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Handwritten Text Recognition of Historical Argentinian Census Documents
NILS LEDIN

Department of Mathematics

Chalmers University of Technology

Abstract

There is a lack of digitized historical census records, especially in the Spanish lan-
guage. In this project the large language model (LLM) Chandra was used for hand-
written text recognition on the 1895 Argentinian census. The census lacks ground
truth transcriptions so an iterative data annotation process was used to create a
training dataset on which the LLM was fine tuned. To further reduce the error rate
image transformations were used. Testing concluded that a median filter is able
to reduce the error rate by about 2,5 percentage points. Another LLM from the
Qwen3 series was trained to correct the output from the transcription model, but
due to a lack of training data this method did not perform well. The final model
was evaluated on a testing set and scored an average CER of 12%, WER of 8% and
FER of 7%. The result is decent but future work on the model should focus on
reducing the error rate of the name column in the dataset. The project has resulted
in 102 transcribed pages from the 1895 Argentinian census and a fine tuned LLM
which can be used to transcribe further pages in the dataset. The model can also
be used as a foundation for other similar digitization projects.

Keywords: HTR, LLM, OCR, HDP, census, Spanish, Argentinian.
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Below is the list of acronyms that have been used throughout this thesis:

HTR
HDP
OCR
LLM
CNN
GT
LoRA
CER
WER
FER

List of Acronyms

Handwritten Text Recognition
Historical Document Processing
Optical Character Recognition
Large Language Model
Convolutional Neural Network
Ground Truth

Low Rank Adaptation
Character Error Rate

Word Error Rate

Field Error Rate
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Nomenclature

Below is the nomenclature of parameters that have been used throughout this thesis.

Parameters
r LoRA rank
n Optimizer learning rate
51, Pa ADAM optimizer moment decay rates
N Median blur neighborhood size
S Denoise small neighborhood size
L Denoise large neighborhood size
h Denoise strength
T Gaussian threshold neighborhood size
m Gaussian threshold offset

X1
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Introduction

Handwritten text recognition (HTR) is the process of using artificial intelligence to
transcribe handwritten text in digital images. It is a field which has grown greatly
in the recent years with the advancement of machine learning techniques [1],[2],[3].
One of the many use cases of HTR is historical document processing (HDP). This is
the method of digitizing historical records and literature with the purpose of making
the documents more easily accessible and making old datasets available and search-
able [4]. The alternative to HTR is manual transcription.

Transcribing historical documents by hand requires intimate knowledge of the lan-
guage, the historical era and the context of the document. Performing HTR instead
requires a wholly different skill set, mainly knowledge in machine learning, im-
age processing, data handling and more. HTR requires preparation before getting
started: gathering digitized images of the data, finding and finetuning a transcrip-
tion model, experimenting with pre- and postprocessing and so on. But once the
HTR methods are in place they can process the documents at a speed multiple
orders of magnitude faster than a human transcriber. However, using HTR still
requires annotated training data and some knowledge about the documents, so it
is common to collaborate with someone with the capability to manually transcribe
the images.

There is currently a lack of digitized census documents in general, and Spanish lan-
guage ones in particular. This is a pity since census documents are very useful as a
primary source in historical research [5], [6], [7], [8]. Since there is a lack of anno-
tated datasets it is also difficult to train HTR models. This is because HTR methods
generally require supervised training, i.e the model needs to know the ground truth
(GT) transcription of the documents to learn. But if such a model was created and
trained on an annotated Spanish census dataset, the same model could likely be
used for other censuses and similar tasks.

That is the motivation for this project in which an HTR model will be finetuned for
digitizing a collection of Argentinian census documents from 1895, provided by the
organization FamilySearch [9]. The project was greatly assisted by the collaboration
with assistant professor in economic history Stefania Galli and post-doctoral fellow
in economic history Juan Pablo Julid Ciareli who have provided their knowledge of
the dataset, manual corrections of the machine transcriptions, and a small anno-
tated starting dataset.



1. Introduction

1.1 Aim & Research Questions

The goal of the project was to find a model that can accurately digitize the census
data using a range of methods such as image processing, a finetuned LLM and post-
processing techniques. The aim was to minimize the errors and provide a useful
model that can automatically digitize the documents in the FamilySearch database
into json files, needing as little human correction as possible.

The following are some specific questions that have been studied:
1. What are the main difficulties that the state of the art model has with the
census dataset from FamilySearch?
2. Is there an image transformation preprocessing technique suitable to the spe-
cific properties of the model and the dataset?
3. Can we improve the model performance by using another LLM to correct the
output of the HTR model during the postprocessing step?

The resultin transcriptions will be scored according to character error rate (CER),
word error rate (WER) and field error rate (FER) described in Section 2.8.

1.2 Limitations

To limit the scope of the project different HTR~algorithms were not compared, and
only four pre- and postprocessing methods were compared.

1.3 Contributions

This project has contributed to the scientific community by providing the transcrip-
tion of 102 pages from the 1895 Argentinian census dataset. It has also provided
an HTR model trained on this dataset which can hopefully be used efficiently as a
foundation for other future projects, not only to complete the transcription of this
dataset but also for other similar datasets.

1.4 Code Availability

The models developed in the project can be found in the following Huggingface
collection: https://huggingface.co/collections/Saucystream/1895-argenti
nian-census. The code used to train the models, evaluate the results and so on can
be found in this GitHub repository: https://github.com/Saucy-Stream/Argent
ina_ 1895 census_HTR_code. The image data is held under license by FamilySearch
and cannot be shared publicly. It might be shared for research purposes by emailing
nils.ledin@gmail.com.


https://huggingface.co/collections/Saucystream/1895-argentinian-census
https://huggingface.co/collections/Saucystream/1895-argentinian-census
https://github.com/Saucy-Stream/Argentina_1895_census_HTR_code
https://github.com/Saucy-Stream/Argentina_1895_census_HTR_code

2

Background

This chapter begins by showcasing some relevant previous work done in the field,
and a discussion on the current state of research in Al It then continues with an
explanation of the challenges with historical document processing. Following that
is a deep dive into HTR and LLMs, and the chapter closes with an explanation of
the methods used to evaluate transcriptions.

2.1 Related Work

It is difficult to find other research projects in handwritten text recognition (HTR)
with specifically Spanish tabular documents. Online databases such as HTR-united,
Huggingface and Sprakbanken do not currently contain any machine transcribed
datasets to compare to ours. However there are other projects to look at. For ex-
ample there has been a large project to transcribe the Paris censuses of 1926, 1931
and 1936 using HTR [10]. Each census contains approximately 3 million lines with
15 columns, roughly equal to the 4 million lines of 20 columns in our dataset.

The authors behind the Paris study chose a quite different approach than this
project. Firstly they did more extensive preprocessing, using a convolutional neural
network (CNN) to do page segmentation, then another neural network to classify
which pages are relevant (discarding for example front and back pages), and then
finally doing line segmentation on the relevant pages. Instead of using an LLM for
the HTR like in this project, they used a CNN. This gave a resulting character error
rate (CER) of 7.08% and word error rate (WER) of 19.05%. They then further used
so called self-training to reduce the CER to 2.66% and WER to 6.37 %. A very good
result, comparable to the expected 1% CER of manual transcription by humans.

Another study [11] focused mainly on developing a method for doing line segmenta-
tion and HTR on censuses with less regular formats, such as no explicit row breaks,
text spilling over between lines and so on. Their methods reached a CER of 3.44% on
Swiss census records, using a combination of a CNN and a recurrent neural network
together with an ensemble post processing method.

Research and publications in AI

There are today many studies being published which explore how to best apply LLMs
for different natural language processing problems. There is however the method-

3



2. Background

ological problem that a lot of cutting edge research within computer science is being
posted to the database arXiv.org [12] and other open access repositories instead of
scientific journals. The issue is that papers being pre-published on these websites
are not peer reviewed, unlike articles in ordinary journals. So one should be extra
careful when using the conclusions from these papers. An example which occurred
during the research for this project is a study claiming that limiting the output of
an LLM to a specific format can drastically worsen the result [13]. This study was
however later analyzed and replicated by another author who found methodological
errors in the original study and claims that format restrictions instead improve per-
formance [14]. Note however that this second publishing was also not peer reviewed.
Still, there have been many fundamental publications within the field such as Atten-
tion is all you need [15] describing the transformer architecture, Adam: A Method
for Stochastic Optimization [16] describing the ADAM optimizer and Improving
neural networks by preventing co-adaptation of feature detectors [17] describing the
dropout technique, which were first posted to arXiv. This project has relied on peer
reviewed sources as far as possible.

2.2 Historical Document Processing

Essentially all scientific fields rely on historical documents in their work, either as a
historical foundation or as a source of new knowledge. Everything from archaeology
to geography, astronomy, religion, mathematics, philosophy, linguistics and more.
Since the advent of the web and digital records, there has been a large amount of
work done by professors and students preserving and digitizing historical documents.

Digital document preservation is quite straightforward, one simply needs to take a
legible photo or scan of the document and store it on a hard drive or server, prefer-
ably together with some metadata concerning the origin of the document and so on.
However, historical document processing (HDP) is much more difficult. The goal of
HDP is to digitize historical documents in a way that allows automatic information
retrieval, filtering, sorting and other text processing. This digitization can be done
manually by a trained human but it is generally a slow process, on the order of
a handful of pages pages per day [18]. Computer models however perform optical
character recognition (OCR) to automate the transcription, and models similar to
those we will work with in this paper boast a throughput on the order of multiple
pages per second [19].

Automating the HDP process is therefore of great interest. It however comes with
many challenges, some of the foremost being:

e Document degradation and text fading,

» Poor digital scans, artificial image noise, slanted and misaligned pages

« Difficult and varying handwriting due to multiple authors and individual writ-
ing styles
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o Difficult and varying language, e.g. abbreviations, archaic vocabulary, un-
structured text and notes.

There are special considerations when dealing with census documents in particular.
In our case, the documents will be a mix of machine written text and handwritten
text, with the table borders and headers being written by a machine and the con-
tents of the table being written by hand by the person collecting the information.
Having a tabular format is generally good since it gives a consistent structure to
the data. On occasion this structure is however broken by marginal notes, scrubbed
text and similar distortions.

2.3 Handwritten Text Recognition

Handwritten text recognition (HTR) goes back to at least the 1950s [20]. In this
early stage the intention was to automate form filling and reading. This is also of
interest today [21] but perhaps the biggest interest lies in HDP [3], [22], [10], [23].

There are many different kinds of documents that can be processed: handwritten
texts, machine-typed texts, numerical tables, images, drawings, combinations of the
previous and so on. When it comes to text recognition, machine-typed texts are
generally considered easier to transcribe than handwritten ones. This is because
typed text is more consistent in its letters, spacing, format and so on. Handwritten
text on the other hand varies both between different authors but also between dif-
ferent texts written by a single author. The data analyzed in this project consists
of a combination of machine typed and handwritten text with alphabetical and nu-
merical contents.

The traditional HTR pipeline generally consists of three broad steps, namely pre-
processing, textual analysis and language analysis. These steps will be ex-
plained below.

2.3.1 Preprocessing

Depending on the type of document and transcription model there can be different
number of steps required in the preprocessing. Some of the most common methods
are image enhancement, thresholding, image normalization and page segmentation
[4]. There are also plenty of things to keep in mind when doing the initial image
acquisition - i.e the document scan - to ensure the best results, such as image align-
ment, lighting and compression. But since this step has already been done for the
data in this project we will not go further into the topic.

Image enhancements are different methods of increasing image quality after the
initial scan [24]. The methods can be divided into blind and non-blind. Non-blind
methods utilize information about the backside of the image to for example identify
ink that has bled through the page. This requires accurate alignment and knowledge
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about the data [25]. Blind methods on the other hand use no contextual information
about the data, and is therefore typically easier and quicker to use [26].

Some of the more common blind methods are filters. These are used to improve
the following thresholding process by smoothing out noise. One type of filter is the
median filter [27]. This method changes the value of each pixel to the median value
of all surrounding pixels in a neighboring square. The size of this neighborhood is
determined as a hyperparameter where larger values generally increases the smooth-
ing. The risk of using filters is that the important data is also smoothed out and
becomes less legible. Tuning the neighborhood size based on the data is therefore
important.

Thresholding, or binarization, is the method of turning an image into a binary im-
age, meaning that each pixel is either completely black or completely white [28]. Tt is
done to aid the text analysis by removing irrelevant background pixels and increas-
ing the text contrast to improve legibility. There are many binarization methods
but one can generally divide them into global or local methods. Both work by using
a threshold value, where each pixel with a value above the threshold gets turned
into a 1, and pixels below turn into a 0. Global methods aim to find a good thresh-
old for an entire image, whereas local methods use different thresholds for different
parts of the image [29]. Generally global methods do not work particularly well with
degraded historical documents, because of shadows, noisy images and other effects.
There are also many different ways of binarizing color images but this is not relevant
for the current project.

Image normalization is used to identify and adjust the text itself to improve the
textual analysis. Some common methods are skew detection [30] and page orien-
tation estimation [31]. Depending on how sensitive the textual analysis and page
segmentation methods are to skewed text, these methods can be more or less rele-
vant. We will not be using them in this work.

Page segmentation is the method of dividing the scanned page into smaller chunks
[32]. A common method is text line segmentation where the document is split into
horizontal rows containing a single line of text [33]. For some textual analysis meth-
ods this is an essential step, while other methods can do well without it. Depending
on the dataset one might also want to extract pictures, charts or other items from
the image. An efficient binarization process which is able to separate the back-
ground from the foreground can be very helpful in this step. Page segmentation will
however not be used in this project since LLMs can often perform well with whole
page scans, and the structure of the census tables is very consistent and simple.

2.3.2 Transcription

Textual Analysis When the image preprocessing is done, the textual analysis
starts. This is the optical process of identifying the written symbols. Many types
of text models exist. Traditional methods mostly revolved around different ways of

6



2. Background

segmenting the handwritten text and finding the most likely corresponding words
from a pre-made dictionary [34] [35]. One can for example do edge detection on the
characters to find the contour representation of the characters, then compare the
width and shape of the pen strokes to segment either individual characters or entire
words from each other. After the segmentation one can use neural networks to con-
nect the words to the most probable matches in a pre-made dictionary. LLMs on the
other hand use so called image embedding [36] which combines visual information
from the image with textual information from the prompt given to the LLM. This
is a much more versatile method that can be used for not only HTR but plenty of
other tasks. More details are explained in Section 2.4.

Language analysis When the textual model has given its output, the language
analysis takes over. Initially we might think that the best strategy is to simply pick
the words from the textual analysis with the highest probability. This can however
easily lead to unreasonable output since the textual analysis only looks at one word
at a time. This is why language analysis is required. A made up example which
illustrates this fact can be found in Figure 2.1 below. Traditional language analysis
methods include Hidden Markov Models and N-gram language models [37], which
use Bayesian statistics to find reasonable sequences of words based on the frequency
of those sequences in a training set. In LLMs the language analysis and textual
analysis are essentially done at the same time. This is because the LLM outputs
one word at a time and uses both the previously generated words together with the
visual data to produce the transcription. Therefore a well trained LLM will produce
grammatically (and hopefully semantically) reasonable output.



2. Background

I-90% am-40% fall - 50%
D-4% um-35% full - 40%
T -3% an - 20% fail - 5%

Figure 2.1: Illustrative example of text segmentation, text analysis and language
analysis. The initial handwritten text at the top gets segmented into its three words,
then the text analysis returns the most probable transcriptions of each word, and
the language analysis selects the most reasonable sequence of words (in bold) based
on the text analysis and prior knowledge of the English language.

2.4 Large Language Models & Transformers

Large language models (LLMs) have in the recent years become more and more
widespread and are outperforming older methods in more and more fields [38], [39],
[40], [41]. As briefly explained in the sections above, LLMs turn the traditional HTR
pipeline on its head in some ways. In the following chapter we will take a deeper
look at what LLMs are, and then we will see in more detail how they can be used
in HTR. One of the foundational inventions that have pushed the performance of
LLMs is the transformer architecture [42]. Transformers were invented in 2017 and
is today the architecture of essentially all LLMs. They consist of three main steps
which will be explained below, namely tokenization, embedding and attention.

2.4.1 Tokenization

Transformers use so called tokenizers to break down the input text into smaller
sequences of characters, called tokens [43]. A token can consist of a single character
such as "!" or be as long as entire words like "Hello". The tokens are then converted
into integers using a simple look up table and fed into the model. An illustrative

8



2. Background

example of this is seen in Figure 2.2 below.

"Hello, James. I am Nils!"
{
]

[Hello] [,] [ James] [.] [ 1] [ am] [ N] [ils] [!]

i
(9707, 11,7801, 13, 358, 1079, 451, 8669, 0]

Figure 2.2: Example of tokenization using the tokenizer of the Chandra LLM [44].
The original string is split into smaller parts which are then turned into numerical
representations. In this example we can see that the English words were all broken
down quite naturally while the Scandinavian name Nils was split apart. This hints
to the fact that the tokenizer was likely trained on more English text than Scandi-
navian.

One purpose of using a tokenizer is to compress the input and reduce computational
demand. Because the attention mechanism of the LLM scales with the square of the
input length, tokenizing the input helps greatly reduce the computation time [45].
In the example above we go from a string of length 24 to a token sequence of length 9.

The other main purpose of using a tokenizer is to find patterns in the language
[46]. To train a tokenizer, one simply takes a long text in the target language (and
preferably in the same domain as the text that the tokenizer will be used on) and
finds the most common sequences of characters. Having a well adapted tokenizer
for your problem can especially make the embedding stage more effective, where the
LLM tries to extract the true meaning of the words in the context. This is because
a token such as "able" gives a lot more information than any of the individual char-
acters which make up it. The token "able" can either be its own word with its own
meaning, or it can be used as a suffix to change the meaning of another word, e.g.
call — callable. One would then hope that the LLM would pick up on these different
meanings and better understand the input, compared to if the words were analyzed
one character at a time. Note however that the usefulness of a token is completely
dependent on the language that the tokenizer is used on. In this example "able'
could be a very useful token in English and somewhat useful in Spanish where it
is also a verb suffix, but not useful at all in Swedish where very few words contain
that sequence of characters.

Having a tokenizer and LLM which are trained on many languages, such as the
Chandra tokenizer and model used in this project, is on the one hand a benefit since
it is possible for the model to analyze many different languages, translate between
languages and so on. But on the other hand multilingual models can perform worse
on more specialized tasks like ours which only requires knowledge of the Spanish
language (and English for the input prompt). One of the problems is that having a
multilingual model is a waste of resources. All the training done on other languages
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is time and resources that could have been spent on more relevant data for our task.
Even further, the output of the LLM is given as a probability across all possible
tokens. This means that the LLM will for example spend resources trying to figure
out the probability of outputting Chinese characters, even if the output is supposed
to be in the Latin script, since the tokenizer was trained on Chinese text. In fact,
early in this project the model outputted a short sequence of Cyrillic characters
when transcribing the census documents. Still, there is not enough available data
to specifically train an LLM for HTR in 1800s Spanish, so we will have to use a
multilingual model.

Another deeper problem with multilingual LLMs is that their performance seems to
be dependent on the language used [47]. This is true even in for example math and
reasoning problems which should not inherently depend on the language that the
problem is posed in. Furthermore there is evidence that multilingual LLMs are not
actually able to think’ in all the languages they have been trained on, instead they
translate the sentence into English and perform the analysis as if the sentence was
written in English. This can be tested by analyzing homonyms - two or more words
written in the same way. For example the question "What is the famous bat brand
for baseball?" contains the word "bat" which can mean both an animal or a sports
racket. In the above sentence it is obvious that the latter meaning is intended. In
Chinese on the other hand, the words for the animal and the racket are different.
But if one translates the above sentence and uses the word for the animal bat the
LLM responds as if the word for racket had been used, even if the sentence becomes
nonsensical. However if one uses the word for another animal such as tiger the LLM
responds that the question makes no sense. This indicates that the LLM in fact
translates the input sentence into English before analyzing it.

Spanish is however still a relatively high resource language in natural language pro-
cessing, meaning that there is quite a lot of annotated data available. Therefore the
Spanish language is often not punished as hard by the multilingual effects discussed
above [48].

2.4.2 Embedding

After the tokenizer is finished, the transformer maps the tokens to a high dimensional
embedding space, where each token is represented by a vector. In the example of
Chandra the embedding is 4096-dimensional. This space is conceptually made to
represent the semantic meaning of the tokens [49]. One can find many interesting
connections in the embedding space to prove this [50], some examples are shown
in Figure 2.3. The embedder is in practice often a neural network which is trained
in pairing with the tokenizer to create a useful embedding space for the language
model.

As the data is passed through the subsequent layers of the transformer, the embed-
dings get altered to take account of the surrounding words and information. For
example the word "Apple" has a very different meaning if it is followed by the word
"phone" than if it is followed by "trees". So the transformer will move the embedding
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King+(Woman-Man
Italy+(Paris-France

Queen
Rome

Picasso+(Scientist-Einstein) ~ Painter

=
) o~
) ~
) ~~

Germany—(Sushi-Japan) ~ Bratwurst

Figure 2.3: Examples of connections in embedding space from [50]. The sum of the
embeddings of the words on the left approximately equal the embedding of the word
on the right. In the first example the embedding space seems to have identified a
"gender direction" as the direction from the embedding of woman to the embedding
of man, which when added to the embedding of "king" gives a vector very close to
the embedding of "queen'. In the second example we have a "capital city" direction,
thirdly a "profession/expertise" direction and finally a "national dish" direction.

of the token for "Apple" more in the direction of technological words if it is paired
with "phone" and more in the direction of fruity words if it is paired with "tree". Note
as well that for a multilingual model, the initial embedding of a word is independent
of the language of the sentence. For example if an embedder is trained in both
Swedish and Spanish text, the embedding of the word "ser" has to encapsulate both
the Spanish meaning "to be" and the Swedish meaning "sees" at least to some degree.

2.4.3 Attention

The tokenizer and embedding space described above are not unique to transform-
ers, in fact they existed for years before the transformer was invented. What makes
the transformer unique and so effective at natural language processing compared to
other neural networks is the attention layer. This is a neural network which can
intuitively be seen as the model asking a series of queries on the input sentence,
then finding which parts of the sentence answer the query and finally figuring out
how the input embeddings should be moved in the embedding space based on these
responses. Chaining multiple attention layers together allows for more and more
abstract connections to be made about the input sequence.

In practice the attention layer consists of a query matrix (Q) multiplied by a key
matrix (K), scaled by a factor of \/d: for numerical stability, where d, is the length
of each query in Q (also equal to each key in K). Both K and Q are found by
multiplying the input embeddings with two matrices of trained weights. Finally the
resulting matrix is run through a softmax function and is multiplied with a value
matrix (V). In total we get

T
Attention(Q, K, V') = softmax (QK ) V. (2.1)

N

The result of this attention layer is then run through a standard linear layer consist-

11
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ing of more learned weights and is added to the initial embedded tokens. These steps
are repeated a number of times and in the end a linear layer followed by a softmax
is used to find the most likely next token in the sequence. This new output is added
to the end of the input sequence and the entire process is repeated to generate new
tokens until the model reaches its predetermined max output length, or it outputs
a stop-token which terminates the process.

What makes the attention layer so revolutionary is that it allows the model to pro-
cess the entire input at once [42]. This makes it much more feasible for the model to
understand connections between words at opposite parts of a sentence, compared to
previous models which were only able to process one token at a time. Another ben-
efit is that transformers require far less computational resources and time to train
than previous models. This is because the attention layers are highly parallelizable,
meaning that many computations can be done independently at the same time.

To allow the LLM to analyze images as well as text, one creates an image embedding
space and trainins the model to make connections between the image and text space
[36]. Models which take both text and language inputs are sometimes called vision
language models, but in this text they will also be referred to as LLMs since they
function in mostly the same way.

2.5 Using LLMs for HTR

There are multiple benefits to using LLMs over traditional methods. Since LLMs
are generally trained on un-preprocessed data, they don not require image prepro-
cessing to perform well. On the other hand, traditional HTR methods generally
require skew correction, line segmentation, noise removal, binarization and so on.
These methods can still be used with LLMs, but generally they perform well with-
out them. This simplifies the pipeline. Another benefit is that the LLMs are faster
and require less resources compared to older methods. One study found that LLMs
require around one fiftieth the time and processing power to perform the same task
as an older HTR method [18]. Crucially there have also been some studies in recent
years showing that using an LLM for document transcription can give better results
than traditional HTR methods, such as convolutional networks, or LSTM-machines
[18], [51].

2.6 Training LLMs

When a new LLM is created it is first "pre-trained" on vast amounts of text and im-
age data to learn general patterns and understand fundamental concepts such as the
vocabulary and syntax of the target language. Following this, the model is trained
on smaller sets of data relating to its intended use case, this is called finetuning.
For example a model designed for translation tasks would be finetuned using texts
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paired with their translations, image classifiers would train on image classification
data, chatbots would train on chat data and so on.

The first step of both types of training is to gather a large amount of inputs and
desired outputs, or ground truth (GT). Then the model is fed the input, and the
output is compared to the GT and an error is calculated. This error is commonly
called loss, and a common loss function is the mean square error [52]. If the GT is
a vector y of length N and the model output is § then the mean square error is

E— 3 0:)? 2.2
= ¥ =) 22)
Neural networks are made up of many parameters, or weights, distributed over mul-
tiple layers. The goal of training the model is to minimize the error function in
such a way so that any future input also gives good predicted outputs. If we call
one of the weights w then for each training example we want to adjust w by —g—f;,
since this is the direction that decreases the model error. What this value exactly
equals depends on the value of the other weights further down the network so one
generally performs the weight updates from the ’front’ of the network and go back-
wards. This process is called backpropagation. Stochastic gradient descent [52] is a
standard method of backpropagation where we simply define a small learning rate
n and for each training example update w — w — 77%- This is repeated for multiple
training epochs until a satisfactory model is acquired.

The learning rule above is however quite restrictive and can lead to overfitting the
model on the training data, a common problem in machine learning. Overfitting
means that a model becomes so attuned to the training data that it performs worse
on new data. For example if an LLM is fed data where each text starts with "once
upon a time", an overfit model might think that all texts must start with this sen-
tence, even when asked to write a professional report.

One of the central methods of preventing overfitting is to separate the data into
training and evaluation sets. The evaluation set is not used in training and is in-
stead used to measure how well the model is expected to perform with completely
new data. The evaluation data can be used for so called early stopping. This means
that after each training epoch the model is run on the evaluation data and the eval-
uation loss is registered. If a model starts becoming overfitted to the training data,
the evaluation loss will start to increase. So after the training is done the model with
the lowest evaluation loss is selected, instead of the one with the lowest training loss.

Finally it can be good to also separate out some testing data. This is data that
the model (and preferably the person developing the model) will only see after the
finetuning is done. This is done because selecting the finetuning which results in
the lowest evaluation error still implicitly favors models which are well fit to the
evaluation data. But since the test data has not been used in developing the model
at all, it can be seen as a good substitute for completely new unseen data. Of
course since the test data generally comes from the same sample as the training
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and evaluation data it may not be a completely correct substitution, but it is still
common practice.

2.6.1 Optimized Training

To further improve the training of the model, one can use momentum based opti-
mization such as the Adam optimizer [16]. At each step of this training algorithm,
we incorporate the gradient from the previous training steps. What this effectively
does is give a momentum to the search in parameter space. This has been proven to
work well with specifically machine learning tasks and can help to avoid bad local
loss minima and overfitting.

Another concern during training of LLMs is memory handling. Most LLMs have
parameters on the order of billions, so they require many gigabytes of memory to
even load. To save time training is often parallelized using batching. This means to
run multiple independent training examples at once and making all the parameter
updates at once. The issue is that larger batch sizes also require more memory, so
one has to balance the memory consumption and time consumption.

One way to do this is called low rank adaptation (LoRA) [53]. The main hypothesis
of this method is that fine tuning an LLM to a specific task should not require
retraining all the parameters. Instead, the change in parameters should have a low
intrinsic rank, hence the name. If we for example have a model with a parameter
matrix W that is of size 10,000 x 100,000, we can define two smaller matrices A, B
(often called adapters) of size 10,000 x r and r x 100,000 respectively where r is
a small hyperparameter set by the user. Then during training instead of finding a
AW of equal size to W we define AW = AB and optimize the weights in A, B.
If we select a small r then this can reduce the number of trainable parameters by
multiple orders of magnitude. Training will also require as little as a third of the
memory that normal fine tuning would, and has been shown to often perform as
well if not better than standard fine tuning [53].

Another benefit of using LoRA is that if one wants to use an LLM for multiple dif-
ferent problems, instead of saving multiple finetuned versions of the original model,
one can train different LORA adapters for each task and save only these. Thereby
drastically reducing memory usage. Finally if one wants to reduce the memory us-
age even further one can use quantized LoRA [54]. This is conceptually the same
as regular LoRA but the weights in the decomposition matrices are stored as 4-bit
numbers instead of the standard 16-bit, thereby reducing memory usage by another
factor of 4. This runs the risk of oversimplification and reduced accuracy but has
been shown to work in many instances.

2.7 LLM Postrocessing

Since it is not guaranteed that the output of an LLM is a valid word, one can use a
vocabulary list to improve the output. One method is to give the Al a list with all
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possible words before the transcription, and it then let it try to match each hand-
written word to one in the vocabulary list. Another method is to first let the LLM
attempt the transcription, and then match each word of the output to the closest
word found in the dictionary. However, an aspect in specifically HDP that can make
vocabulary lists less effective is that the handwriting, vocabulary and even letters
and other symbols of old documents can be quite different from modern standards.
This means that it can be difficult to gather a comprehensive vocabulary list which
fits the particular time and style of the document at hand. Though if such a list
exists it can be an effective tool since the HTR algorithms are generally trained
mostly on modern text, and might not be as well versed in archaic language [22].

Another postprocessing method one can use is to hand the machine transcription to
another LLM for correction. This has in some cases been a very effective method
[55], [18]. It seems that if the original transcription was made by an LLM it is good
to use a different LLM for the error correction.

2.8 Evaluation

Since LLMs can be used for many different tasks there is not one general evaluation
metric that can always be used. In Equation 2.2 above we defined the mean square
error. This works well as a loss function in the context of training since it is easily
differentiable, and it is often used as an evaluation metric for classification tasks
[52]. However since our model will be outputting longer strings we will want to use
another metric.

There are three metrics that are calculated in similar ways and measure likeness of
two strings at different levels, character error rate (CER), word error rate (WER)
and field error rate (FER). CER is used to score a proposed transcription by com-
paring it to the known ground-truth string at the individual character level. It is
calculated as CER = % where N is the total number of characters in the true
string, S is the number of substitutions in the proposal i.e where the proposal con-
tains an incorrect character, R is the number of removed characters in the proposal
and [ is the number of insertions. WER is calculated in the same way but for words
instead of characters. FER is a measure that can be used for structured, tabulated
data. It is calculated like CER and WER but uses an entire field in the table as
its unit. An example illustrating the different error rates is found in Table 2.1 below.
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Text type Name Age

Ground
Truth Jane Doe 42

Proposal | James Doe | 42

Table 2.1: Illustrative example of different error rates. The ground truth table
contains a single entry with two colums [Jane Doe, 42] and the proposal contains
the entry [James Doe, 42]. The character error rate of this proposal is 2/10=20%
because two characters in the proposal need to be changed (the m in James should
be switched to an n, and the s removed) and the ground truth contains 10 characters
("J" "a", "n", "e", " ", "D") "o", "e', "4", "2"). The word error rate is 1/3=33% since
the word James should be switched to Jane and the ground truth contains three
words ("Jane", "Doe", "42"). Finally the field error rate is 1/2=50% since the first
field is incorrect and the ground truth contains a total of two fields ("Jane Doe",
"42").

Another commonly used metric is the BLEU score [56]. This metric was designed
to be used for machine translations. It is generally considered better at measuring
what a human would call a good match between two sentences than the methods
mentioned above. BLEU accounts for the fact that even if one rearranges the order
of some words in a sentence they may still have the same meaning. For example
the sentences "The cat wears a hat" and "A hat is on the cat" have the same general
meaning but give very bad error rates, specifically a CER of 69% and WER of
100%. But using BLEU it would receive a better score. However this metric is
made for longer coherent sentences and our data is made up of lots of short strings
often containing only a single word or symbol. The BLEU score is therefore not a
particularly good fit for this project.
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3.1 Format

The data is provided by the organization FamilySearch which is a non profit organi-
zation run by the Mormon church providing tools and databases for family history
work [9]. The census was performed the 10th of May 1895 and is comprised of dou-
ble paged tables containing 15 rows and 18 columns where each row represents one
person. We will include the marginal notes to the left of the table as a column, and
split the names into first and last names, so the transcriptions will in fact contain 20
columns. An example image from the dataset is shown in Figure (3.1) below, and
an explanation of the different columns of the table are shown under the image.

Figure 3.1: Example image from the dataset

Marginalia - Marginal notes. Not explicitly part of the table, but authors of the
census marked the 'head of the family’ to the left of the table with a ’"P1’ to indicate
which people belonged to the same family. Generally contains 1-5 markings per page.

Numéro de orden - Row number. Same data on every page: numbers 1-15.

A - CUAL ES SU/APPELLIDO/NOMBRE - Name/last name/first name.
Highly varying data. Column will be split in two.
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B - Es varén o mujer - Gender. Marked either with a V (male) or an M (female).
C - Cuantos anos ha cumplido - age. Written using numbers.

D - Es soltero, casado 6 viudo - Marital status. Contains either S, C or V,
standing for soltero (single), casado (married) and viudo (widowed). The field is
left empty for children under the age of 15.

E - A queé nacién pertenece - Nation of origin. 75% of the population was born
in Argentina, the rest were foreigners. See Section 3.3 for more details. In the cen-
sus the field is often filled with a small note which we have transcribed as ”, which
means that the person has the same country of origin as the person in the row above.

F - Se es argentino, provincia 6 territorio donde ha nacido - If Argen-
tinian, what province or territory are you from. The part of the dataset used for
this project all comes from the census performed in the region Cérdoba, so most
of the inhabitants come from this region. As in the previous column, the symbol ”
is used to show that a person is from the same region as the person in the row above.

H - Qué profesion, oficio, ocupacion 6 medio de vida tiene - Job, occupation
or livelihood. Varies quite a lot, though not as much as names. The field is often
left empty.

I - Sabe leer y escribir - Literacy. Marked as si/no. Generally left empty for very
young children, but also sometimes for older children and adults.

J - VA4 4 la escuela - Goes to school. Marked as si/no. Generally left empty for
very young children and adults, but also sometimes for other children.

K - Posee propriedad raiz - Property ownership. Marked as si/no. Often left
empty.

L - SI ES MUJER CASADA O VIUDA /Cuantos hijos ha tenido/Cuanto
anos de matrimonio tiene - If a married woman or widow/How many chil-
dren/How many years of marriage. Column split in two. Data written using num-
bers. Mostly contains empty fields.

M - Es enfermo, sordo-muto, idiota, loco 6 ciego - Sick, deaf-mute, idiot,
crazy or blind. Fields contain the person’s particular ailment, for example 'en-
ferma’ Mostly contains empty fields.

N - Tiene bocio 6 coto - Disability. Fields contain the person’s particular ailment,
for example ’bocio’. Mostly contains empty fields.

O - INVALIDO/Por guerra/Por accidente - Invalid /by war /by accident. Marked
with si/no. Column is split in two. Mostly contains empty fields.
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P - Huérfano de padre y madre - Orphan (of both father and mother). Marked
as si/no. Mostly contains empty fields.

3.2 Content

Table 3.1 shows the estimated number of rows, pages, words and characters in the
full dataset. The number of rows equals the number of people entered into the data
(excluding empty rows) which is known to be 3,954,911. The number of pages equals
the number of rows divided by 15 since there are 15 rows per page. This is a slight
underestimation since some pages will contain empty rows. Words and characters
are estimations based on the average number of words and characters per page in
the complete training dataset, which comes out to be 145 words and 442 characters

per page.

Data Count
Pages 263,661
Rows 3,954,911

Words 38,230,000
Characters | 116,538,162

Table 3.1: Approximate statistics on the full dataset. The number of rows is exact,
the number of pages is estimated on the number of rows, and the number of words
and characters are based on averages per page in the training data.

The entire census was performed on the 10th of May in 1895. To be able to count
all 4,000,000 people, many authors were required to collect the data. In more ur-
ban areas the data collection might be performed by city or government officials,
and in more rural areas it was mostly done by literate people who were trusted in
their community. There are two main consequences of having many authors: firstly
the census contains a myriad of different handwritings, and secondly there is some
variance in the spelling.

The census was registered in books containing around 150 inhabitants each. Many
of these books were written by a single author, but some seem to have been shared
between more. Some authors also seem to have written more than one book. If
we make the simple assumption that these effects cancel out and that each book
has a single author, and that each author only wrote one book, there would be an
approximate 4,000,000/150 ~ 27,000 authors. A number between 10,000-30,000 is
likely reasonable. Each of these authors will then have a personal handwriting, and
slightly different methods of recording the data.

In this period of time the Spanish language and spelling in Argentina was mostly

standardized and uniform. There are however some slight differences in spelling.
For example the letters 'z’, 's’ and ¢’ were often pronounced the same and could
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sometimes be interchanged in writing. In our data we can find both the names
"Dominguez’ and 'Domingues’, and ’Ceballos’ and "Seballos’. Furthermore there was
at the time some variations in when to use accents, so both the variants si/si and
no/né occur in the data. We can account for some of these differences by removing
accents when evaluating transcriptions, but treating the letters like z,s and ¢ which
can sometimes be interchanged into the same letter would likely be going too far.

Another thing to keep in mind when working with census documents is that the
type of data is very different in different columns . For example the age column will
only contain numbers within a certain range and the gender column will generally
only contain either male or female, whereas the name column has a practically in-
finite space of possibilities. There will also be a big difference in the distribution of
the data in the different columns. The gender distribution should be roughly equal
between male and female, whereas age would have a declining probability for older
ages, and occupation would have a different distribution depending on country, re-
gion and time period. In general we expect the machine transcriptions to perform
better on columns with low vocabulary size, such as gender, age and all the columns
with si/no answers.

A good transcription model should also be able to utilize the correlation between the
different parts of the data, such as widowhood being positively correlated with age,
and utilizing the naming norms of a person’s country of origin when transcribing
their name. Another clue in languages with male and female grammatical gender is
that the gender of the person will likely affect the word ending of their occupation.
For example in Spanish the word for chef is cocinero for males and cocinera for
females. In handwriting it might be difficult to distinguish between the ending o
and a, but using the gender of the person could ease this distinction. Still, in our
dataset some authors did not regard this grammatical rule and instead wrote the
male variants of all occupations, disregarding the gender of the person in question.

3.3 Overview of the population

In 1898, three years after the census was taken, the data was compiled into three
volumes providing an overview and larger scale statistics of the census [57]. In vol-
ume II [58] we can find statistics on the population. Some of these statistics are
listed below together with the relevant page number for more information (note that
the document is written in Spanish).

There was a total of 3,954,911 people recorded in the census. The census bureau
at the time estimates that there were also 30 000 native indians, another 60 000
people not registered in the census and 50 000 inhabitants who were abroad during
the census. For a sense of scale, the Argentinian population was approximately
equal to the number of inhabitants in London at the same time (p. XXXI). Of the
total population, 2 950 384 people were born in Argentina and 1 004 527 people
were foreigners. This can be compared with the previous census in 1869 where the
corresponding number was 1 526 734 Argnetinians and 210 292 foreigners (p. XI).
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This means that Argentina in 1895 had an immigrant population of circa 25% while
a country such as the United States at the same time had a proportion of circa
15% (p. XLI). The most common countries of origin outside of Argentina were Italy
with 492 686 people, Spain 198 685 and France with 94 098. There were also 1 688
Swedes living in Argentina at the time (p. XLIV).

We can also see that 1 098 215 people owned land with 816 294 of these owned less
than 1 acre (p. CXX). The overwhelming majority of the population was catholic
christian, with 3 921 136 catholics, 26 750 protestant 6 085 jews and 940 of other
religion (p. CXXII). There were 12 071 orphans out of the total 1 586 833 children
up to the age of 14 (p. CLXXXII). We can also see that most common professions
are day laborers (jornaleros), farmers (agricultors), and seamstresses (costureras).
The number of engineers had grown from just under 200 in 1869 to nearly 1500 in
1895 (p.CXLIV).

3.4 Cover pages

The data contains some informational front and back covers which details informa-
tion about the data collection, an example can be found in Figure 3.2 below. The
census was recorded in books of approximately 150 people per book. Each book
contains a cover sheet with information about the region of the census, number of
people and families recorded, the date and author of the census and so on. So in
total we expect there to be around 4,000,000/150=27,000 cover pages. The format
of these pages are very different from the tabular pages and they will be ignored in
this project and only the regular tabled data will be transcribed. If and when this
project is continued it could be possible to train another LLM on these pages, or
perhaps even utilize the same LLM as in this project but with another prompt and
output format. One could also train a simple neural network to distinguish between
the cover pages and the census tables, and automate the process of partitioning the
dataset. This method has been used in other projects [10].
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| . Depariamento 6 Farlido bo . %/ P dd o
’ I Dt s penio s W 4.,/4,&?, 5

Blncid

Figure 3.2: Example of a cover page from the census.
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Methods

As described in Section 2.8, the often used BLEU score is not a particularly good fit
for our data. Instead the three metrics CER, WER and FER were used to measure
the quality of the transcriptions. When evaluating the transcriptions all accents
were be removed to account for variations in style between authors. During the
training however mean square loss was used.

The HTR-model of choice in this project was the open source LLM Chandra [44].
The model consists of 36 layers and 8 billion parameters. It is based on a lightweight
model in the Qwen3 series of LLMs [59]. Chandra was designed to perform HTR
and analyze tabular data, so it fits well with our task.

4.1 TIterative Data Annotation

The first part of the project was to use an iterative process of transcription and cor-
rection, illustrated in Figure 4.1 to generate annotated data. The model transcribed
a small portion of the data, which was then manually corrected and fed back into
the training data to provide better finetuning for the next batch of transcriptions.
A smaller portion of the newly transcribed data was also set aside for the evalua-
tion and test datasets. The data split was approximately 80% training data, 10%
evaluation data and 10% test data (which was not used until the very end of the
project to evaluate the final model). The images use for transcription were selected
randomly from the available data.

After three iterations of transcriptions and correction, enough data was deemed
available to make decent comparisons between different image transformation and
postprocessing methods.

4.2 Method comparisons

4.2.1 Preprocessing Image Transformation

It was studied whether image filters and thresholding can be used to improve the
performance of the LLM. The first filter used was a simple median blur, which
changes each pixel to the median value of the pixels in a surrounding neighborhood,
as illustrated in Table 4.1. This is a very quick and easily implemented filter which
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[terative workflow

Load Transcribe Manually Evaluate
initial —#{new part of—» correct —#{ results for
model dataset transcription comparison

™~

Train model on
corrected data

Figure 4.1: Illustration of the iterative workflow used. The model will transcript a
portion of the data which has not been hand transcribed before. The transcription
is then manually corrected for errors in format and transcription. This corrected
data is then used to further train the model, and a new batch of data is transcribed
by the refined model.

is most commonly used to remove salt-and-pepper noise, meaning that some pixel
values are missing (i.e. set to either 1 or 0). This is actually not a common type of
noise found in this dataset which instead mostly suffers from grainy noise. But some
preliminary testing done in parallel with the iterative data annotation still showed
decent results, so it was chosen. The only parameter of the filter is the size of the
neighborhood, Nyy,.
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Table 4.1: Example of median blur with neighborhood size N. Fach value is
transformed into the median value of the pixel in a 3 size neighborhood of it (meaning
the eight surrounding pixels and itself), while edge pixels are held at the same value
as before the transformation. The pixels which underwent a change are in bold.

Another filter which was used is so called non-local means denoising [60]. This
is a method which compares each pixel not only to its immediate neighborhood,
but also to other neighborhoods of the same size in the larger vicinity of the pixel.
These neighborhoods are then weighed by how similar they are to the immediate
neighborhood and the pixel takes the value of the weighted sum of the center of the
similar neighborhoods. This method is more computationally demanding but has
the advantage of being able to adjust noise which has larger scale variations. The
parameters of the filter are the immediate neighborhood size S, the size of the larger
neighborhood L and the strength of the denoising h.

Finally a local Gaussian binarization method was used. This method sets a local
threshold for each pixel by finding the gaussian weighted average of a neighborhood
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surrounding the pixel and adding a predefined offset. The pixel is set to 1 if it has
a value above this threshold and 0 otherwise. The parameters of the filter is the
neighborhood size T and the offset m.

Since fine-tuning a new model for each combination of filters and filter parameters
was computationally impossible, preliminary tests were performed with four differ-
ent transformations used together with the base Chandra model on ten images from
the training set. The transformations were denoising, denoising + thresholding,
blurring, and blurring + thresholding. All images were also resized to be at most
2048x1024 pixels large for computational purposes. To find good parameters for
the different transformations a simple search was performed by choosing the pa-
rameters which resulted in images that seemed most legible. This was a subjective
evaluation, and furthermore since LLMs and humans read in such different ways,
what is legible to a human might not be legible for an LLM. But as previously men-
tioned, doing more comprehensive testing would be too computationally demanding.

The plan was to use the best transformation from these preliminary tests and do
more rigorous comparisons using the entire training set and comparing with the
performance of using no transformation. The tests however did not go according to
plan because a large proportion of the transformed images returned transcriptions
which were not correctly formatted and thus unusable for evaluation. The reason
for this is likely that the LLM has not been trained on transformed images. Two
of the transformations were selected for more rigorous training. Namely blur and
denoise + thresholding since blur received the lowest error rates on the successful
test transcriptions, and the denoise + thresholding resulted in the subjectively most
legible images, so the LLM could hopefully be trained to utilize the benefits of the
thresholding.

4.2.2 Postprocessing LLM Correction

After this it was investigated whether using another LLM to correct the output of
the primary LLM could improve the quality of the transcriptions. This was done
by training another LoRA adapter onto the base Qwen3 model on the output of
the finetuned Chandra model, using the best performing image transform from the
previous section. The Qwen model was chosen as the base since, as mentioned in
Section 2.7, other studies have shown that it is beneficial to use different models
for transcription and correction. This also makes some intuitive sense since another
model could have a different way of analyzing an image than the transcription LLM,
and so could perhaps better identify mistakes made by the transcription model.

The training and evaluation of the correcting LLM needs to be considered. Since the
transcription model will perform better on the training data than on the evaluation
data, the training data will contain fewer errors than the evaluation data. This
means that if the correcting LLM is trained on the output from the transcription
model’s training data, it will not be training on particularly realistic data since it
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will contain very few errors. So the correction model would likely not be particularly
good at actually correcting new data which will contain much more errors. In fact
at this point in the development of the model, the machine transcriptions from the
training data had an error rate of less than a half percent. Therefore the correction
model was instead trained on the transcriptions from the evaluation dataset. This
gives a more realistic dataset for the correction model, but it also has the problem
that there is not a lot of evaluation data, only approximately 10% of the annotated
dataset.
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Results & Discussion

5.1 Iterative Data Annotation Process

As described in the previous chapter, the first part of the project was focused on iter-
atively generating annotated data. At the start of the project 15 pages had already
been transcribed by Galli. The iterative process then continued with three image
sets which were transcribed by the VLM after training on the previous corrected
data. In total 87 images were transcribed in the iterative process. The first two
image sets were transcribed to a csv format and the third one used a json format.
This is because the transcriptions were stored and corrected in an excel sheet which
was easy to reformat into csv. But the goal was to output json format, so a script
was eventually written which turned the csv format into json.

5.1.1 Training

Since the main goal of this part of the project was to generate annotated data,
the training hyperparameters and methods were slightly refined along the process.
A paged adamW 8 bit optimizer was used for the training with a learning rate of
n = 1073. If not otherwise stated the other parameters such as the moment decay
rates (1, B2 were set to their default values, in this case 8; = 0.95, 5 = 0.999.

Image set 1. This image set had only the first 15 transcribed census documents
to train on. The LLM was trained for 20 epochs. 32 images were transcribed, but
only 24 of them were deemed useful for further error correction. The others either
returned no output, or an output of completely wrong format. Those images which
returned failed transcriptions were put into the following image set.

Image set 2. This image set used the eight previously failed images together with
24 new ones for a total of 32 images. This and future training was performed for 15
epochs. A decay rate of f; = 0.9 was tested for this image set, but no significant
improvement was seen. In this and future cases, all transcriptions were sent for
correction.

Image set 3. This set contained 31 images. After transcribing image set 2, 36
transcribed images from the 1855 Argentinian census was made available. 33 of
these were included in the training data for this image set, and 3 was put into the
evaluation dataset. For this training the decay rate §; was again set to its default
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value of 0.95.

5.1.2 Quantitative Evaluation

The CER, FER and WER of the transcriptions of these image sets can be seen
in Figure 5.1 below. For the first two sets, there were multiple outliers with error
rates above 100%. This happens when there is a lot of error in the output, and the
output is significantly longer than the ground truth. An example can be seen in
Figure 5.4 in Section 5.1.3 below. The entirety of image set 1 contains 480 rows,
but the model outputs 558 rows. For image set 2 there are 480 true rows and 557
proposed. This meas that the model output around 16% too many rows in each set,
but these additional rows are concentrated on just a few transcriptions. These are
the outliers.
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Figure 5.1: Error rates of the three sets of transcriptions. We see that the first
two transcription sets both contain multiple outliers way above the 100% error rate.
This is due to the machine transcription in some cases contained excess empty rows.
Figure 5.2 below shows the error rates if the excess rows are removed.

To better understand the quality of the outputted transcriptions, excess rows will
be removed. This will be especially impaction when looking at the error rates for
each individual column. An adjusted result after removing the excess rows can be
found in Figure 5.2 where we see that the outliers are gone, but otherwise the error
rates look mostly the same. In all following analysis we will use the adjusted error
rates since this will allow for more rich analysis of the machine transcriptions.

Table 5.1 shows the mean error rates and their variance for each of the sets. It also
shows the proportions of transcriptions which could not be parsed correctly, meaning
that the output was in an incorrect format. In the first two image sets, which were
in csv format, this represents the proportion of rows which were of the wrong length
in the output. These rows were padded or cropped to the correct length of 20. In
the third image set which was in json format, incorrect format means the proportion
of transcriptions which could not be loaded properly. This was due to for example
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Figure 5.2: Error rates after excess rows have been removed. The outliers found in
Figure 5.1 are no longer present, but the general trend of the error rates is similar.
This adjustment will make for a more fruitful analysis of the output.

missing commas in an array or missing colons in a dictionary, which meant that
the error calculation script could not analyze them. These transcriptions were not
included in the error calculations.

Mean CER | Mean WER | Mean FER . .
Image set . . . Failed parsings
(variance) (variance) | (variance)
Set 1 0.28 (0.07) 0.24 (0.07) 0.28 (0.11) 28%
Set 2 0.30 (0.06) 0.27 (0.05) 0.33 (0.10) 29%
Set 3 0.11 (0.06) 0.08 (0.04) 0.07 (0.03) 6%

Table 5.1: Mean error rates and variance from the annotation process. The fifth
column shows the proportion of failed parsing. In the first two image sets, which
were in csv format, this represents the proportion of rows which were incorrectly
formatted, meaning that they were not of the correct length. In the third image set
which was in json format, it represents the proportion of complete pages which were
incorrectly formatted.
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5. Results & Discussion

Column wise error rates

In Figure 5.3 below we can see quantitatively how the CER of each column evolved
over the different image sets. Similar plots for WER and FER can be seen in Figures
A.1 and A.2 respectively in Appendix A. Tables A.1, A.2 and A.3 also in Appendix
A show the exact means and variance for each column and error rate per item set.

CER per column over the three image sets
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Figure 5.3: Column wise CER from the annotation process.

5.1.3 Qualitative Evaluation

The transcriptions of the first two image sets, when there was little training data to
finetune the model on, were quite bad. There is even a slight increase in error rate
between the first and second sets. But then the third set gives drastically better
results. Essentially every column receives lower error rates in the third set. The
proportion of failed parsings also decrease drastically for the third image set.

Generally columns A and H score the highest error rates. This is understandable
since these columns contain names of people and occupations which have drastically
more variance than the other columns, especially the names. We can also see that
the columns M-P generally perform better. This is also understandable because
these columns are empty the vast majority of the time. In the following sections
the quality of the image sets will be analyzed by looking at the best and worst
transcriptions from each set, and finding common patterns across the entire sets.
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First Image Set

In the first set the model has a hard time with most of the columns. The name
column in particular is very poor performing, with word error rate of nearly 100%,
meaning that on average nearly none of the names are exactly correctly transcribed.
The character error rate is at a lower 52% so at least parts of the names are being
transcribed correctly. Though this is of course still a very bad result. Still, even at
this point the model performs very well with row numbers, since the numbers are
the same for every image. Similarly, the mostly empty columns M-P perform well.
In this image set there were only 4 fields in the O column that were not empty, out
of the total 960 fields (2 fields per row x 15 rows per page x 32 pages).

As mentioned before, some images in the first two image sets had error rates over 1
before we remove excess outputs. Figure 5.4 below shows one such image from set
1. Tts transcription is in Figure A.3 and the GT transcription is in Figure A.4 . The
error rate is above 1 because the machine transcription is much longer than the GT.
Taking WER as an example, this error rate is equal to the number of words that
need to be corrected in the proposal, divided by the number of words in the true
text. If the proposal is both bad and much longer than the true text like in this
case, many words need to be removed and many need to be replaced so the number
of corrections will be larger than the number of words in the GT text. Therefore
the error rate will be larger than 1.
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Figure 5.4: Page SSBHT-62RW-4KF from image set 1 which results in a very poor
transcription due to excessive output length (CER: 0.9369, WER: 1.5648, FER:
1.5437 before adjustment, CER: 0.4384, WER: 0.4007, FER: 0.43 after). The ma-
chine transcription can be found in Figure A.3.

Analyzing Figure 5.4 we can see that the only major disturbances in the image is
a large line drawn across the middle of the left page and field C6 which is crossed
out. These obstructions does not hinder a human reader to a greater extent and
it is difficult to understand why the LLM would extend its output beyond the 15
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rows. Perhaps the X-marking in the bottom left affecting the column of row num-
bers, but other images which also had extended outputs did not have any particular
obstructions in this position. And all the disturbances in the image can be found in
other images in the set with better error rates. However it is worth noting that the
handwriting is quite different from the images used in the training set.

As for the actual content of the table, the LLM struggled quite a bit. The crossed
out field is actually transcribed correctly as a 5, and the other numbers in the C
column are quite well performing. However the model does not even attempt to
include the occupations in column H and column I is made up of numbers instead
of si/no. There are also some extra si/no put into column K which is in reality
empty. And finally the name column is very bad. The model confuses the recurring
surnames "Asebal" for "Ribal" and "Dominguez" for "Forasio". In fact the only name
which is correctly transcribes is "Manuel" in the first row.

Looking now at the best transcriptions from the image set, we find image S3HT-
62RW-ZND in Figure 5.5, its transcription in Figure A.5 (CER: 0.1884, WER:
0.1633, FER: 0.1633) and the GT in Figure A.6. The top of the page is covered
in a large empty space and there is a slightly obstructing line drawn along the left
of the table. So there does not seem to be a major difference in the quality of the
image compared with Figure 5.4 above, and still the error rate is more than halved.
Four out of five occupations (column H) are transcribed correctly, though the model
also added an occupation to row 13 where there is in fact none. Nearly all the
names contain some substantial errors, but some names like Petrona, Angel, Ramon
and Rodriguez are transcribed completely correctly. The only discernible difference
between the pages is that the better performing image has a handwriting which
more closely resembles the ones in the training set, though there does not seem to
be an exact match.
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Figure 5.5: Page SSHT-62RW-ZND with the best quality transcription from image
set 1 (CER: 0.1884, WER: 0.1633, FER: 0.1633.) seen in Figure A.5
below.

Second Image Set

When looking at the second image set we see that most columns have generally the
same error rates as in the first image set, but there was actually an increased error
rate for columns D (marital status), F (region of origin), H (occupation), I (literacy),
J (school attendance) and K (property ownership). It is interesting to see that even
the "easier" columns received poorer score. There were many times when a field was
transcribed to the wrong place in the text, which points to the fact that the model
has still not fully understood the tabular data and the csv format. We can also of
course see this in the high rate of failed parsings, which is at 29%.

An example of this can be found in image S3HT-62RW-C9L, seen in Figure 5.6.
In the transcription there are multiple format issues. To begin with on rows 4, 6-9
and 11 the occupation has ended up in the wrong column, being transcribed into
column F. Many of the elements in the marital status column D are also incorrectly
transcribed as "si" instead of a V/C/S. Similarly none of the fields in column E or
F are marked with the symbol ” - denoting that the above field should be repeated
- even if nearly all of them contain it. It is however interesting to note that this
page seems to have been written with a similar handwriting as the best performing
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image in image set 1. In fact looking at the names we can see that the model has
corrected some of its earlier mistakes, correctly identifying all the "Torres" which
were previously transcribed as "Roales", "Lozalo" or "Romero". At the same time
image SSBHT-62RW-4RD from image set 2 which had a similar handwriting to this
image also struggled with misplaced occupations and missing ” symbols, and there
the names were even worse transcribed with not a single correct name.
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Figure 5.6: Page S3HT-62RW-C9L from image set 2 which results in a very poor
transcription due to misaligned and misunderstood columns (CER: 0.4130, WER:
0.3833, FER: 0.4467). The machine transcription can be found in Figure A.7 and
the GT transcription in A.S8.
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Looking now at the most successful transcription of image set 2 we find image S3HT-
62RW-48P in Figure 5.7 with CER: 0.1997, WER: 0.1700, FER: 0.1700. Seven of
the twenty columns are transcribed perfectly and the names are much better than
in the previous example. Notice however that many names end in the wrong letter,
such as "Ramirez" instead of the GT "Ramires". Similarly "Martinez" instead of
"Martines". It is also interesting to look at row 2 where the LLM claimed that a 30
years old widow has been married for 30 years. This is clearly unreasonable and in
reality the person was 70 years old.
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Figure 5.7: Page S3HT-62RW-48P from image set 2 which results in a good tran-
scription (CER: 0.1997, WER: 0.1700, FER: 0.1700). The machine transcription
can be found in Figure A.9 and the GT transcription in A.10.
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Third Image Set

Finally the third image set scores better in all categories. The only discrepancy
seems to be the marginalia column which has a couple of extreme outliers in CER
with much lower values of WER and FER. This is because some images contained a
novel type of marginal note which were difficult to read and were not of interest to
the project, so they were not included in the GT transcriptions. The LLM however
tried to transcribed these as long sentences such as for example "Se trascribe solo
a esta fila" from file SSHT-62RW-C37. This impacts CER in particular since the
output is so long, 29 characters but only 6 words and 1 field.

To show how much better image set 3 performed we can see that even the worst
performing page S3HT-62RW-Z4V gets lower error rates than the average image in
set 2, with a CER: 0.2971, WER: 0.2400, FER: 0.2100. The page can be seen in
Figure 5.8. The names column still has some pretty major errors with a CER of
0.38. Further we can note that the right page contains an unusually large amount of
data, which will give rise to higher error rates. Finally in the GT transcription we
can see an example of when even human error correction fails. There is no marginal
note in row 10 as the GT transcription claims, but the machine transcription got
all the marginal notes correct. This was not noticed until all the final error analysis
was done. In the same image set we can find the extraordinary transcription of
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Figure 5.8: Page S3HT-62RW-Z4V from image set 3 which results in a poor
transcription (CER: 0.2971, WER: 0.2400, FER: 0.2100). The machine transcription
can be found in Figure A.11 and the GT transcription in A.12.

page S3HT-62RW-WVN in Figure 5.9 which has the lowest error rates in all the
image sets, CER: 0.0265, WER: 0.0233, FER: 0.0233. Only the columns A, H and
L contain any errors at all. Even then only two names are not perfectly transcribed
(one of which is missing just a single letter) and only a single digit in the entire
image is incorrect. The occupations however do not perform as well with only 2/5
perfect transcriptions.

One of the reasons behind this great performance might be that most of the names
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are very common, "Domingues", "Gonzalez", "Pedro", "Acosta" etc. Another big
reason is likely that the hand writing shares many similarities with other pages in
the training set. It is also interesting to note that the large empty space at the
top of this and other pages does not seem to particularly affect the outcome of the
transcription.
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Figure 5.9: Page SSHT-62RW-WVN from image set 3 which results in a great
transcription (CER: 0.0265, WER: 0.0233, FER: 0.0233). The machine transcription
can be found in Figure A.13 and the GT transcription in A.14.
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5.2 Image transformations

After the data was generated different methods were compared to try to further
improve the performance of the model. The first method experimented with was
image transformations. The transcriptions in this and the following sections were
all in json format.

5.2.1 Quantitative Evaluation

First a parameter search was performed for the transformations. A small exper-
imental dataset was created by picking ten images from the training set, making
sure that at least one of the images contained quite faded text to ensure that the
transformations would also be able to handle this type of text. The rest of the im-
ages were chosen arbitrarily. Then the images in the experimental dataset were run
through the four transformations mentioned in the Method: blur, blur + thresh-
olding, denoising, and denoising + thresholding. All the images were also scaled
down to a max size of 2048x1024 to reduce the required computational resources.
The parameters of the transformation were judged quite subjectively based on the
legibility of the transformed images, since it would be too computationally heavy
to do a thorough parameter search where the LLM is tested on each combination
of parameters. Note however that a transformation which makes it easier for a hu-
man to read a text might not necessarily make it easier for an LLM. In the end the
parameters shown in Table 5.2 below were chosen. Figures A.15-A.19 in Appendix
A show an example page from the experimental dataset with faded text, and its
transformations.

Transformation Parameters
Blur M =5
Paired with blur: T'=9, m = 8
Paired with denoise: T' = 15, m= 15
Denoise S=11,L=21,h =20

Thresholding

Table 5.2: Selected parameters for the image transformations

To save computational resources an initial test was performed on the four transforms
to try to find which would likely perform the best and should be selected for further
testing. The transformed images from the experimental dataset of ten images were
transcribed by the non finetuned Chandra model and compared with the results of
not applying any transformation. The results of this test can be seen in Table 5.3.
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. Mean CER | Mean WER | Mean FER | Proportion of
Transformation . . . . .
(variance) | (variance) (variance | failed parsings
Denoise 0.87 (0.34) | 1.00 (0.28) | 0.75 (0.05) 0%
Denoise + Threshold | 1.64 (1.36) 1.74 (1.24) 1.09 (0.48) 50%
Blur 0.66 (0.37) | 0.84 (0.34) | 0.76 (0.05) 0%
Blur + Threshold | 0.92 (0.39) | 1.11 (0.39) | 0.90 (0.17) 0%
No Transformation 0.95 (0.32) 1.21 (0.37) 0.83 (0.11) 10%

Table 5.3: Results from the initial image transformation testing performed on ten
images from the training set using the non-finetuned Chandra model. We can see
that a large proportion of the transformed images failed in transcription. But out
of the successful transcriptions the blur transformation resulted in the best score,
in fact better than using no transformation at all. Again, using only the successful
transcriptions.

Unfortunately a lot of the transcriptions failed due to parsing errors. Most of the
transcriptions failed by not having the correct headers, or repeating the same text
over and over until the token limit was reached. This likely happened because the
Chandra model has been trained to analyze raw images, not images with these types
of transformations. The different transforms generally failed on different images,
though there was one image which always failed, even without transformation. Since
the results were a bit inconclusive, both the blur, and denoise 4 threshold transforms
were chosen for more rigorous training. The blur transform was chosen since it
performed the best in the test on the transcriptions which succeeded. The denoise
+ threshold transform performed better than the blur + threshold transform on most
of the images which both could transcribe, and hopefully the model could perform
better with the threshold transform if it was finetuned on thresholded images.

Full training

Two new datasets were created by running the full training and evaluation sets
through the blur and denoise + threshold transformations, then the base Chan-
dra model was trained using a separate LoRA adapter for each of the transformed
datasets. Finally the evaluation set was transcribed using each model and compared
to the GT transcriptions. As can be seen in Table 5.4, the denoise + threshold model
scored quite evenly with the standard model, and the blur model outperformed them
both.

Looking at the results column wise in Figure 5.10 we see that the blur transform
lowers CER for most columns. Figures A.20 and A.21 show the WER and FER per
column.

Since the improvement is not overwhelmingly large and the evaluation set is a bit
small, a one sided t-test was also performed to find the statistical significance of the
observed decrease in CER. This resulted in a p-value of 0.027, a quite strong result.
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. Mean CER | Mean WER | Mean FER | Proportion of
Transformation . . . . .
(variance) (variance) | (variance) | failed parsings
Blur 0.00 (0.06) | 0.07 (0.03) | 0.06 (0.02) 9%
Denoise + threshold | 0.14 (0.06) 0.09 (0.02) 0.08 (0.02) 0%
No transformation | 0.13 (0.06) 0.09 (0.02) 0.12 (0.13) 9%

Table 5.4: Results from the large transformation testing performed on eleven im-
ages from the evaluation set after training. Using the blur transformation scores
better on each type of category. The denoise model however does not fail a single
parsing unlike the other two models which failed one transcription each.
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Figure 5.10: Column wise CER from the transformation comparisons.

5.2.2 Qualitative Evaluation

The example images in Figures A.15-A.19 show that the blur transform on its own
does not change the original image by much, and a human reader might even find it
slightly disturbing for the legibility. This is a testament to the unintuitive way that
neural networks read texts. A human which looks at blurred images might think
that they forgot to put on their reading glasses, but Chandra finds them easier to
analyze. It also shows that even though LLMs generally perform well without image
transformations, it can sometimes still elevate the performance.

The denoising transform on the other hand did visibly remove a lot of the grainy
noise in the image and arguably made the image a slight bit more readable for a
human. Thresholding the blurred image left quite a bit of noise in the image and
disturbed the text slightly. This effect seemed impossible to avoid entirely when
choosing the parameters. The binarization was always on the spectrum between
removing too much text or retaining too much noise. This parameter choice was the
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5. Results & Discussion

best middle ground found. Finally applying thresholding after the denoise trans-
form resulted in a clearer picture compared to the blur 4+ thresholding, with very
low levels of noise inside the table, even if parts of the most faded text still did get
removed in the thresholding. Still, this did not improve the error rates.

Looking again at Figure 5.10 we can see that all models perform perfectly on the
row numbers, except for two outliers with CER 1. This is because the image S3HT-
62RW-C6B was improperly scanned and is missing the leftmost part of the page
which contains the row numbers and potential marginalia. The denoise + threshold
still gave the standard output with 15 rows, while the blur model output the incorrect
header "Numero de fila" instead of "Ntumero de orden" and the no transform-model
simply omitted the row numbers completely.

The blur model also provides a transcription with even lower error rate than the
previous best result. The transcription of image SSHT-62RW-C33 scores error rates
of CER: 0.0187, WER: 0.0196, FER: 0.0167. The transformed image can be seen in
Figure 5.11, the machine transcription in Figure A.22 and GT in Figure A.23. The
transcription contains two differences from the GT, the name "Cruz" on row 5 was
written as "Gregor" and the age in row 11 was written as 62 when the GT says 68.
However looking at the image we can see that it is in fact the GT which is incorrect.
The model has in this case effectively reached the accuracy of a human transcriber.
Note that the handwriting in this image is similar to quite a lot of pictures in the
training set.
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Figure 5.11: Page S3HT-62RW-C33 after blur transform, the best performing
image in the blur dataset with CER: 0.0187, WER: 0.0196, FER: 0.0167.
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5. Results & Discussion

If we on the other hand look at the worst performing image of the blur dataset in
Figure 5.12 we see that it contains a very distinct handwriting. Only a single image
in the training dataset has a similar style. The transcription accordingly scores
much worse with error rates CER: 0.2535, WER: 0.1137, FER: 0.0967. The vast
difference between the best and worst transcriptions in the set is indicative of how
important it is for the model to be familiar with the handwriting. This is especially
true for the name and occupation columns. In fact even this transcription is perfect
in 11 out of 20 columns, but the names and occupations are so very wrong (CER
over 0.6 on both) that they lift the total error rate significantly.
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Figure 5.12: Page S3HT-62RW-ZLL after blur transform, the Worst performing
image in the blur dataset with CER: 0.2535, WER: 0.1137, FER: 0.0967

5.3 Post Correction

The transcriptions of the evaluation data by the blur model were used to train an
LLM in correcting the transcriptions.

5.3.1 Quantitative Evaluation

The Qwen3 model was trained on 12 images (including the 3 from the 1855 census)
and evaluated on 2 images, all taken from the evaluation data set of the transcription
LLM. Since the dataset was smaller, the correction model was trained for 60 epochs
(a first attempt with 15 epochs resulted in 79% parsing failure). Comparisons were
also made on the training set and the evaluation set together, though only on the 11
images from the 1895 census. As seen in Table 5.5 and Figure 5.13 below, the cor-
rection did not improve the error rate of the transcriptions. The column wise WER
and FER can be seen in Figures A.26 and A.27. Pretty much all of the columns
reduced in quality, but it did however fix the formatting error of the transcriptions
which originally failed to parse (though even after correction the transcription still
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5. Results & Discussion

scored a CER of over 25%). Including this case, the correction improved only three
out of 11 transcriptions.

Mean CER | Mean WER | Mean FER | Proportion of
Type . . . . .
(variance) | (variance) | (variance) | failed parsings
Proposal | 0.10 (0.06) 0.08 (0.03) 0.07 (0.03) 9%
Correction | 0.19 (0.10) | 0.13 (0.11) | 0.11 (0.09) 0%

Table 5.5: Results from correction testing.
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Figure 5.13: Column wise CER from correction testing.

5.3.2 Qualitative Evaluation

Even if the overall result was bad, the correction model was able to do some small
corrections which were beneficial. For example in image S3HT-62RW-C54 (one of
the three which performed better after correction) the model corrected the name
'Licia" to "Luisa". There was also an incorrect correction of the name "Tomas" to
"Sebastian" though the GT was "Tessandro'. Still the model was able to identify
that there was an error, even if it could not correct it properly. Though there were
still multiple errors which the model did not even attempt to correct. In fact the
better performing corrections are signified by the lack of correction.

With this in mind, if the model had simply made random adjustments it is very un-

likely that even a single transcription would have improved. So there is still a sliver
of hope that LLM correction could be utilized in the future. The main problem is
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5. Results & Discussion

the lack of training data. To solve this, one could just transcribe more images and
thereby get more data to train the correction on. Another perhaps more efficient
method would be to use data augmentation and simply insert errors into the train-
ing data to create a bigger dataset for the correction model.

5.4 Final Test Set

The blur model was used to transcribe the 14 images in the test dataset. These
images had not been used for training, evaluation, parameter tuning or anything
else during the development of the model. Therefore the transcriptions are as rep-
resentative as possible of future performance. Since the correction LLM had not
lowered the error rates, it was not used in the final testing.

5.4.1 Quantitative Evaluation

The final model uses a median blur filter with neighborhood size N = 5 and has
been trained on 110 training images (including 33 from the 1855 census) and eval-
uated on 14 images (including 3 from the 1855 census). The error rates from the
testing data is shown in Table 5.6 and Figure 5.14 and 5.15. The results are slightly
worse than the previous evaluation data such as the proposals in Table 5.5. This
is understandable since the model was chosen based on the evaluation loss, so it is
implicitly trained on the evaluation dataset. This is why it is good to use a final
testing dataset which has not been seen before.

T Mean CER | Mean WER | Mean FER | Proportion of
ype (variance) | (variance) | (variance) | failed parsings
Test data | 0.12 (0.04) | 0.08 (0.02) | 0.07 (0.02) %

Table 5.6: Results from final test dataset.
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Test data error box plots

0.5 CER 05 WER 05 FER
0.4 0.4 0.4

0 0.3 0.3 0.3

g

©

s

wo.2 0.2 0.2
0.1 0.1 % 0.1 *
0.0 0.0 0.0

Figure 5.14: Error rates from the final test dataset.
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Figure 5.15: Column wise CER from the final test dataset.
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5.4.2 Qualitative Evaluation

The occupation column is slightly better performing than in previous datasets, but
the name column is slightly worse. The best performing image was S3HT-62RW-
C1Y with CER: 0.0444, WER: 0.0510, FER: 0.0433, shown in Figure 5.16 with
transcription in Figure A.30 and GT A.31. We can see great resemblance with the
best performing images in the third image set and the image transform dataset (Fig-
ures 5.9 and 5.11). Only a handful of fields are not correct.
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Figure 5.16: Page S3HT-62RW-C1Y after blur transform, the best performing
image in the test dataset with CER: 0.0444, WER: 0.0510, FER: 0.0433.

The error rates of the test dataset are a bit high when comparing with other cen-
sus based HTR projects such as the ones mentioned in Section 2.1, especially when
it comes to the name column. So this is likely what future work on the dataset
should focus on. At the same time it has been shown many times that the model’s
knowledge of the handwriting can be crucial to getting a good transcription, so
transcribing more images and extending the training dataset will also be important.

The model developed in this project is likely the only LLM model finetuned on full
page scans of census data. This has resulted in a comparatively straightforward two
step pipeline requiring only a simple image filter before the transcription. Compare
this to previous studies such as the digitization of the Paris and Swiss censuses [10]
[11] which both had a five step pipelines. Granted, these studies resulted in a lower
error rate than the ones achieved in this project. Still, the model has on multi-
ple occasions reached human level accuracy when transcribing images with familiar

handwriting, so it is likely possible to gain more performance from this model by
extending the training dataset.
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Conclusion

In this project an LLM was used to transcribe 87 images from the 1895 Argentinian
census. The training data was created using an iterative data annotation process of
machine transcription and manual correction, starting with an additional 15 manu-
ally transcribed pages. The iterative annotation process was performed three times,
resulting in three sets of machine transcriptions. The first two performed poorly
but a drastic improvement was seen in the third set resulting in an average CER of
0.11 WER of 0.08 and FER of 0.07.

Looking back at the research questions posed in the introduction now. The answer
to question 1 is that the main difficulty in transcribing the dataset was the wide
variety of handwriting styles and names. And at least initially the tabular format.
The switch from csv to json output reduced the format problems. To handle the
variety of handwriting styles, an annotated part of the 1855 Argentinian census was
added to the training data, which helped reduce the error rate. In future work it
could be interesting to use a vocabulary list of the most common jobs of the time to
improve the accuracy of the occupation column. The data to create the dictionary
is available in the census compilation from 1898. It will likely be more difficult to do
this for names since there is such a large variety. A quarter of the population also
originates outside of Argentina so multiple lists of names would need to be provided
to account for the different countries of origin.

As for question 2, combinations of three different image transforms were experi-
mented with: median blur, non local means denoising and Gaussian local thresh-
olding. The thresholding and denoise techniques did not perform well but the blur
transform was able to reduce the error rate by about 2.5 percentage points. Future
work could try to use image segmentation algorithms to for example crop out ev-
erything outside of the table in the images.

Finally question 3. The correction model did not reduce the overall error rate,
though there were a few examples of the correction improving performance. This
was most likely due to the lack of training data. This problem can in the future be
mitigated simply by transcribing more images, or by using data augmentation and
inserting artificial errors into the training set.

The final model was trained on 110 images (including 33 from the 1855 Argentinian

census) with 14 images in the evaluation dataset (including 3 from the 1855 census).
It used a median blur image transform with neighborhood size N = 5. When
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6. Conclusion

evaluated on the test set of 14 images the model scored an average CER of 0.12,
WER of 0.08 and FER of 0.07. This score is a bit higher than other studies of similar
data. The model has however in some instances been able to produce transcriptions
with human accuracy, when it has been familiarized with the handwriting of the
image. So further expanding the training dataset should be able to lower the error
rates. And even with the current performance, the model can be used efficiently as
a tool for transcribing the dataset when paired with human error correction.
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Appendix 1

This appendix contains extra figures,tables, images from the dataset and their tran-
scriptions. In the transcriptions an asterisk (*) means that the field is empty (or
the model believed the field should be empty). For further detail see the chapter
Results & Discussion.

WER per column over the three image sets
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Figure A.1: Column wise WER across the three image sets from the annotation
process.
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FER per column over the three image sets
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Figure A.2: Column wise FER across the three image sets from the annotation

process.
Mean CER | Mean WER | Mean FER
Column . . .

(variance) | (variance) (variance

Marginalia 0.14 (0.12) 0.12 (0.09) 0.12 (0.09)
Ntimero De Orden | 0.02 (0.08) | 0.04 (0.18) | 0.04 (0.18)
A 0.54 (0.09) | 0.97 (0.06) | 0.97 (0.06)

B 0.24 (0.29) | 0.38 (0.36) | 0.38 (0.36)

C 0.27 (0.23) | 0.48 (0.26) | 0.48 (0.26)

D 0.32 (0.35) | 0.32 (0.32) | 0.32 (0.32)

E 0.23 (0.36) | 0.27 (0.37) | 0.27 (0.37)

F 0.17 (0.24) | 0.20 (0.33) | 0.20 (0.33)

H 050 (0.25) | 0.43 (0.24) | 0.43 (0.24)

I 0.40 (0.35) | 0.37 (0.27) | 0.37 (0.27)

J 0.48 (0.49) | 0.28 (0.26) | 0.28 (0.26)

K 0.20 (0.27) | 0.19 (0.16) | 0.19 (0.16)

L 0.20 (0.23) | 0.21 (0.14) | 0.21 (0.14)

M 0.16 (0.22) | 0.09 (0.11) | 0.09 (0.11)

N 0.05 (0.14) | 0.01 (0.03) | 0.01 (0.03)

0 0.03 (0.07) | 0.01 (0.03) | 0.01 (0.03)

P 0.01 (0.04) | 0.00 (0.02) | 0.00 (0.02)

Table A.1: Error rate per column for image set 1. The highest and lowest scoring
columns are marked in bold. For all types of error column A (names) scores the
worst, while column P containing data for orphanage scores the best.
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Mean CER | Mean WER | Mean FER
Column . . .
(variance) | (variance) (variance
Marginalia 0.09 (0.10) 0.07 (0.07) 0.07 (0.07)
Numero De Orden | 0.03 (0.09) 0.04 (0.11) 0.04 (0.11)
A 0.51 (0.09) | 0.97 (0.05) | 0.97 (0.05)
B 0.30 (0.25) | 0.49 (0.35) | 0.49 (0.35)
C 0.28 (0.23) | 0.48 (0.28) | 0.48 (0.28)
D 0.48 (0.45) | 0.45(0.32) | 0.45 (0.32)
E 0.25 (0.28) | 0.34 (0.40) | 0.34 (0.40)
F 0.35 (0.39) 0.34 (0.37) 0.34 (0.37)
H 0.61 (0.16) | 053 (0.21) | 0.53 (0.21)
T 0.53 (0.34) | 0.54(0.23) | 0.54 (0.23)
J 059 (0.55) | 0.32 (0.24) | 0.32 (0.24)
K 0.39 (0.31) | 0.27 (0.21) | 0.27 (0.21)
L 0.32 (0.21) | 0.22(0.13) | 0.22 (0.13)
M 0.15 (0.14) | 0.08 (0.06) | 0.08 (0.06)
N 0.09 (0.13) | 0.04 (0.05) | 0.04 (0.05)
o) 0.04 (0.11) | 0.01 (0.03) | 0.01 (0.03)
P 0.02 (0.05) | 0.01 (0.03) | 0.01 (0.03)

Table A.2: Error rate per column for image set 2. The highest and lowest scoring
columns are marked in bold. Column A (names) and H (occupations) score the
worst, while columns O and P containing data for invalidism an orphanage score
the best.
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Mean CER | Mean WER | Mean FER
Column . . .

(variance) | (variance) (variance

Marginalia 0.23 (0.95) 0.03 (0.08) 0.03 (0.08)
Ntumero De Orden | 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00)
A 0.25 (0.12) | 0.72 (0.20) | 0.72 (0.20)

B 0.00 (0.01) | 0.00 (0.02) | 0.00 (0.02)

C 0.04 (0.04) | 0.09 (0.09) | 0.09 (0.09)

D 0.03 (0.07) | 0.04 (0.12) | 0.04 (0.12)

E 0.02 (0.06) | 0.03 (0.08) | 0.03 (0.08)

F 0.03 (0.07) | 0.02 (0.08) | 0.02 (0.08)

H 0.10 (0.07) | 0.13 (0.12) | 0.13 (0.12)

I 0.03 (0.05) | 0.05 (0.10) | 0.05 (0.10)

J 0.02 (0.04) | 0.01 (0.03) | 0.01 (0.03)

K 0.02 (0.04) 0.02 (0.04) 0.02 (0.04)

L 0.04 (0.06) | 0.04 (0.07) | 0.04 (0.07)

M 0.03 (0.07) | 0.02 (0.04) | 0.02 (0.04)

N 0.00 (0.00) | 0.00 (0.00) | 0.00 (0.00)

0 0.02 (0.05) | 0.01 (0.03) | 0.01 (0.03)

P 0.00 (0.02) | 0.00 (0.01) | 0.00 (0.01)

Table A.3: Error rate per column for image set 3. The row numbers and column N
(disabilities) give a perfect score of 0, whereas column A (names) gives the highest

error.
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* 1,Ribal,Manuel,V,7,* "Pigua’ si,7 %7 7 * * * * * * *
* 2. Ribal,Otto,V,4,7 * si,4,7,7 % * * % * * *

* 3, Ribal,Ynacio,V,3,% 7 7 * * 5 ok o 5 ok
*747Riba17R’Oque7V7O7*7”7”7*7*7*7*7*7*7*7*7*7*7*

* 5, Martin,Elisa,M,2,” * no,2,”,7 * * * * * * *

* 6,Martin,Forasio,M,5,*,” no,5,” 7 * * * * * * *

* 7.Granc,Inocencio,V,30,s1,”,”,s1,30,”,”,7 % si,* * * *
P-18,8,Forasio,Luis,M,38,” * n0,38,”,”,” * no,* * * * *
* 9,Masolo, Ynacia,M,34,si,”,7,7,34,7,7 7 * gi * * * * *

* 10,Forasio,Benito,V,13,s1,”,”,*,13,7,7,,* si,* * * * *
* 11,Forasio,Pedro,M,13,si1,”,” * 13,770 K i Rk K KK

* 12,Lombia,Lu-Vera,M,8, * 7.7 n0,8,”,”,,* no, E RoRaR R
*,13,Fora810,Ana,M,7,*,”,”,no,?,”,”,’,*,no,*,*,*,*,*
* 14,Forasio,Cleto,V,2,*.” 7 no,2,”,”,’ * no,* * * * *
*15,Forasio,* M,44,s1,”,” 81,44, 7 7 * i * * * * *

X 3k sk ok ok sk ok ok sk oskok sk ko ok ok ok ok
[ R R R N R T B R I B RS R
X 3k oskok ok sk okok sk ko sk skok ok sk ok ok ok
50 9 9 ) Y ) ) ) ) )y
k ok oskokosk sk okok sk oskok sk skok ok sk ok ok ok
50 9 9 Y Y ) ) ) )y )
k sk sk ko sk sk okok sk oskok sk skok ok sk ok ok ok
[N NS R R S RS T T B RS R AN 2N 2 B A )
k sk sk ko sk sk okok sk skok sk sk ok osk sk ok ok k
S0 0 9 9 Y ) ) ) ) ) )
K sk sk ko sk sk oskok sk skok sk sk ok osk sk ok k sk

P A A A A D )

KK Kk Kk ok ok ok ok ok ok ok ok ok ok ok ok ok

P A A A R )

XK K K K Kk ok ok sk sk osk ok sk osk ok ok ok ok

P A A A A R )

X 3k ok ok ok ok ok ok sk okok sk ok ok ok ok ok ok ok
[N NS R R RS RS T T A R N AN 2N 2 B A )
X 3k ok ok ok sk ok ok sk kok ok ok ok ok ok ok ok ok
[ AT R R S R 2 A AN 2R 2 A R R S B
X 3k sk ok ok sk ok ok sk oskok sk sk ok ok sk ok ok ok
[N R RS R S RS R AN 2N A R B S B

KOk Kk ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok

P A A A R )

KK K K Kk ok ok ok sk ok sk ok ok ok ok ok ok ok

P A A A R )

X ok ok ok ockok ok ko ok sk ok ok sk ok ok ok ok ok
2 T R R TS BNC S TS B NS T B RS B B R

X 3k ok ok ok 3k ok ok sk kok sk ok ok ok ok ok ok ok
[N AT RS R S A 2 A AN 2R 2 A R R S B

% % %k %k %k ok ok ok k ok ok ok ok %k k ok ok ok ok
DD R B B S B A A A R A R A A A A
% % % % %k k ok ok ok k k %k % % k k ok ok k
2 2 Y Y Y Y Y Y Y Y ) Y ) Y Y Y )
% % % % %k k ok ok ok ok ok k % % k ok ok ok ok
YA R R A A A D D A A A A A B )
% % %k % %k k ok ok ok ok ok ok % % k ok ok ok ok
YD R R D A A S R D I A R A A A A )
* % % % ok
D A B B

Figure A.3: Transcription of page S3HT-62RW-4KF seen in Figure 5.4 above.
Asterisks (*) indicate that the model believes that a field is empty, and the ” symbol
means that the field in the row above is repeated. After the 15 rows have been
transcribed, the model continues to output 19.5 more empty rows, resulting in very
high error rates (CER: 0.9357, WER: 1.5512, FER: 1.5). If the excess rows are
removed however, the error rate is lowered to CER: 0.4384, WER: 0.4007, FER: 0.4.
Still not good, but more representative of the actual transcription.
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* 1,Asebal,Manuel,V,5,* Argentina,Cordoba,* No,Si,* * * * * * * *
* 2, Asebal, Arturo, V4 % 7 7 K o ok K Rk R R Bk Cx
*,B,Asebal,lgnacio,v,3,*,”,”,*,*,*,*,*,*,*,*,*,*,*

* 4, Asebal, Romeo,V,0,%, 7,7 H % s o ok kR R Bk

* 5, Martines,Felisa,M,7,*,”.” * no,Si * * * * * * * *

* 6,Martines,Rosario,M,5,* 7 7 * * gj * * Kk & % *

* 7, Torres,Reginaldo,V,20,S,”,” Comerciante,Si,* * * * * * * * *

P 18,8, Dominguez,Eliceo,V,38,C,”,” , Jornalero,No,si * * * * * * * *
*,9,Maldonado,Catalina,M,34,C,”,”,Costurera,Si,*,*,S,16,*,*,*,*,*
*10,Dominguez,José,V 15,577 # Sj H H ok ok ok ok ok ok ok

* 11,Dominguez,Rosa,M,12, * n * No 3 * *,*,*,*,* kK

* 12,Dominguez,Reyes,M,8, * n * ,No,*, E I K R R R K

* KA N KRk A KK
7137D0m1ngueZ7Juan7V777 ? 0 7NO’ P S A A A A

* - - k7 ok sk ok ok % K kK k ok k
7147D0m1ngueZ7AleJO 7V727 A A A A A A A A

* 15, Pereira,Bernancia,M,44,S,”,” Sirvienta,Si,* * * * * * * * *

Figure A.4: GT transcription of page SSHT-62RW-4KF

* 1,Salcedo,Mariano,V,49,C, Argentino,Cérdoba,Estanciero,no,si,* * * * * * * *

* 2 Munoz,Petrona,M,33,C,”,”,Costurera,si,*,5,12,* * * * * *

* 3,Salcedo,Angel,V,8,*,7,” * no, ¥k * *,* * *,*

* 4. Salcedo,John, V.1, * n * * K *,* *,*,* kK

* 5,Salcedo, Dlamantlno V 4 * T e e R R R R K

P 1 -,6,Roales,Ramon,V 44, C " 7 Estanciero,no, * % % ¥ * * * ok

* 7 .Romero, Yabade,M,40,C,”,” Costurera no,* 4, 15 x * * * * *

* 8, Roales,Lauviam,V,12, * n * si *,*,*,*,*,*,*,*,*

* 9 Roales,Jesus,V, 10, * n * ,no *, R R R R K

*,10,Lozalo,Vlctor,V,8,*,”,”,*,no,*,*,*,*,*,*,*,*,*

* 11,Romero,Letisama,M,10,*,7,7 * no * * * * * * % * %
*12,Lozampa,Yosi,V,42,C,”)” Jornalero no,* kK kK

* 13,Rolando,Ramon,M 45, C 7.7 Servidora,no, ¥ 1,12 * * * * * *

* 14,Lozampa, Yosi, V.8, * n * si, * *,*,*,*,*,*,*,*

*,15,Rodrlguez,Marlan,V,E)Q,*,”,”,*,no,*,*,*,*,*,*,*,*,*

’
>l<>l<

Figure A.5: Transcription of page S3HT-62RW-ZND seen in Figure 5.5 above.
CER: 0.1884, WER: 0.1633, FER: 0.1633.
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P1-,1,Toledo,Braulio,V,49,C,Argentina,Cordoba,Estanciero,no,* si,* *  * * * *

*,2,Busto,Petrona,M,33,C,”,”,Costurera,81,*,*,8,13,*,*,*,*,*

* 3, Toledo,Angel,V,8,%,7.7 * no,* ¥ * * * * * *

* 4, Toledo,Jesus, M 4, 7,7 % o & ok ok ok ok ok %

* 5, Toledo,Fransisca, V1% 7,7 * ok ok o % ok s o ok

P1-,6,Torres,Ramon,V,46,C,”,” Estanc1ero ITORANS Moo R
,7,R0mer0,Ubaldas,M,40,C,”,”,Costurera,no,*,*,4,15,*,*,*,*,*

* 8, Torres,Lauriano,V,12,%,7 7 * gi gi * * * % o o &

* 9, Torres,Jesus, V, 10, * nr * ,NO *,*,*,*,*,*,*,*7*

*,10,Torres,FehZ,V,8,*,”,”,*,no,* K K K K KKK

* 11, Torres,Petrona,M,10,*,”,” * no,*,*,’k,"‘,"‘,*,*,"‘,’I<

P1-,12,Campero,Jose,V,42 C 7.7 Jornalero,no,* no,* % * * ok k *

*13,Palacios,Ramon,M,45,C,”,” * si * * 1,12,* * * *,*

* 14,Campero,Jose,V,8, * n * no, * * *,*,*,*,* - x

* 15, Rodriguez,Martin V 19 * n * no,* ¥ Kk *,*,* *

Figure A.6: GT transcription of page SSHT-62RW-ZND
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P 1 -,1,Rodrigues,Florencia,M,40,V * Cordoba,* ,No,* si * * * * * * *
* 2 Rosario,Juana, M, 12,51, % * * * gj * * o * * o ok ok

* 3, Torres,Pereira,M,30,51,*,* Lubango,*,si,* si, : J Enfermo,* * * *
* 4, Aguilares,Angelas,V,25,Si,* Patricio, . No .o, * K *,*,*,*,*

* 5, Torres,Juana,M,30,5i,*,* Cintiasico, . ,No,* no,* * R K K

P 1 -,6,Aguiar,Juana,V,24,Si,* Estancia, : ,No,* * *,*,*,*,*,*,*

* 7, Aguiar,Cecilio, V ,40,Si, . JEstancia,* No,* *,*,*,*,*,*,*,*

* 8,Aguiar,Lazaria,V,10,M, . ,Estancia, . [N ¥ K K K ok kK
* 9, Torres,Hebert,V,2,M,* Domestico,* No,* *,*,*,*,*,*,*,*
* 10,Ramirez,Rosaria,V,10,M,* * * * No,No * * * * * * * *
*,11,Torres,Dommgo,V,ﬁO,Sl, ,Estan(:1ero,*,81 . Sl,7,*,N0,*,*,*,*
* 12, Pisot,Jesus,V,58,51,* * * * No,* si,4,20,* * Sordo, *,* *

* 13, Torres,Casitas,V,12,si,* * * * No,* no,* * * * * * *

,14,Torres,Jossem1na,V,15,81,*,*,*,*,No,si,n0,*,*,*,*,*,*,*
*715’T0rreS7D0mlng07v7137* 7*7*7*7*7N0’n07*’*7*7*7*7*7*7*
KOk kK ok ok ok ok ok ok ok k sk ok kK K K ok

MDA A A A D D A A A

KOk Kk ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok

P A A S A N A

KK K K kK Sk ok ok ok sk sk sk ok ok ok ok sk ok ok

PAER A A A A A A A A A A A A A A N A

Xk ok ok ok 3k ok ok sk okok sk ok ok ok ok ok ok ok ok
[N R R R S RS T T B RS T RS RS B S B R
X 3k ok ok ok sk ok ok sk okok sk ko ok ok ok ok ok ok
[ R R R A A 2 A 2N I R R R NN RS R
Xk ko k ok sk ok ok sk kok sk sk ok ok sk ok ok ok ok
[N R R R AT RS TS A 2N 2 R R R N B R

KOk K K ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok

P A A N A

KK K K K ok ok ok sk ok sk osk sk ok ok ok sk sk ok ok

PR A A A A A A A A A A A N A

X ok ok ok ok ko ok sk ok ok sk ok ok osk ok ok ok ok k%
2 T R R TS B S TS B B T B RS B B NS B

K 3k ok ok ok sk ok ok sk ok ok sk ok ok ok ok ok ok ok ok
[N R R R A A 2 N A 2N I R R R N RS I

% % %k %k %k sk sk ok ok k ok ok ok %k %k k ok ok ok ok
P R B A A A I A A R R A A A A
% % % % %k k ok ok ok k ok k % % % k k ok ok k
(AR AR RS B A A D D
% % % %k %k k ok ok ok ok ok k %k % %k k k ok ok k
P R B I S A A S A A A A A D )
% % %k %k %k k ok ok ok ok ok ok k % %k k k ok ok ok
P I I B A A S D A A I A A )
% % %k %k ok ok ok ok ok ok Kk % %k

D R B A A A A A A A

Figure A.7: Transcription of page S3HT-62RW-CIL seen in Figure 5.6. CER:
0.4130, WER: 0.3833, FER: 0.4467.
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P 1 -,1,Medina,Rosario,M,40,V,Argentina,Cérdoba,Costurera,No,* si,1,16,* * * * *

* 2, Ramirez,Secondina,M,17,S,”,7," gi,% * * * % & * % %
P 1 -,3,Torres,Jose Maria,V,60,V,”,” Labrador si,*,si,* * Sordo,* * * *
*,4,Agu1rres,Narc1so,V,28,V,”,”,Estan(:lero,no, ,No, g * * * K x
*,5,Aguirres,Paloma,M,30,S,”,”,Costurera,no,*,*,*,*,*,*,*,*,*
P 1 -,6,Ramires,Genaro,V,48,C,”,” Estanciero,no,* si,* * * * * * *
* 7, Torres,Candida,M,44,C,”,” Costurera,no,* * * 12 Sorda,* * * *
* 8,Aguilera,Gregorio,V,12, * 7.7 Domestica,no,no,* * kK *,*,* *
* 9 Torres,José, V,3,% 77 *7* *7*’*’*,*,*,*’*7*
* 10Ram1resJuanV1O* 77K no,no ¥ K R R R R R K
P 1 -,11,Torres,Rémulo,V, 60 C,”,” Labrador,si,*,si,*,* Sordo,* * * *

*,12,Busto,Mar1a,M,58,C,”,”,*, ,*,*,7,33,*,* i

9 b b
* 13, Torres,Matias,V,12,S,”,” " no,* * * * * * * * *
* 14, Torres,Gosimino,V,15,S,7,”." no,No,* ¥ * * * * % %
* 15, Torres,Romula,M,13, * "7 ¥ no,No ¥ ¥ FFFFFF

Figure A.8: GT transcription of page SSHT-62RW-C9L above

* 1,Rubio,Benita,M,40,S,Argentina,Cordoba,Sirvienta, ™ * * * * * * % * %
* 2, Casilla,Guerna,M,30,V, 7,7 * * * * 3 30 * * * * *

* 3,Jabalga,Guasand,V,36,C,”,” * no™* * * # & & K Kk

* 4,Gomes,Mercedes,M,26,C,”,” * s, % *,*,*,*,*,*,*,*

* 5,Martinez,Juba,V,30,S,”,” Ser1ente ¥ K KRR R R K K

* 6,Gonzalez,Pablogo,V,14, S EPRRON®S MoRONOR R R OROR

* 7,Salgado,Angel , M, 11,*,”.” *,81,*,*,*,*,*,*,*,*,*

* 8 Martinez,Elvina,M 8 * 7K ] KKK KK K K K K
Pl—,9,Paz,Gomes,V,28,C,”,”,V,*,81,51,*,*,*,*,*,*,*

*10,Gonzalez, Mangarina,M,41,C,”,7 * * * * 1 3 * * * % *

* 11, Paz, Juba,V,2,% 7 7 % K % % % k * % % % *
*12,Alejan,Mandiolar,M,50,V,”,” * si * * 5 13 % * * * *
Pl—,13,Ramirez,Estafanja,M,36,V,”,”,Sirvienta,si,*,si,12,18,*,sordo,*,*,*
* 14,Ramirez,Canditria,M,18,S,”,” * si S RaRoROR R R R
P1-,15,Ramirez,Colitza,V,17,S,”,” * ,s1,* * * *,*,*,*,*

Figure A.9: Transcription of page S3HT-62RW-48P seen in Figure 5.7.

0.1997, WER: 0.1700, FER: 0.1700.

CER:
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* 1,Brito,Benita,M,40,S, Argentina,Cérdoba,Sirvienta,*,* * * * Ciega,* * * *
* 2. Cerello,Juana, M, 70,V 7,7 * * * * 7 90 * * * * *
P1-,3,Zabala,Genaro,V,36,C,”,” Comerciante,Si,* Si,* * * * * * *

* 4, Torres,Mercedes,M,26,C,”, 7 * Si % * * * & % * % %

* 5, Martines,Julio,V,20,S,”,7 * Si, % * * * * * * o *

* 6,Morales,Roberto,V,16,S,”,7 % Si,* * * * & * * * *
*7,Salgado,Isabel M, 11,%,7,7 * * Sj * o ok o o s %

* 8,Martines,Solera, M 8 % 7 7 * * Sj * # 3 & 3 ok =

P1-,9,Paez, Tomas,V,28,C,”,” E,Si,* si * * * * * * *

*10,Gonzalez, Margarita,M,21,C,” 7 * Si * * 1,3 * * * * *

* 11, Pacz,Julio, V,2 ¥ 7 7 % % % K % k % % * % *

* 12, Mojano,Restituta,M,50,V,”,” * Si * * 5,15 * * * * *
P1-,13,Ramires,Celesfosa de ,M,36,V,”,”,Costurera,Si,* si,12,18,* Bocio,* * *
* 14,Ramires,Candelaria,M,18,S,”,7 * Si * i * * * * * * *
,15,Ramires,Prelitero,V,17,S,”,”,* Si * gi * * * * * * *

Figure A.10: GT transcription of page S3HT-62RW-48P above

,1,Alta nda,V,10,, Argentino,Cordoba,Domestica,no,, ,, .,
P1-,2,0jedo Martina,V,50,C,”,” Labrador,no,no., .,
,3,Gonsoso calita,M,44,C,”,” Labandera,no,,,5 7, .,
,4,0jedo Josefa,M 4,77 ... .

,5,Esandandes Cibariano,V,22,S,”,” Estanciero,no,no,,,,,
P1-,6,Arasta Maruja,M,44,V,”,” Tejedora,no,si,1 8, ,si,
,7,Glez Juana,M,4,,”,” Ylandera,no,no, 11,,,si,

,8, Arasta Aradecera,M,45,V,”,” no,no,Sorda,,,
,9,Arasta Marina,M,40,V,”.” no,no,,,,,

P1-,10,Arasta Peralta,M,80,S,”,” Estanciera,si,,si,, ,,,
P1-,11,Torres Adenor,V,54,C,”,” no.,,7 30,,,,
,12,Malina acdana,M,52,C,”,” Estanciera,si,, ,, , ,
,13,Torres Abatito,V,20,S,”,” Labrador,no,no,, .,
P1-,14,Torres Moris,V,30,C,”,” Labandera,si,,,2 4,,,
,15,Molina Josengas,M,27,C,”.”, .. ..,

Figure A.11: Transcription of page S3HT-62RW-Z4V seen in Figure 5.8. CER:
0.2971, WER: 0.2400, FER: 0.2100.
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,1,Altamiranda,Pedro,V,10,,Argentino,Cérdoba,Domestico,no,, ,, ,, ,, ,
P1-,2,0biedo,Bautista,V,50,C,”,” Labrador,no,no., ,, .,
,3,Romero,Calista,M,44,C,”,” Labandera,no,,,5,7,, ,,,
,4,0Obiedo,Josefa,M,4,”.” . . .

,5,Fernandez, Tribunio,V,22,S,”,” no,no., ., .,

P1-,6,Acosta,Rosana,M,44,V,”,” Estanciero,no,,si,4,10., ,si,
7N :

,7,Salas,Juana,M,4,,”.” no,no,,,, ,.si,

,8,Acosta,Indolencia,M,45,V,”.” Tejedora,no,,no,1,8,, ,si,
,9,Acosta,Martina,M,40,V,”,” Ylandera,no,no,11,,,,,
,10,Acosta,Carlota,M,80,S,”,”,,no,,no., ,Sorda,, ,,
P1-,11,Torres,Olegario,V,54,C,”,” Estanciero,si,si,, ,, .,
,12,Molina,Teodora,M,52,C,”,” .no.,,7,30., .,

,13, Torres,Agapito,V,20,S,”,” Estanciera,si,, ,, , ,,
P1-,14,Torres,Jose,V,30,C,”,” Labrador,no,no,, ,, ,,
,15,Molina,Lorenza,M,27,C,”,” Labandera,si,,,2,4,, ,,,

Figure A.12: GT transcription of page S3HT-62RW-Z4V above

P1-,1,Ramos,Pedro,V,32,C,Argentina,Cordoba,Estanciero,no,si,, ., ,
,2,Gonzalez,Gregoria,M,39,C,”,” Casadera,si,, ,8,5,, ,,
P1-,3,Domingues,Francisca,V,31,C,”,” Estanciero,si,,si,, ,, ,
,4,Lopez,Nieves,M,25,C.,”,” si,,,3.,8,, .,
,5,Domingues,Benita,M,7..,”.” no,no,,,,,,
,6,Domingues,Dominga,M,4,”.”

,7,Domingues, Francisco,V,2,”.7. . ...,
,8,Lopez,Raimundo,V,22,S,”.” Criador,si,,si,, ,, ,
P1-,9,Acosta,Feliciano,V,40,C,”,”  Transador,no., ,, .,
,10,Riverola,Edealmina,M,29,C,”,” Labrador,si,,,5,11,, ,,
,11,Acosta,Mercedes,M,10.,”,”, no,no,, ,, ,,

,12,Acosta, BENIFASIS,V,8.”.” nono,,,,,,
,13,Acosta,Alejo,V,6,,”,”,,no,no,, ,, ,,
,14,Acosta,Francisco,V,2,,”,7.. .. .. ..,
,15,Acosta,Maria,M ,4,”.”.. .. ..., ,

Figure A.13: Transcription of page SSHT-62RW-WVN seen in Figure 5.9. CER:
0.0265, WER: 0.0233, FER: 0.0233
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P 1 -,1,Ramos,Pedro,V,32,C,Argentina,Cérdoba,Jornalero,no,si,, ,, ,,,
,2,Gonzalez,Gregoria,M,39,C,”,” Cosinera,si,, ,0,5,, ,,

P 1 -,3,Domingues,Francisca,V,31,C,”,” Estanciero,si,si,, ,, ,,
,4,Lopez,Nieves,M,25,C,”.” si,,,3.8,,,,,
,5,Domingues,Benita,M,7,,”.” no,no.,,,,,,,

7

,6,Domingues,Dominga,M.,4,”.7
,7,Domingues,Francisco,V,2,,”.7.. .5 1,
,8,Lopez,Raimundo,V,22,S,”.” Criador,si,,si,, ,, ,, ,

P 1 -,9,Acosta,Feliciano,V,40,C,”,” Trensador,no,, ,, ,, ,, ,
,10,Riverola,Edelmira,M,29,C,”,” Labandera,si,,,5,11,, .,
,11,Acosta,Mercedes,M,10,,”,” .no,no,,,, ,, ,,
,12,Acosta,Bonifacio,V,8.,”,” .no,no,,,, ., .,
,13,Acosta,Alejo,V,6,,”,”, ,no,no,, ,, . ,,
,14,Acosta,Francisco,V,2,,”.” ., . . s s
,15,Acosta,Maria,M.,4,,”.” . ....., .,

Figure A.14: GT transcription of page S3HT-62RW-WVN above
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Figure A.15: Page from the image transform training set using no transformation
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Figure A.16: Page from the image transform training set using blur transformation
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Figure A.17: Example image from the image transform training set using blur +
thresholding transformation
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Figure A.18: Page from the image transform training set using denoise transfor-
mation
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Figure A.19: Page from the image transform training set using denoise + threshold
transformation

XIV



A. Appendix 1

WER per column for the three transformations
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Figure A.20:

E Blur
= Denoise + threshold
[ No transformation

Column wise WER from the transformation comparisons.

FER per column for the three transformations
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Figure A.21:

[ Blur

@@ Denoise + threshold

= No transformation

Column wise FER from the transformation comparisons.
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,1,Acosta,Mercedes,M,1,,Argentina,Cordoba.,,,, ,, ,, ,,
P1-,2,Gonzalez,Ramon,V,35,C,”.” Criador,si,si,, ,,
,3,Gonzalez,Isabel, M,32,C,”.”.. .. 4.8, ,

,4,Gonzalez, Feliciano,V,6.,,”,” no,no,,,, ,, ,
,5,GODZ&16Z,GI‘€gOI’,V,2,,”,”,, 9799999
,6,Gonzalez,Maria,M,0,,”.,”
,7,Benites,Juana,M,15,,”.” Costurera,no., ., ,,
,8,Benites,Dionisio,V,40,C,”,” Jornalero,si,si,, ,, ,,
,9,Romero,Maria,M,23,C,”,” Labandera,no.,,1,6,,,,
,10,Benites,Lucia,M,1,”,7 ...,
P1-,11,0viedo,Virilo,V,68,C,”,” Criador,si,,si,, ,, ,,
,12,Becerra,Margarita,M,51,C,”.” Ollera,si,,, 10,33, ,
,13,0viedo,Carmen,M,20,S,”,” Costurera,si,, ,, , ,,
,14,0viedo,Juan,V,15,S,”.” sisi,,,, ,,,
,15,0viedo,Margarita,M,11,,”,” si,si,, ,,,,,

Figure A.22: Transcription of page SSHT-62RW-C33 seen in Figure 5.11.

0.0187, WER: 0.0196, FER: 0.0167

CER:

,1,Acosta,Mercedes,M, 1, Argentina,Cordoba.,, ,, ,, ,,,
P1-,2,Gonzalez,Ramon,V ,35,C,”,” Criador,si,,si,, ,, ,,
,3,Gonzalez,Isabel, M,32,C,”,”.. . 4.8, .,

,4,Gonzalez, Feliciano,V,6,,”.” .nono., .,
,5,Gonzalez,Cruz,V,2,.”.”. . . .. ..,
,6,Gonzalez,Maria,M,0.,,”,” ., ..., ., .,
,7,Benites,Juana,M,15,,”.” Costurera,no,, ,, ,, ,,
,8,Benites,Dionisio,V,40,C,”,” Jornalero,si,si,, ,, ,,,
,9,Romero,Maria,M,23,C,”,” Labandera,no.,,1,6,, ,,,
,10,Benites,Luisa,M,1,,”,”.. .. ..., .,
P1-,11,0viedo,Sirilo,V,62,C,”,” Criador,si,si,, ,, ,,
,12,Becerra,Margarita,M,51,C,”,” Ollera,si,,,10,33,, ,,,
,13,0viedo,Camila,M,20,S,”,”, Costurera,si,, ,, ,, ,,
,14,0viedo,Juan,V,15,S,”.” sisi,, ., ., ,,
,15,0viedo,Margarita,M,11,,”,” si,si,, ,,, ,

Figure A.23: GT transcription of page S3HT-62RW-C33 above
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P1,1,Ruano,Eduardo,V,60,V,Argentino,Cordoba,Placero,No,si,, ,, .,
,2,Ruano,Victor,V,25.,S,”,” Estanciero,No,,,, ,, .,
,3,Ruano,Ceballos,V,28,S,”.” . No.,,, ., .,
,4,Ruano,Maria,M,26,S,”,” . No., .., ,,,
,5,Ruano,Eduardo,M,22,5,”.”, No,,., . .,
,6,Ruano,Federico,M,12,,”.” Si,. ...,

,7,Ruano,Jose,M,10.,”,”.. ..., ..,

,8 Ruano,Antonio,V,22,S,”,” No,, ...,
,9,Ruano,Geronimo,V,20,S,”,”, . No., .., .,
,10,Ruano,Jose,V,13,5,”.”, No,, ., .,
P1,11,Zeballos,Placido,V,25,C,si,”,Corredordetabernas,No,,si,, ,, ., ,
,12,.Galarago,Mercedes,M,25,C,”,” Si...3,6,, ,,,
,13,Zeballos,Stanis,M,4,.,”,” .. .. ...,
,14,Zeballos,JoseFrancisco,V,2,,”.” ... .. ., ..,
,15,Zeballos,Amparo,V,1,,”,”

TN NN NN

Figure A.24: Transcription of page S3HT-62RW-ZLL seen in Figure 5.12. CER:
0.2535, WER: 0.1137, FER: 0.0967

P1-,1,Suarez,Braulio,V,60,V,Argentina,Cordoba,Labrador,no,si,, ,, ,, ,
,2,Suarez,Urbana,M,33,S,”,”,Costurera,no,, ,, ,, ,, ,
,3,Suarez,Eulogia,M,28.S,”.” no.,,,, ..,
,4,Suarez,Maria,M,26,S,”,”, no,, ., .,
,5,Suarez,Rosaria,M,22,S,”.” . no,, ...,
,6,Suarez,Fidela,M,12,,”,” .no.,, ,, ...,
,7,Suarez,Sofia,M,10,,”.”., ..., ...,
,8,Suarez,Ramon,V,29,S,”.” no,, ., ,, ,,,
,9,Suarez,Juan,V,24,S,”.” no,, ., ., ,,,
,10,Suarez,Jose,V,13,S,”.” .no,, ...,
P1-,11,Seballos,Miguel,V,25,C,”.” Carpintero,no,si,, ,, .,
,12,Hidalgo,Regina,M,25,C,”,” si, ,3.,6,, .,
,13,Seballos,Maria,M.,4,,”.”, . .....,,
,14,Seballos,JoseZomay,V,3,,”,7 .. ., 45
,15,Seballos,Miguel,V,1,,”.”

2790 999 )

Figure A.25: GT transcription of page S3HT-62RW-ZLL above
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WER per column for the three transformationrs
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Figure A.26: Column wise WER from correction testing.
FER per column for the three transformationrs
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Figure A.27:

XVIII

Column wise FER from correction testing.




A. Appendix 1

WER per column for the final test dataset
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Figure A.28: Column wise WER of final test dataset.

FER per column for the final test dataset

o o =
o [o o

Error rate

©
~

o o

o N
o o

—

o
o o

| o
-

-

-

|o

-

|

|

|

| o

t
|
|

Marginalia 1
Namero De Orden |

Figure A.29: Column wise FER of final test dataset.
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A. Appendix 1

,1,Cebas,Bernabeta,M,11,,Argentina,Cordoba,,sino,, .,
,2,Colombo,Angel,V,28,C Italia,” Minero,si,, ,, , ,,
,3,Barbaga,Catalina,M,28,C Francia,” si,,,3,6,, .,
,4,Umberto,Colombo,V 4, Argentina,Cordoba,, ,, ,, ,, ., ,
,5,Colombo,Angelina,M,3.,”.”.... .. »,
,6,Colombo,Concepcion,V,0,,”.”.. ., ...,
P1-,7,Cabral,Miguel,V,57,C,Argentina,” Estanciero,si,si,, ,, .,
,8,Cabral,Miguel,V,24,S,”.” Estanciero,si,, ,, ,, ,,
,9,Cabral,Octaviano,V,22,S,”,” Telegrafista,si,, ,, ,,,,,
,10,Cabral,Balbalicio,V,18,S,”,” Estanciero,si,, ,, ,, ,, ,
,11,Quintero,Ginestra,V,16.,”,” Jornalero,no,,,, ,, ., ,
,12,Quintero,Benita,M,42,S,” SanLuis,Cocinera,no., ,, ,, .,
P1-,13,Rivarola,Pedro,V,52,S,” Cordoba,Criador,no,si,, ,, ,, ,
,14,Reina,Elsira,M,30,C,” SanLuis,,si,, ,4,6., ,,,
,15,Rivarola,Maria,V,5,”,Cordoba,no,no,, ,, .,

Figure A.30: Transcription of page S3BHT-62RW-C1Y seen in Figure 5.16.

0.0444, WER: 0.0510, FER: 0.0433

CER:

,1,Celis,Bernardeta,M, 11, Argentina,Cordoba,,si,no,, ,, ,, ,,
,2,Colombo,Angel,V,28,C,Italia, Minero,si,, ,, , ,,
,3,Barbegui,Catalina,M,28,C,Francia,, ,si,,,3,6,, ,,,

4, Umberto,Colombo,V 4, Argentina,Cordoba,, ,, ,, . .,
,5,Colombo,Angelina, M ,3..”.”, . . . .,
,6,Colombo,Constantino,V,0,,”.”.,, ... ...,
P1-,7,Cabral,Miguel,V,57,C,Argentina,”, Estanciero,si,si,, ,, .,
,8,Cabral,Miguel,V,24,S,”.” Estanciero,si,, ,, ., ,,,

,9,Cabral Actaviano,V,22.S,”.” Telegrafista,si,, ,, ,,,,
,10,Cabral,Contalicio,V,18,S,”.” Estanciero,si,, ,, ,,
,11,Quintero, Timoteo,V,16,,”,” Jornalero,no,, ,, ,, .,
,12,Quintero,Benito,M,42,S,” SanLuis,Cocinero,no,, ,, ,, ., ,
P1-,13,Rivarola,Pedro,V,32,C,”,Cordoba,Criador,no,,si,, ,, ,, ,
,14,Reina,Elvira,M,30,C,” SanLuis,si,, ,4,6,, ,,,
,15,Rivarola,Maria,V.,5,,”,Cordoba,no,no., .,

Figure A.31: GT transcription of page S3HT-62RW-C1Y above
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