 3,
pages with acts are very homogeneous, whereas other pages
are very heterogeneous.

Page classification is an important step for quality control.
For example, if no act is found on a page that was classified
as containing act information, then there might be an issue
with handwritten text recognition, named entity recognition
or act detection. Since only act pages were available in the
annotated corpus, it was decided to detect non-act pages as
outliers compared to act pages. The page classification algo-
rithm is described and evaluated in the following paragraphs.

4 https://cantaloupe-project.github.io/.
5 https://iiif.io/api/image/2.1/.
6 https://doc.arkindex.org/.
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Fig. 3 Page types in the BALSAC corpus: two pages containing acts on the left, four pages containing no act on the right. Pages with no acts are
much more heterogeneous than pages containing acts

3.3.1 Outlier detection models and features

After preliminary experiments, we selected two algorithms
for outlier detection from Scikit-Learn’s library [33]: Isola-
tion Forest [26] and Local Outlier Factor [8].
Isolation forest combines several isolation trees to identify
abnormal data points. The idea of this algorithm is that out-
liers are easier to isolate as they are closer to the root node,
leading to a smaller average path length as compared to
inliers. As a result, the path length is a measure of normality
and can be used to calculate an anomaly score. Data points
with an anomaly score higher than 0.5 are considered as out-
liers.
Local Outlier Factor is based on the estimation of the local
density of neighbors for each point. The local density of each
point is compared with the local densities of its neighbors:
if the neighbors’ densities are much higher, then the point
comes from a sparser region and is considered as an outlier.

For these two algorithms, we compared three different
types of features:

– Subsampled image projections: the input image is sub-
sampled to a size rows × columns, then the column and
rowprojections are computed and transformed in a vector
of size rows + columns.

– Line density grid: a grid of rows×columns is defined on
the input image. For each cell, the percentage of text lines
area is computed, transformed into a vector and used as
features.

– Line count grid: a grid of rows × columns is defined on
the input image. For each cell, the number of lines inter-
secting the cell is computed, transformed into a vector
and used as features.

An illustration of the different features extracted from a page
is presented in Fig 4.

Table 3 Evaluation results of the outlier detector on 100 annotated
images extracted from the registers of the region of Saguenay

Precision Recall F1 Support

Act 0.96 1.00 0.98 75

No act 1.00 0.88 0.94 25

Total/Average 0.97 0.97 0.97 100

3.3.2 Outlier detection results

Two main layouts can be found in the corpus, depending
on the scanning method: portrait (single page) and landscape
(double page).We found that a model trained on both portrait
and landscapeorientationswasunable toworkproperly, since
the features learned on portrait images were “stretched” for
landscape images. Therefore, a model was trained only on
single images, as landscape pages can be easily split into
two single pages. We used 739 single page images from the
annotated dataset to train the outlier detector.

To evaluate themodels trained in an unsupervisedmanner,
20 images containing acts and 20 images without any act
were annotated from unseen data. Grid search over different
feature matrix/vector sizes and some hyperparameters for
Isolation Forest and Local Outlier Factor was used to find
the best model. In the end, Isolation Forest that used the
line count grid of size (8×6) got the best F1-score and was
selected.

The best model was tested on registers from the region of
Saguenay. One hundred pages were sampled in a stratified
way (78 containing acts, 22 without any act) to evaluate the
error rate on unseen data. The evaluation results are presented
in Table 3. We obtained a combined F1-score of 97%, which
was satisfying and most importantly a recall of 100% on
images containing acts. Additionally, we applied this model
to all the images from the region of Saguenay to validate the
results visually. Prediction results are presented in Table 4
and seem consistent with the evaluation results.
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Fig. 4 Comparison of different features for outlier detection. From the input image (left), three different features are presented with three different
grid sizes (right). From left to right: subsample image, line density grid, line count grid. From top to bottom: different grid sizes: (8×6), (16×12),
(32×24)

Table 4 Prediction results of
the outlier detector on 36,700
images extracted from the
registers of the city of Saguenay

Count Percentage

Act 28,478 77.6%

No act 8,222 22.4%

Total 36,700 100.0%

3.4 Layout analysis and text line detection

3.4.1 Text line detection model

For the detection of text lines, we compared three state-of-
the-art systems: Doc-UFCN [7], dhSegment [3] and ARU-
Net [19]. Theyhave been selected for their high performances
on various historical document segmentation tasks.

Doc-UFCN has been chosen since it has yielded good
results on various historical datasets for the text line detec-
tion and for its ability to be trained on a reduced amount of
training images. It aims at a general and flexible approach:
depending on the input data, it can address, for example, text
line extraction or complete layout analysis. Doc-UFCN is a
fully convolutional network (FCN) comprised of (1) a con-
tracting path composed of dilated convolutions that allow to
learn an input image representation while augmenting the

receptive field, and (2) an expanding path that is trained to
output pixel probability maps.

dhSegment has also shown high performances on mul-
tiple historical document segmentation tasks. dhSegment is
also a convolutional neural network (CNN) that follows an
encoder–decoder architecture, where the encoder is a ResNet
[21] model pre-trained on natural scene images [14]. The
decoding path is similar to Doc-UFCN’s one.

ARU-Net has been chosen for its good performance
mainly for the baseline detection task. ARU-Net is also the
text line detectionmodel integrated into Transkribus [23], the
most popular platform for historical document processing. It
is an extended version of the standard U-Net that comprises
spatial attention and a residual structure.

The three systems have been trained on a wide set
of diverse historical public and private datasets, including
annotated BALSAC data, with the train/validation/test sets
exposed in Table 1. For this historical line model, two classes
were defined: the background and the text line. The training
details and results are discussed in [6].
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Table 5 Text line detection results obtained by Doc-UFCN, dhSeg-
ment and ARU-Net models trained on various historical datasets and
evaluated on BALSAC test images

IoU AP@.50 AP@.75 mAP

Doc-UFCN 0.87 0.98 0.91 0.76

dhSegment 0.74 0.94 0.54 0.51

ARU-Net 0.98 0.76 0.20 0.34

3.4.2 Text line detection results

The trained models are evaluated using the Intersection-
over-Union (IoU) metric, which compares the areas of the
expected ground truth zones and the predicted ones. In
addition, the predictions are evaluated at object level using
average precision (AP) values. Based on a IoU threshold, the
AP allows knowing the amount of correctly predicted text
lines. Table 5 presents the IoU results as well as AP values
for two thresholds (50% and 75%) and the mean AP (thresh-
olds ranging from 50% to 95%).

The IoU values obtained by Doc-UFCN and ARU-Net,
higher than 85%, are better than what we usually get using
diverse datasets for training. When looking at the AP values,
we see that Doc-UFCN model clearly outperforms the two
other systems. Indeed, theAP values obtained byDoc-UFCN
show that the predicted objects are well predicted: a good
localization and really low number of predictedmerged lines.

When dealing with a large corpus such as BALSAC,
processing time is an issue that must be optimized. Since
the development of the complete workflow is incremental,
images are processed several times so that the complete
workflow is run several millions of times. Large deep neural
networks are known to be computationally expensive. As an
example, we compared the processing time of Doc-UFCN,
dhSegment and ARU-Net on a GPU GeForce RTX 2070
8G. On average, dhSegment took 2.95 seconds per page and
ARU-Net 1.39 seconds, where Doc-UFCN only took 0.41
seconds. Being 7 times faster than dhSegment, Doc-UFCN
allows processing 2 million images in 9.5 days instead of 66
days.

According to the results obtained by the three trainedmod-
els, the Doc-UFCN model has been used to detect the lines
on BALSAC images. We not only chose this model for its
good performance for the line detection task, but also for its
competitive inference speed compared to other state-of-the-
art systems.

3.4.3 Unsupervised line detection metric

The Doc-UFCN text line detection model produces a mean
confidence score along with the predicted lines. However, it
is known that modern deep neural networks are poorly cali-

brated [20] and that their confidence score cannot be trusted,
particularly for the Doc-UFCN model whose predictions are
at pixel level, whereas we need a confidence score at text
line level. An external quality metric on the text line detec-
tion process had thus to be developed.

Tomake it easier to find images where the line detection is
poor, we created a simple metric to compare the detected line
heights with the median line height of that image. The ratio
of line heights that are half bigger (or smaller) than the size
of the median is used as a metric reflecting the line detection
quality. In other words, if the detected line heights deviate a
lot, then there is probably a problem with the detection.

Let H be the list of the predicted lines on an image, h̃ the
median of the heights of lines inH and l a single line from that
list having a height h. If, for most of the lines, their heights
are similar so that α × h̃ ≤ h ≤ (1+α)× h̃, with α ∈ [0, 1],
then the line detection was probably correct; otherwise, there
might be an issue. Therefore, the line detection quality ratio
is calculated in the following way:

Qline = 1

|H |
∑

h∈H
1
h∈

[
α×h̃,(1+α)×h̃

] (1)

This metric allows to correctly distinguish the correct
from the bad text line detections. This is possible on BAL-
SAC images since one page is usually written by one person
(except for the signatures) and there are no headings with a
bigger font size in the acts. More standard ways for finding
bad lines, based on standard deviation, were tried too, but
they were not good enough.

Based on the ratios and using α = 0.5, we defined 5
classes (≤ 1%, 1− 5%, 5− 25%, 25− 50%, > 50%) where
the name of the class describes the ratio of bad lines predicted
on an image. These classes help us find images with bad line
detections that will be used for manual correction and active
learning. The distribution of bad line classes on Saguenay
test set is described in Table 6. We can see that 90% of the
documents have a bad line ratio lower than 5% which seems
satisfying.

In Fig 5, there is an example image for each class. Images
with ratios 1% and 5% show very precise detections. The
page with ratio 14% has some errors, and since there are not
many lines on that image, the bad line ratio goes up. Images
with ratios 30% and 52% contain typed text that the line
detection model has not seen during training. Understand-
ably, the detection does not work as well on those pages, but
it can easily be improved by adding them to the training set.

3.5 Handwritten text recognition

3.5.1 Handwritten text recognition models

The handwritten text recognition (HTR) is performed on the
text lines detected by the Doc-UFCN model and outputs
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Fig. 5 Illustration of different pages with various bad line ratios. From left to right: 1%, 5%, 14%, 30%, and 52% of bad lines

Table 6 Distribution of bad line
classes on the images extracted
from the registers of the
Saguenay region

Bad lines Count

≤ 1% 27,843

1–5% 14,818

5–25% 3,971

25–50% 584

> 50% 42

Total 47,258

the corresponding text. We have compared two open-source
HTR engines for this task:

– The Kaldi toolkit7, which is based on a deep neural
network—hidden Markov model (DNN-HMM).

– PyLaia8, which is a DNN model introduced in [35], that
we combine with an external N-gram language model to
improve performance.

Kaldi model is similar to the one proposed in [4]. It
is composed of two standard components: first, an optical
model, which is trained on text line images, learns the dif-
ferent shapes of sub-words defined using the BPE approach
[38]. During the decoding phase, it predicts sub-word proba-
bilities in the text line using a sliding window segmentation.
Second, a language model, which is trained on the text of the
target documents, models linguistic information based on the
frequencies of sequences of sub-words.

In our experiments, we used an opticalmodel composed of
6 layers of convolutions with ReLU (Rectified Linear Unit)
and batch normalization; 4 layers of TDNNs with ReLU
and batch normalization; and an output layer with softmax.
The language model is a 3-gram with Witten–Bell smooth-
ing trained on the transcribed data only. A sub-word level

7 https://kaldi-asr.org/.
8 https://github.com/jpuigcerver/PyLaia.

language model can deal with short text lines in which the
words are often split, such as we have in the BALSAC parish
records, and can also predict out-of-vocabulary words, such
as names, as sequences of sub-words.

PyLaia model is similar to the “expert” model presented
in [28]. First, images are resized to a fixed height of 128
pixels. Data augmentation is applied on the fly and consists
of random affine transformations. The model is composed
of 4 convolutional layers and 3 LSTM layers. We use Leaky
ReLUactivation function, batchnormalization andmaxpool-
ing for each convolution layers. Thefinal layer is a linear layer
with softmax activation function that provides probabilities
associated with each character of the vocabulary. The model
is trained using the CTC loss function and a learning rate
scheduler to ease convergence. The training is stopped after
50 epochs with no improvement.

PyLaia can be easily combined with a language model
to improve its performance. We build a 6-gram character-
based language model with Witten-Bell smoothing trained
on training data only. It is created using the SRILM9 toolkit.

3.5.2 Handwritten text recognition results

Handwritten text recognition is evaluated using the character
error rate (CER) and word error rate (WER) metrics. The
CER is the edit distance (Levenshtein distance) between two
strings, normalized by length. One string can be transformed
into another using three edit operations: insertion, deletion
and substitution of one character. The minimal number of
operations needed to transform a string into another is called
the edit distance. TheWER works on the same principle, but
at word level instead of character level.

The results are presented in Table 7. It can be observed that
PyLaia is less accurate than Kaldi. However, when combined
with a 6-gram character-based language model, it achieves
comparable performance. On the test set, Kaldi achieves

9 http://www.speech.sri.com/projects/srilm/.

123

https://kaldi-asr.org/
https://github.com/jpuigcerver/PyLaia
http://www.speech.sri.com/projects/srilm/


Large-scale genealogical...

Table 7 Handwritten text recognition evaluation for Kaldi and PyLaia.
We present the character error rate (CER) and word error rate (WER)
on different sets

train val test

CER WER CER WER CER WER

Kaldi 4.13 12.36 6.22 17.10 6.41 17.41

PyLaia (no LM) 2.52 9.67 6.53 19.75 6.92 20.41

PyLaia (with LM) 2.24 8.27 5.90 17.16 6.29 17.92

lower word error rate, while PyLaia combined with a lan-
guage model achieves lower character error rate. In the end,
we decided to use Kaldi, as it was already integrated in
Arkindex.

The results produced by the HTR system are critical as
they greatly impact named entity recognition results.

3.6 Named-entity recognition

For the named-entity recognition step, we compared the per-
formance of three open-source NER libraries: Stanza, Flair
and spaCy.

Stanza (v1.1.1)10 [36] was created by the Stanford NLP
group. It provides different NLP tools that can be used in
a pipeline (e.g., tokenization, NER) and pre-trained neural
models supporting 66 different languages, including English
and French for named-entity extraction.

Flair (v0.7)11 [2] provides, besides state-of-the-art NLP
models, contextual word and character embeddings, a feature
that is now also supported by Stanza. Moreover, Flair allows
stacking embeddings, on top of each other, a configuration
that we adopted in this paper.

spaCy (v2.3.5)12 [22] is explicitly designed to ease
deploying models into production. The library comes with
out-of-the-box support of multiple languages, including
French and English.

For each library, the pre-trained French model was fine-
tuned using the annotated BALSAC data for named-entity
recognition using the default values for the hyperparameters
since they are usually the optimal values.

The evaluation of the named-entity extraction model on
the BALSAC test set using both the manual transcription and
the automatic transcription is presented in Table 8. The met-
ric used for the evaluation of the NER models is computed
as follows: the automatic transcription is first aligned with
the ground truth at character level, by minimizing the Leven-
shtein distance between them. Each entity in the ground truth
is then matched with a corresponding entity in the aligned

10 https://stanfordnlp.github.io/stanza.
11 https://github.com/flairNLP/flair.
12 https://spacy.io.

Table 8 Named-entity recognition results on the BALSAC test set both
with manual transcription and automatic transcription with the Kaldi
recognizer, for the three NER libraries

Text Precision Recall F1-score

Stanza Manual 77.9 85.5 81.5

Stanza Auto. 69.7 78.3 73.7

Flair Manual 93.7 93.1 93.4

Flair Auto. 86.0 85.6 85.8

Spacy Manual 83.1 83.6 83.4

Spacy Auto. 74.5 76.7 75.6

Table 9 Act detection results obtained by Doc-UFCN and dhSegment
on BALSAC test images. The top of the table shows the results obtained
byDoc-UFCN trained on standard original images. The bottompresents
the results obtained by Doc-UFCN and dhSegment when training a
model on the enriched input images

Model Input Class IoU AP@.50 AP@.75 mAP

Doc-UFCN Images full 0.84 0.57 0.37 0.38

start 0.58 0.86 0.85 0.76

end 0.58 0.85 0.64 0.59

Doc-UFCN Images full 0.82 0.89 0.81 0.74

+ Lines start 0.58 0.90 0.87 0.78

end 0.54 0.96 0.73 0.63

dhSegment Images full 0.75 0.19 0.08 0.08

+ Lines start 0.48 0.81 0.49 0.47

end 0.41 0.80 0.48 0.48

transcription, that is with the same entity tag, or an empty
character string if not found. If the ratio of the edit distance
between the two entities is less than 30% of the ground truth
length, the entity is considered as recognized. We apply this
metric to the manual transcription, the alignment is always
perfect (since both transcription are identical) and only a dif-
ference of entity tag is considered as an error. Using this
metric for both the manual transcription and the automatic
transcription allows evaluating the dropof performanceof the
NERmodel due to the text line detection and the handwriting
recognition. Table 8 shows that this drop in performance is
rather limited, around 8%.

3.7 Act detection and classification

Inside the parish registers, the individual acts and their types
(birth, marriage or death) are the semantically meaningful
unit, inwhich entitiesmake sense. Therefore, all the extracted
text lines must be grouped and assigned to the corresponding
act.
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3.7.1 Act detection

For the act detection, we trained a second Doc-UFCNmodel
as described in Sect 3.4, but instead of predicting text lines,
the model predicts act beginnings, act centers, act ends and
full acts. The results of this model are presented in the top
part of Table 9. We notice that the mean AP value for the full
act class is only of 38%. This quite low value often reflects a
significant number ofmergers in the prediction. Indeed,when
looking at the visual results, we noticed that a large number
of consecutive full acts were merged in the predictions. To
help the detection model to better split consecutive full acts,
we trained a second detection model on enriched inputs that
consider the previously detected text lines.

Since most of the acts start with a date, for example Le
trente et un janvier, mil neuf, and there are usually no other
dates mentioned in the act, we added this information to the
act detectionmodel.Our hypothesis is that themodel can take
advantage of the textual content to improve the detection of
the acts, and in particular, the split of consecutive acts.

First, the detected lines should be classified as contain-
ing, or not, a date. For this, the lines containing a date are
detected with a simple rule that counts the number of auto-
matically recognized words that are numbers or months. In
our experiments, three words seemed to be enough for the
line to be considered as containing a date. Then, we need a
way to integrate this information on the original input image
before feeding it to the Doc-UFCN model.

Several ways of using the lines containing a date were
tried to improve the detection model:

– Drawing only the contours of the detected lines classified
as containing a date directly on the image;

– Drawing the polygons of the detected lines classified as
containing a date on a fourth input channel (RGB image
+ polygons mask);

– Drawing the contours of all the detected lines directly on
the image, with a different color for those classified as
containing a date.

In the end, the third proposal gave the best results. Hence,
the date information is encoded on the original input image
by drawing detected text line polygons on the image, with
those containing a date drawn with a different color. Then,
the enriched image with lines will be used as input to the
neural net both for training and evaluation.

It is worth noting that the text line polygons and their tran-
scriptions used to classify the text lines come from automatic
processing. Indeed, they do not come from the annotations,
but from the predictions of the models described in previous
sections (3.4 and 3.5, respectively). This way, the training
and evaluation are more similar to the real use-case, where

Table 10 Keywords used for act classification for birth, marriage and
death acts

Birth Marriage Death

Baptisé Marriage Inhumé

Née Bans Cimetière

Né Consentement Corps

Parrain Nuptiale Décédé

Marraine Nuptial Inhumation

Empêchement Défunte

Opposition

Époux

Épouse

we cannot be too certain on the correctness of the lines and
their transcriptions.

The first rows of Table 9 show the results obtained using
raw input images. The second part of the table presents the
results obtained with the enriched input images, where the
text lines are drawn using two distinct colors. For compari-
son,we also trained a dhSegmentmodel on the same enriched
input images, whose results are presented in the bottom part
of Table 9.

The average precision evaluates a model at object level: it
represents the amount of correctly detected objects, whereas
Intersection-over-Union shows the amount of correctly pre-
dicted pixels. Even if the IoU values are on average slightly
better for the model trained on original images, when look-
ing at the AP results, it is clear that the model trained on
enriched input images is way better. Indeed, having a higher
AP result means that the detected acts are more precise and
not merged, which cannot be reflected by the IoU metric.
dhSegment results are way lower than those of Doc-UFCN,
especially on the full act class, which can reveal a lot of
merged predicted acts.

3.7.2 Act type classification

The last step is to retrieve the type of each act, either birth,
marriage or death. Since this information is not included
in the training data, the classification algorithm was kept
simple. For each predicted act, the transcription is matched
against a list of keywords by act type. The classification is
then performed based on the matching ratio.

The list of keywords by type was selected manually by
counting all the word occurrences in the training set. It is
presented in Table 10. Keywords that were considered as
discriminative of an act type were kept.

As the training data do not include the act type, the
act classification algorithm could not be properly evalu-
ated. However, we performed a qualitative assessment and
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found the classification results very accurate. The results are
obviously very dependent on the quality of the predicted tran-
scriptions. Fortunately, as the selected keywords are very
frequent in the training set, they are very often recognized
without any error by the HTR system.
With this complete workflow, we have processed more than
2 million pages. Results were exported into XML files, one
for each register. They were sent to the BALSAC team for
content standardization and verification.

4 Processing the transcriptions at BALSAC

4.1 Challenges

A total of 44,742 files were received at BALSAC for integra-
tion in the database. Each file corresponds to a register. As
mentioned before, linkage is the central step of this proce-
dure as the construction of the database is based on linkage
of civil records. Linkage is attempted on each new record
using nominative information to connect it to an individual
ID within the database. For example, a birth record contains
information on three people: the subject of the event, the
child, and his/her parents, father and mother. Each of these
individuals is linked to an ID in the database, and the birth,
is entered as an event, linking those three individuals. If no
ID for an individual can be found in the database, it indicates
that no event involving him or her was previously entered in
BALSAC and a new ID is created.

It is important to note that the BALSAC database already
contains Quebec Catholic marriages up to 1965. Therefore,
for the linkage to work, the name of each member of the
couple represents the key information to obtain in order to
connect an act to the right family. Every type of record men-
tions a couple, whether as parents in a birth or in the death
of a single individual (child or adult) or as a couple at a mar-
riage or at the death of one of the two spouses. In addition,
other elements such as the name of the parish or the date of
the event can provide helpful information to choose between
homonym couples.

For BALSAC, all these elements, up to now,were detected
by human eyes. A workflow consisting of research assis-
tants reading the act and extracting the material selected for
entry (and linkage) meant that some of the validation and the
standardization operations were performed while manually
entering the information. In contrast, working with AI under-
pins the necessity to create a validation and standardization
process that covers all operations since none of these can be
done at the time of data reading and extraction. These are
needed to ensure that the right information is entered into the
database and can be used to initiate the linkage procedure.

Table 11 Distribution of acts according to type that were detected in
the 29,284 registers processed at BALSAC

Act type Count Percentage

Birth 1,722,585 54.4%

Death 769,804 24.3%

Marriage 382,234 12.1%

Undefined 291,120 9.2%

Total 3,165,743 100.0%

4.2 Act extraction

The files sent to BALSAC are .xml documents containing
the text detected by the HTR model as well as additional
information regarding the structure of the text. The very first
step of the BALSAC integration workflow relies on the infor-
mation on the size of the text entity to remove the acts with
irregular layout which can thus unambiguously be rejected.
At the same time, another process combines sections of acts
that are found on two separate pages based on a flag called
Act_Class which specifies if a text entity is tagged as an
act start, act center, act end or act full, as described in Sect
3.1.

Among the files received, the decision was made to first
work with the registers from Catholic parishes or missions.
Some registers come from other places such as hospitals or
orphanages; they are less standard in their content or pre-
sentation and will therefore be more complex to deal with.
Registers in English, whether Catholic or of other denom-
inations, were also left out for the time being. Thus, for
this first round of work, 29,284 registers (66% of the total)
corresponding to 1,480,471 images (74% of the total) were
processed. Altogether 3,125,951 acts were detected by the
workflow in these registers.

4.3 Named entity extraction and consistency checks

One of the essential indicators on the .xml documents is the
flag Act_Type. Detection of this indicator starts a new step
in the workflow by classifying each record among the three
types of events that can possibly be recorded in the registers,
i.e., birth,marriage and death. In the case of acts composed of
the combination of two text entities, the type is taken from the
first part or from the second part if the first one was undefined
Table 11 gives the distribution of the acts according to type.

Asmentioned above, all Catholicmarriages up to 1965 are
already entered and linked in the database. Therefore, linkage
efforts are concentrated on births and deaths, which represent
79% of all records in our dataset. The undefined category
contains acts with a shape and size that could correspond to
a valid act but that could not be classified in a type. This
can be explained by a bad condition of the register (pages
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Table 12 Mandatory ✓and optional fields (✓) for each type of records

Field Birth Death (married person) Death (single person)

Record Date of the record ✓ ✓ ✓

Place of the record (✓) (✓) (✓)

Subject Name of the subject ✓ ✓ ✓

Date of the event (✓) (✓) (✓)

Age of the subject (✓) (✓) (✓)

Father Name of the father ✓ ✓

Occupation of the father (✓) (✓)

Residency of the father (✓) (✓)

Mother Name of the mother ✓ ✓

Occupation of the mother (✓) (✓)

Residence of the mother (✓) (✓)

Spouse Name of the spouse ✓

Occupation of the spouse (✓)

Residency of the spouse (✓)

Godfather Name of the godfather (✓)

Occupation of the godfather (✓)

Residence of the godfather (✓)

Godmother Name of the godmother (✓)

Occupation of the godmother (✓)

Residence of the godmother (✓)

Witnesses Names of the witnesses (✓) (✓)

ripped or stained that prevent reading certain words) or by a
bad transcription of the text preventing the detection of the
keywords necessary for classification.

Each Act_Type is associated with a mold, based on the
structure of a typical act for that event, which helps to define
the information given in each piece of text relayed by the
.xml. For example, in a birth record, names always follow
the same order, thus, once a text marked by Act_Type:
Birth is divided into its mold, it is known that the first name
entity is that of the child followed by that of the father and the
mother. As death records present a very different structure
depending on whether they relate to the death of a single or
a married individual, two separate molds were defined. To
distinguish the two types of death, keywords are used. In
the death certificates of single individuals, words like fils de,
fille de, enfant de are found. The declared age at death can
also be a good indicator when it is low (below possible age
at marriage) or contains words such as weeks and hours or
even expressions such as a few instants or a few minutes. For
married individuals, the death record would contain words
such as époux, épouse, mari, femme, veuf, veuve.

The division of the text into the mold triggers a sequence
of procedures to validate each field and standardize the infor-
mation it contains. First, the validation process verifies that
all fields are filled in. Some fields are set as optional, whereas
the others are mandatory, as presented in Table 12. For all

molds, the mandatory fields are the names of the main cou-
ple in the act, since, as stated above, they represent the basic
information required to successfully complete the linkage.
If an act contains an empty mandatory field, it is discarded
as erroneous and will not go further into the integration pro-
cedure. For now, those acts are flagged as invalid and have
not been reprocessed, but they represent interesting cases to
improve and strengthen the entire process.

4.4 Standardization

The next step is the standardization of the information. Since
the HTR system conveys the information literally, there is a
need to translate the information into the format employed in
the database. Date is a perfect field to exemplify the neces-
sity of standardization: the .xml outputs the information in
words, as it appears in the original source, but it needs to be
entered into the database as a date field (numeric field). Thus,
an algorithm changes each word detected into a number. This
algorithm needs to be flexible and comprehensive as French
language has a complex linguistic structure to write num-
bers (see Fig 6). For instance, the year 1899 written in full
would be dix huit cent quatre-vingt-dix-neuf, which would
literally be numerically translated into: 10-8-100-4-20-10-9.
Therefore, this system of numeric translation is combined
with multiple verification criteria to make sure that the result
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Fig. 6 Example of presentation of a date in an act

is consistent with the other information found in the act or
in the register and can thus be processed in the linkage pro-
cedure. Lastly, some dates are expressed relative to another
one which is precise. For instance, the date of an event is
often mentioned in relation to the date of the record which
is specified at the beginning of the act. In these cases, the
precise date of registration is used to calculate a precise date
for the event.

Name entity is the other mandatory field that needs to be
standardized. As the NER model extracts a full name, it is
necessary to separate first and last names in order to perform
linkage. The algorithm is case sensitive and detects spaces
andhyphens. It uses this information to separate or join (when
on two lines) the words included in the name field. Once
the words have been separated, each one is compared to an
existing thesaurus comprising more than 1,8 million names.
Each of these names appears at least once in the database and,
based on their appearances as first or last name, a probability
of being one or the other is calculated for each one of them.
This tool is used to classify each word as a first or last name.
However, it should be noted that the first word in a sequence
of names is always treated as a first name. In addition, the
Act_Type can provide some cues on the way name will be
written in the source. For example, the subject of a birth act
will normally be named without its last name, but with all
its given first names. On the other hand, in a death act, only
the usual first name will be written, but the last name will be
specified.

The variability in how names may appear in the source
necessitates having all-encompassing systems capable of
identifying different versions of the same information and
reformatting them all into the same standardized format.
BALSAC’s thesaurus is a very complete guide that has been
consolidated over the last 50 years. It contains phonetic and
writing variations for the same name, such as Édouard as
an equivalent of Edward, orWilliam as a homonym of Guil-
laume. Nonetheless, with the reading errors induced by the
HTR system, it was also necessary to develop a permutation
algorithm that focuses on the similarity of the handwritten
characters.

As shown in Fig 7, each name judged to be erroneous is
compared to the thesaurus and a list of all possible names in
a reasonable range of the original using the Levenshtein dis-
tance is kept as reference. Using a custom algorithm based
on A*, permutations are made and scored by the visual sim-

ilarity of the characters. The best scored name (or names in
some instances) from the reference pool is then chosen as the
most probable.

In parallel, another step of validation is carried out to con-
firm that the processed text corresponds to a single act, by
verifying whether no information is duplicated. For instance,
it detects if a text entity contains more than one date written
in full, which would suggest a fusion of two acts. A fusion
happens when two acts were not segmented properly and
were identified in the .XML as the same text entity. Since
this situation will complicate any other validation process,
those text entities are excluded from the linkage procedure
and flagged as fusion.

Then, a final step of validation is run to exclude all acts
that correspond to special cases. Those acts have a valid
structure but their content is too unique to be run in the cur-
rent logic of the linkage procedure. Those special cases are
detectedwith a list of keywords. Those keywords are grouped
into three large categories: words identifying members of an
indigenous community ofCanada;words encompassing non-
identified subjects; words related to immigration. The first
group points to acts including a member of an indigenous
community. Since in those acts, at the time, the custom was
to write only the first name, accompanied by a word iden-
tifying the person as indigenous, the name is too partial to
complete the linkage procedure. The second group concerns
acts in which one or two parents are unknown, such as in the
birth record of a foundling or an illegitimate child. Since the
couple is missing or incomplete, linkage is impossible. The
third group mostly focuses on death acts recorded in immi-
grant boats. Since the family is most likely not existing in the
database, linkagewould not work either. Thus, for now, those
three categories of acts are flagged as special cases and are
put aside until we create a specific linkage algorithm taking
into account the specific features of their content.

At the end of the process, all acts (or more precisely text
entities) that do not comply with the validation criteria are
not submitted to linkage and are classified as invalid or fusion
or special cases. Those acts are problematic either because
they were not detected properly, had segmentation issues,
or because the text in itself is not an act or is too unique
to be processed automatically. Some of them could be pro-
cessed again later as work is ongoing to improve aspects of
the process such as act segmentation. Others will necessitate
manual intervention in order to correct or complete the tran-
scription before they can be processed again. Table 13 shows
the distribution of the acts according to their validity status.
It indicates that 74% of records are deemed valid, meaning
that linkage operations can be undertaken to integrate them
in the BALSAC database. For now, the linkage has a fully
automatic phase and a computer-assisted manual phase. One
of the objectives of the next few years at BALSAC will be to
develop an AI-based algorithm for linking the civil records.
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Fig. 7 Illustration of how names are corrected based on a distance to BALSAC’s thesaurus

Table 13 Distribution of birth and death records according to their
validity status

Birth Death

Count Percentage Count Percentage

Valid 1,301,204 75.5% 531,405 69.0%

Fusion 291,874 16.9% 140,140 18.2%

Invalid 122,052 7.1% 68,851 8.9%

Special cases 7,455 0.4% 24,408 3.2%

Total 1,722,585 100.0 769,804 100.0

5 Conclusion

In this article, we have described a complete workflow
designed for automatic information extraction in Quebec
parish records at large scale. A succession of machine
learning models were used for page classification, textline
detection, handwritten text recognition, named entity recog-
nition, and act detection and classification. We designed an
unsupervised metric for quality estimation to reject incom-
plete or invalid extracted records before adding them in the
BALSAC database.

Working on this project has brought to light three main
challenges and opened new questions.

While setting up the complete workflow,we found out that
the main steps (text line detection, handwritten text recog-
nition, named entity recognition) were not the most difficult
steps: these tasks are well studied in our field, and many off-
the-shelf models are available. However, the difficulties lie
in more specific tasks, such as act detection.

During the validation procedure, we learned that unsu-
pervised quality estimation is a challenge. We believe that it
should be addressedmore frequently in the field of automatic
document recognition. This also raises the issue of how to
benefit from this metric while training the different machine
learning models.

On the BALSAC side, it also raises challenges for the
integration of data from multiple versions of transcription
results while preserving the integrity of the database as well
as previously added data and linkage results.

Working with AI opens up exciting new possibilities for
the development of historical databases and for their users,
but it also brings new kinds of limitations or biases in the data
that translate into new challenges for users. As mentioned
above, many steps in the BALSAC workflow result in the
removal, at least temporarily, of part of the data. This means
that users work with datasets that are incomplete for different
reasons which in many cases have more to do with the form
than the content of the data and which are quite complex to
pin down and define. In the case of i-BALSAC, this situation
applies in the context of the transcription of parish records
where the rejected data is randomly distributed over the range
of years and regions it covers. These limitations certainly
do not outweigh the benefits, but they should be taken into
accountwhen considering the contribution of this technology
to database development.
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