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Abstract

Historical document analysis plays a crucial role in understanding and preserving our past. However,
this task is often hindered by challenges such as limited annotated training data and the diverse
nature of historical handwritten documents. In this paper, we explore the potential of self-supervised
learning (SSL) in historical document analysis, with a particular focus on historical handwritten
document segmentation, to overcome the need for extensive annotated data while enhancing efficiency
and robustness. We present an overview of SSL methods suitable for historical document analysis
and discuss their potential applications and benefits. Furthermore, we present an approach for SSL
in the document domain, considering various setups, augmentations, and resolutions. We also provide
experimental results that demonstrate its feasibility and effectiveness. Our findings indicate that
most document segmentation tasks can be effectively addressed using SSL features, highlighting the
potential of SSL to advance historical document analysis and pave the way for more efficient and
robust document processing workflows.

Keywords: Historical handwritten document, self-supervised learning, document digitization, semantic
segmentation

1 Introduction

Historical documents housed in various national
archives contain a wealth of valuable data and
insights into our history, including details about
past weather conditions, disease epidemics and
many other pieces of information. Extensive
efforts have been invested in digitizing these docu-
ments to facilitate electronic access. However, the
utilization of these digitized documents remains

somewhat constrained due to limitations in search
functionalities available in the archives.

Efficient searching is possible only after pro-
cessing the documents, analyzing them and asso-
ciating them with metadata. Manual processing
is not realistic and thus machine learning has a
large potential in this field. Although a significant
progress has been made in the field of histori-
cal document analysis, leveraging deep learning
techniques to achieve impressive results, there are
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still many challenges in generalization capabili-
ties. This is attributed to the distinct and often
unique characteristics of each document set. Addi-
tionally, the scarcity of annotated training data
poses a significant obstacle, as it is both time-
consuming and costly to produce. For instance, a
model trained on one particular chronicle may not
be applicable to another one due to the differing
characteristics of them. As a result, efforts are pri-
marily focused on processing individual chronicles,
with minimal opportunity for model reuse across
different document sets.

To address the challenge of limited training
data, artificial training data is frequently gener-
ated to mimic the characteristics of the target
domain. However, this approach requires con-
siderable effort and may introduce unnecessary
complexity, essentially shifting the problem to
generating training data. Moreover, pre-training
on synthetic data may result in synthetic features
that are not optimal and may induce problems.
As an alternative, we are exploring the poten-
tial of self-supervised learning (SSL) for document
analysis, since the data without annotations are
available and cheap.

Our findings demonstrate that SSL features
are highly effective for most document segmen-
tation tasks, achieving performance comparable
to fine-tuning methods such as DiT [16]. Using
principal component analysis (PCA), we success-
fully identify major document categories without
the need for annotated data. For more complex
segmentation tasks, we apply a linear transforma-
tion approach to learn the mapping of features to
specific classes, achieving competitive results with
fully supervised methods. This underscores the
effectiveness of SSL in few-shot learning scenarios
and datasets with limited annotated data. Addi-
tionally, we show that fine-tuning self-supervised
models enhances segmentation quality, particu-
larly by mitigating challenges such as faint or
noisy text and document artifacts.

2 Related work

SSL is a machine learning approach where mod-
els generate their own training signals from the
data, eliminating the need for human-provided
labels. The model leverages inherent data struc-
tures by solving tasks designed to capture key
features. This often involves augmenting data to

form related sample pairs, where one sample acts
as input and the other as the supervisory sig-
nal. SSL is often used for model pre-training,
followed by fine-tuning on a downstream task, as
the designed task typically differs from the final
downstream task.

Pre-training techniques have become a stan-
dard in various tasks, particularly in natural
language processing (NLP). These approaches
demonstrate the significant potential of leveraging
large-scale learning to enhance model performance
on downstream applications without requiring
costly annotations. However, in document analysis
and segmentation, many pre-training approaches
rely on annotations or techniques to simulate
them, such as object detection or optical charac-
ter recognition (OCR) systems and they are thus
prone to errors of these dependencies that can be
reflected in the model.

LayoutLM [30] is a pre-trained model inspired
by BERT [7]. It combines visual and textual
modalities by employing an OCR system and an
object detector, enhancing the textual embed-
dings by adding corresponding image embeddings.
Representations are pre-trained using document
classification and masked visual-language model
(MVLM). In this process, some input tokens are
randomly masked while their corresponding 2D
position embeddings are preserved. The MVLM
then aims to predict the masked tokens based on
the given context. LayoutLM inputs are revised
in [24] to enable multi-page processing. The
pre-training tasks of document classification and
MVLM are extended by incorporating document
shuffle prediction and document topic modelling.

SelfDoc [17] also employs an object detector
and OCR, but the textual and image modalities
are firstly encoded separately before being com-
bined using a cross-modality encoder. Masking is
then applied to the individual image or textual
embeddings, with the goal of reconstructing them.

Text region-level masking strategy is presented
in [31]. The suggested approach involves the ran-
dom masking of image regions using text word
bounding box coordinates. During pre-training,
the objective is to simultaneously reconstruct both
the pixels within the masked regions of the image
and the corresponding masked tokens.

Document understanding transformer (Donut)
[14] is an end-to-end framework for visual doc-
ument understanding that uses an encoder to
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process the image and a decoder to generate tex-
tual output. It maps an input document image
into a desired structured output which can be con-
verted to formats like JSON, for example. Initially
pre-trained for OCR, it subsequently undergoes
fine-tuning for tasks such as document classi-
fication, document information extraction, and
document visual question answering.

SSL is closing in on the performance of super-
vised methods on major computer vision bench-
marks. A typical approach aims to learn rep-
resentations that stay consistent despite input
deformations. However, this can result in trivial
solutions, that current methods avoid by various
techniques such as SimCLR [4], Bootstrap Your
Own Latent (BYOL) [12], and Barlow Twins [32].

SimCLR builds on contrastive learning by
using augmentations to create positive pairs, while
negative pairs are not explicitly sampled but are
instead taken from other examples within a mini-
batch. The similarity of positive pairs is trained
to be maximized, while the similarity of negative
pairs is minimized.

BYOL relies on two neural networks that learn
from each other. Using image augmentation, the
online network is trained to predict the represen-
tations of the target network. Concurrently, the
target network is updated using a slow-moving
average of the online network’s weights. The
authors suggest that BYOL’s dynamics are anal-
ogous to those in generative adversarial networks
(GANs) [11], and they hypothesize that no single
loss function exists to simultaneously minimize the
parameters of both the online and target networks.
The slow-moving average mechanism helps avoid
undesirable equilibria and, consequently, trivial
solutions.

Barlow Twins, similarly to SimCLR, operates
with a single network that processes two aug-
mented variants of an image. Within a batch,
an objective function forces the cross-correlation
matrix of these two outputs close to the identity
matrix. Compared to BYOL, it does not require
moving average or asymmetry between network
twins. It neither requires explicit negative pairs.

General SSL methods in computer vision, like
DINOv2 [22], struggle with text-related tasks and
mainly perform document page segmentation in
the scene. Their lack of specialization for textual
documents limits their effectiveness in handling

degradation, diverse writing styles, and complex
layouts.

SSL for document image classification is pre-
sented in [6]. The self-supervised pre-training
involves predicting flips and solving jigsaw puz-
zles. The network is pre-trained to predict if the
input was flipped or the position of the jigsaw
puzzle patch. The authors state that patch-based
pre-training performs poorly on document images
because of their different structural properties.

SelfDocSeg [19] extends BYOL for self-
supervised visual pre-training by incorporating
layout masks generated through classical image
processing techniques as visual guidance. In this
extended BYOL framework, these masks act as
ground truth for the online network, which is
trained using a focal loss. Following this pre-
training phase, the encoder is fine-tuned for use as
an object detector.

Document image transformer (DiT) [16] is a
vision transformer based on BERT pre-training of
image transformers (BEiT) [3]. Just as text can be
tokenized into discrete textual tokens, an image
can be represented as a sequence of discrete tokens
produced by an image tokenizer. In this process, a
discrete variational auto-encoder acts as the tok-
enizer, predicting tokens that index an embedding
table, from which the image can be decoded back
to its original form. DiT is pre-trained on doc-
ument images in a self-supervised manner using
image patch masking. The image is first divided
into patches according to the tokenizer, then some
patches are masked, and the task is to predict
the corresponding token retrieved by the discrete
variational auto-encoder tokenizer.

Finally, the paper Learning to Read by
Spelling [13] introduces an intriguing self-
supervised OCR method. The approach breaks
OCR down into two sub-problems: segmenting
and clustering characters, and solving a 1:1 sub-
stitution cipher. A GAN model is seeded with a
text image to generate real text. However, there
are several constraints, such as hardcoded char-
acter positions, which, along with the variations
between handwritten and printed characters, pose
challenges for adapting this method to handwrit-
ten text recognition.
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3 Dataset

Currently, there are numerous datasets available
for various tasks in historical document analysis.
However, their characteristics, languages, annota-
tions, and targeted tasks often differ significantly,
making them challenging to use for large-scale
traditional supervised learning.

DIVA-HisDB [26] dataset aims at semantic
segmentation, binarization, text line segmenta-
tion, and detection. It consists of three sub-
datasets: CSG18, CSG863 and CB55 written in
Latin and Italian language. Each contains pixel-
level annotation for the main text body, com-
ments, and background. Each subset has consis-
tent characteristics. Train, validation, and test
splits contain 20, 10, and 20 samples respectively.

The primary focus of the cBAD dataset [8]
is baseline detection. It includes annotations in
PAGE format [23] for text regions, text lines, and
baselines across a variety of documents. These
documents are categorized into two subsets based
on their layout complexity: simple and complex.

ChronSeg [2] is another diverse dataset for
semantic segmentation of text and images. Its
main part is written in the Czech language and
contains double-sided pages from five chronicles
and annotations in both PAGE format and PNG
masks.

GRPOLY-DB [10] is a collection of machine-
printed and handwritten old Greek documents.
It contains PAGE annotations for text region,
text line, word, and word-level text transcription.
Therefore, it may be used for a wide range of
document analysis tasks.

Bentham [27] is an English dataset containing
scanned pages, lines, and transcriptions. PAGE
format annotations are provided. Pages were writ-
ten by the philosopher Jeremy Bentham and his
secretaries on the topic of law and moral philoso-
phy.

READ dataset [28] contains pages and anno-
tations in PAGE format. The baselines and line
bounding polygons are available with transcrip-
tion. It was written in Early Modern German from
1470 to 1805 by an unknown number of writ-
ers. An interesting feature of the dataset is the
presence of bleed-through text.

The IAM dataset [20] is a well-known dataset
for handwriting English text recognition and con-
tains 1,539 pages of scanned text by 657 authors.

It contains text annotation on page, line, and
word-level. There are several splits as described in
[21].

CVL-DataBase [15] contains XML annotations
for writer retrieval, writer identification, and word
spotting. The dataset contains one German and
six English texts and 311 writers.

The dataset for the historical writer identifi-
cation task is presented in [9]. It contains 3,600
handwritten pages from 720 different writers orig-
inating from 13th to 20th century. This dataset
has been further expanded to include up to 20,000
pages in [5].

3.1 Data preparation

For pre-training, we used all publicly available
datasets we could find. These datasets exhibit a
wide range of characteristics, including grayscale
and color pages, handwritten and printed text,
graphics, various writing styles and formats, single
and double pages, page degradation, and different
languages. Specifically, we used:

• 90 samples from the training and validation
splits of the DIVA-HisDB dataset [26].

• 10 samples from the training and validation
splits and 40 samples from the experimental
part of the ChronSeg dataset [2].

• 2035 samples from the cBAD dataset [8].
• 46 samples from the GRPOLY-DB dataset [10].
• 433 samples from the Bentham dataset [27].
• 450 samples from the READ dataset [28].
• 1539 samples from the IAM dataset [20].
• 1604 samples from the CVL-DataBase [15].
• 4782 samples from the dataset for historical
writer identification [9].

• 1200 samples from the validation split of [5].

This adds up to a total of 12,229 scanned pages,
regardless of whether they are single-sided or
double-sided. Although the distribution of data
is not ideal, it is important to note that most
datasets are highly diverse, containing several
writers and styles, or are composed of multiple
datasets or subsets.

For the pre-training phase, we did not require
annotations, simplifying the process as there was
no need to unify the classes or format, which
is often unique to each dataset (e.g., PAGE for-
mat, binary masks, bitwise encoded masks). On
the other hand, there are variations in resolution
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Table 1 Number of pages for each evaluation dataset and its corresponding splits.

cBAD DIVA-HisDB
ChronSeg

simple complex CB55 CS18 CS863

train 87 99 20 20 20 6
validation 22 25 10 10 10 4
test 107 123 20 20 20 8

and scan quality. While different scan processes
should be acceptable for robust feature extraction,
variations in resolution may pose a problem (e.g.,
different resolutions even within a single dataset
like DIVA-HisDB, where CB55 has a resolution of
4872x6496 and other subsets have a resolution of
3328x4992). This can result in significantly differ-
ent text sizes, which may be problematic for the
encoder.

To analyze this, we used two variants: the
original full resolution and a downsampled reso-
lution where the page height is limited to 1024
pixels. Although there may be some outliers, this
approach generally works well, yielding a simi-
lar text pixel size for the majority of pages. No
additional preprocessing was applied.

We aimed to select a diverse set of datasets
covering various styles and segmentation classes–
such as text regions, text lines, baselines,
images, decorations, backgrounds, and comments–
to ensure a comprehensive evaluation. For prob-
ing and evaluation, we selected the cBAD (both
simple and complex subsets), DIVA-HisDB (all
CB55, CS18, and CS863 subsets), and Chron-
Seg datasets. Specifically, we consider cBAD and
ChronSeg to be diverse, as they encompass mul-
tiple sources, while DIVA-HisDB is comparatively
less diverse, consisting of three relatively homoge-
neous subsets. This selection allows us to evaluate
our approach under different conditions. While we
believe the chosen samples are representative, we
acknowledge that, as computer scientists rather
than historians, we are not in a position to defini-
tively confirm their historical representativeness.

The details of the splits are shown in Table 1.
ChronSeg and DIVA-HisDB have a predefined
train, test, and validation split. In contrast, for
cBAD, annotations were only partially available
for the training part. Therefore, we created splits

by sequentially assigning samples to train, valida-
tion, and test splits in a 0.4, 0.1, and 0.5 ratio,
respectively.

4 Approach

In the document image domain, self-supervised
learning faces several challenges. Beyond the sub-
stantial memory requirements and high-resolution
data, it necessitates an effective model and
approach to learn meaningful features.

Additionally, these features must be inter-
pretable, which is particularly difficult without
annotated training data. However, interpretability
can be enhanced if we utilize certain hints, primar-
ily through augmentations. Therefore, it is crucial
to engineer these augmentations carefully to guide
the learning process towards the desired outcome.

The resulting features can be visualized using
principal component analysis (PCA). The linear
transformation obtained through PCA can then
be thresholded to distinguish between two main
categories. However, since there are typically more
than two categories or these categories are solely
defined by statistical significance, a separate lin-
ear transformation can be learned for individual
classes within a specific dataset. To address this,
we draw inspiration from the probing techniques
used with large language models, as demonstrated
in [29], where a probing model is trained on top of
a frozen language model for a downstream task.
Utilizing annotated data, we learn a simple linear
transformation as a probing model to map features
into corresponding classes, allowing us to evaluate
and analyze the relevance of the learned features
for various objectives.

The following sections detail our approach and
model for self-supervised pre-training, the aug-
mentation strategies employed. We also explore
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the direct application of these features using PCA
and conclude with probing to map the features.1

4.1 Self-supervised pre-training

We utilize Barlow Twins [32] for its straightfor-
ward concept. It does not require annotations and
multiple versions of the model. On the other hand,
it benefits from a large batch size and projector
size, making it memory-intensive.

Fig. 1 Barlow Twins method for SSL [32]: It passes
two augmented images through a single encoder-projector
model, generating two embeddings. Forcing empirical
cross-correlation matrix to identity causes the augmented
sample embeddings to be similar to each other and distinct
from embeddings of other samples within the same batch.

As shown in Figure 1, during SSL, the model
learns to undo the augmentations applied to the
image, or more precisely, it learns that the fea-
tures should closely align with those of the orig-
inal image. It should be evident that this is the
characteristic of robust features.

4.1.1 Feature encoder

The feature encoder (FE) is a critical component
of our approach, as it generates the essential fea-
tures. We employed a straightforward yet effective
arrangement of convolutional layers, max-pooling,
and batch normalization layers. This setup is com-
mon in computer vision (CV) and forms the core
of general fully convolutional networks (FCNs),
widely used for semantic segmentation tasks.

Similarly to the contracting path of the U-
Net [25] or dhSegment [1], the FE is composed of
multiple blocks. As illustrated in Figure 2, each

1The source code, complete results, and example models are
available at https://gitlab.kiv.zcu.cz/balounj/semsegssl

output
feature

map

batch norm Leaky ReLU3x3 conv

batch norm Leaky ReLU3x3 conv

FE block
input

feature
map

Fig. 2 Feature encoder block

block includes a 3x3 convolutional layer with-
out padding, followed by batch normalization and
a Leaky ReLU activation function, all repeated
twice

FE block

2x2 max pool

64x200x32

28x96x64

10x44x128

1x18x256

linear

1x1 conv

8x144x4
Projector

68x204x3

FE

FE block

2x2 max pool

FE block

2x2 max pool

FE block

Mapper

1x1 conv crop

upsample

1x1 conv

crop

upsample

1x1 conv

crop

upsample

1x1 conv concatenate

batch norm ReLU

linear batch norm 8192

Input image feature map HxWxC

Output mask

Barlow Twins
embedding

Fig. 3 Overall architecture with four feature encoder (FE)
blocks and an example 68x204 input image: the FE pro-
cesses the input image, producing a feature map at each FE
block. During the self-supervised pre-training phase, the
FE is trained alongside a projector, which takes the feature
map from the final FE block as input. After pre-training,
a mapper linearly maps the features of individual pixels to
class logits (four classes in this case).

We implemented two variants of the FE, fea-
turing four or five blocks, with max-pooling layers
separating the blocks and an increasing number of
filters in each subsequent block, as illustrated in
Figure 3. This design results in receptive fields of
68x68 pixels for the 4-block variant and 140x140
pixels for the 5-block variant. For instance, in the
context of downsampled data (see Section 3.1),
140 pixels roughly correspond to approximately 6
lines of text, depending on the dataset.
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4.1.2 Projector

The projector processes the FE outputs into
embeddings for the Barlow Twins SSL method. As
illustrated in Fig. 3, it comprises two linear lay-
ers followed by a batch normalization layer and a
ReLU activation function in between.

4.1.3 Augmentation

Self-supervision essentially learns to reverse the
augmentation process. Therefore, appropriate
augmentations are necessary to obtain high-
quality features. However, identifying these aug-
mentations can be challenging, often requiring
substantial effort and expertise. As highlighted
in [12], this challenge poses a major obstacle to
extending self-supervised methods to other modal-
ities.

In computer vision, self-supervision frequently
employs random crops, assuming that the object
of interest will appear in both crops. This tech-
nique helps the network to learn that different
parts of the same object, like zebra’s head and
leg, share similar features. It may also aid in
associating the zebra with its typical environment.

Fig. 4 Input images (first row) and their corresponding
augmented versions.

However, in document segmentation, it is
important to avoid associating text with images
or empty spaces, as these elements should have
distinct features. Furthermore, we may want to
ensure that different texts do not share overly
similar features. Similarly to random crops, patch-
based approaches also perform poorly due to
little context [6]. Therefore, we believe it is help-
ful to maintain the same text content in both

cropped images. As augmentation of the crop (see
Figure 4), we prefer techniques such as slight shift-
ing, binarization, perspective warp, color jitter, or
horizontal and vertical line masking, where the
lines (with a width randomly set between 8 and
12 pixels) are assigned a random color.

4.2 Visualization of pre-trained
features

Once we have multidimensional feature represen-
tation of each pixel or block of pixels (e.g. 8x8
tile), we need to utilize them effectively. If the
features are meaningful, there should ideally be
several categories of features. However, identifying
these categories is not straightforward. While clus-
tering is an option, inspired by DINOv2 [22], PCA
appears to be a more straightforward approach.

For documents, the primary categories include
text and background, and they may also include
images. These categories tend to be relatively
balanced, which can be advantageous for thresh-
olding the first principal component (PC1), likely
separating one of these primary categories.

After extracting the features, we apply PCA
to determine the linear transformation for PC1,
and then apply a default threshold of t = 0, aim-
ing to distinguish the two major categories on the
page. Following this, we select the thresholded fea-
tures and perform PCA again to obtain the first
three principal components, which are used for
visualization as RGB channels.

As illustrated in Figure 5, the primary cate-
gories are truly distinguished by PC1. The visu-
alization of the first three principal components
reveals that, depending on the setup, the features
may emphasize different aspects. Some setups may
focus more on text or images, highlighting details
such as font style, bleed-through text, or baselines.

Generally, the visualization outcome is sel-
dom related to the target task, as defined by the
dataset’s annotations, and this relationship is dif-
ficult to establish. However, this does not mean
the features are useless; it simply suggests that we
currently lack an effective method to extract the
relevant information, as illustrated in Figure 6.

4.3 Mapping of pre-trained features

For the evaluation, a linear mapping of features
can be trained using 1x1 convolutions. Because
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Fig. 5 Examples of thresholding the first principal component: The left images are from ChronSeg [2], the upper right
from the READ dataset [28], and the lower right from the ICDAR 2019 Writer Identification Competition [5]. Features are
trained with various setups on downsampled images, except for the lower left, which is trained on full resolution.
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Fig. 6 The comment class of DIVA-HisDB [26] is deter-
mined using the third principal component (PC3) to select
features, with the filter accepting values between the red
and green lines.

the feature encoder includes max-pooling layers,
the output resolution is downsampled, leading to
imprecise results due to tiling. To address this,
we employ a decoding path to map the features
into target classes of a given dataset as outlined
in Figure 3. This process includes upsampling and
center cropping to align with max-pooling and
convolutional layers of FE. The linear transfor-
mation of individual pixel features is ensured by
omitting the activation function in the mapper,
and by consistently using a 1x1 context for the
mapper.

5 Experiments

As previously mentioned, our study targets
semantic segmentation in historical handwritten
documents. We emphasize feature analysis and
probing rather than training the model for opti-
mal performance. While we also present fully
supervised fine-tuning and training from scratch

results, a direct comparison on individual datasets
is possible but less meaningful due to expected
impaired performance.

To the best of our knowledge, similar research
in this field is limited. Consequently, we compared
our apprach to the pre-trained document image
transformer2 (DiT) [16]. The full image is orig-
inally down-sampled to 224x224, resulting in an
output resolution of 14x14 tiles, with each tile
being 16x16 pixels. This resolution is too coarse
for tasks such as baseline detection. Therefore, we
also experimented with using the full resolution
and a page height limit of 1024 pixels, employ-
ing a sliding window approach to achieve higher
resolution outputs. This approach aligns with
the pre-training process, which included random
resized cropping.

The following sections cover the training
and evaluation setup, present both quantitative
and qualitative results, and include a discussion
that highlights strengths while critically assessing
weaknesses.

5.1 Pre-training setup

Unless otherwise specified, the default configura-
tion corresponds to Figure 3 and includes:

• FE consisting of 4 FE blocks and 32 convolu-
tional filters in the first layer.

• Page images downsampled to a height of 1024
pixels.

• Color crops of the image, a batch size of 512,
and the AdamW optimizer were used.

• Combined augmentation used:

– Random shifting of the crops with a hori-
zontal and vertical limit of 30 and 12 pixels,
respectively.

– Color jitter on the first crop.
– The second crop includes OTSU binarization
(probability 0.1), perspective warping (proba-
bility 0.8), horizontal line masking (probabil-
ity 0.5), and vertical line masking (probability
0.5).

We experimented with various setups for com-
parison and further analysis. In the Barlow Twins
pre-training phase (see Section 4.1), we deter-
mined the projector size of 8192 neurons and batch

2https://huggingface.co/microsoft/dit-base
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Table 2 The Jaccard index results for probing after different FE pre-training setups. Compared to the default setup:
16b768 indicates a higher batch size of 768, with 16 convolutional filters in the first layer. 5block refers to the use of 5 FE
blocks. Gray denotes the use of grayscale input. LARSscheduler specifies that the LARS optimizer with a learning rate
scheduler was used, instead of the default AdamW optimizer.

cBAD-complex DIVA-HisDB-CB55 ChronSeg

setup resolution baseline comments decorations image text

default 1024 0.28 0.74 0.15 0.47 0.80
16b768 1024 0.25 0.69 0.14 0.42 0.77
5block 1024 0.28 0.74 0.11 0.63 0.79
5blockGray 1024 0.29 0.78 0.01 0.52 0.79
5blockLARSscheduler 1024 0.23 0.63 0.04 0.41 0.78
Gray 1024 0.30 0.80 0.04 0.49 0.82
LARSscheduler 1024 0.24 0.65 0.08 0.44 0.76
default full 0.27 0.56 0.69 0.44 0.72
16b768 full 0.25 0.51 0.57 0.41 0.72
5block full 0.29 0.62 0.57 0.43 0.77
5blockGray full 0.29 0.58 0.14 0.45 0.81
Gray full 0.28 0.51 0.15 0.40 0.75
LARSscheduler full 0.22 0.50 0.68 0.43 0.62

Table 3 Mean Jaccard index results for probing and different augmentations applied to the 1024 page height limit variant.

cBAD DIVA-HisDB

augmentation complex simple CB55 CS18 CS863 ChronSeg

combined 0.54 0.58 0.65 0.65 0.62 0.73
binarization 0.51 0.52 0.57 0.54 0.51 0.62
hline masking 0.47 0.45 0.48 0.53 0.44 0.58
shift 0.46 0.43 0.68 0.61 0.55 0.62
perspective warp 0.46 0.45 0.62 0.65 0.56 0.64
vline masking 0.46 0.44 0.50 0.58 0.45 0.59
color jitter 0.50 0.48 0.52 0.55 0.47 0.59
none 0.46 0.44 0.48 0.53 0.45 0.56
FE random initialization 0.49 0.48 0.52 0.55 0.46 0.61

Table 4 Mean Jaccard index results for comparison of probing with fully supervised training.

cBAD DIVA-HisDB

training encoder resolution complex simple CB55 CS18 CS863 ChronSeg

from scratch FE 1024 0.56 0.60 0.73 0.78 0.61 0.70
from scratch FE full 0.57 0.59 0.85 0.82 0.70 0.66
fine-tune DiT 1024 0.59 0.64 0.73 0.74 0.59 0.84
fine-tune DiT full 0.58 0.64 0.69 0.75 0.60 0.81
fine-tune FE 1024 0.57 0.60 0.76 0.78 0.69 0.67
fine-tune FE full 0.58 0.59 0.84 0.81 0.70 0.64
probe DiT 1024 0.57 0.61 0.66 0.65 0.56 0.70
probe DiT full 0.56 0.55 0.55 0.63 0.53 0.64
probe FE 1024 0.54 0.58 0.65 0.65 0.62 0.73
probe FE full 0.55 0.55 0.69 0.71 0.62 0.66
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FE DiT
resolution Probe From scratch Fine-tune Fine-tune Probe

1024

full

Fig. 7 Details on baseline segmentation for cBAD-simple, including comparisons of models and resolutions used.

sizes of 512 and 768 based on the analysis in [32].
In addition to using the LARS optimizer with
a learning rate scheduler, as mentioned in the
paper, we also tested the AdamW optimizer [18]
with a learning rate of 10−4.

For the FE, we explored several variants that
processed both colored and grayscale images, uti-
lized different number of convolutional filters and
FE blocks, and applied different resolutions and
augmentations.

5.2 Evaluation setup

Several evaluation schemes and metrics are used
across different datasets. However, some metrics
are not ideal because they require post-processing,
potentially affecting feature analysis. Hence, we
focus on pixel-wise metrics like Jaccard index,
which handles class imbalances and is widely
used evaluation metric in semantic segmentation.
Additional metrics, including accuracy, F1 score,
precision, and recall, can be found in the Git
repository.

Jaccard index =
TP

TP + FP + FN
(1)

The evaluation is conducted on individual
images. Metrics are calculated for each class and
then averaged. Finally, the results are averaged
over all samples in the evaluation split.

5.3 Results and discussion

Given the number of experiments, we selected the
most important or particularly interesting results,
which are presented in Tables 2, 3, and 4.

5.3.1 Pre-training setup

According to Table 2, the pre-training setup of
FE does influence the results, but the impact is

not particularly significant. While different pre-
training configurations, such as the use of a
4-block versus a 5-block setup, show some vari-
ation in performance, these differences are not
substantial across the board. Specifically, the 5-
block configuration may offer an advantage for
handling inputs in full resolution, providing a big-
ger context. However, in general, the distinction
between the two setups is minimal, indicating that
the view context provided by feature extraction is
generally sufficient across various setups without
causing significant performance differences. Using
grayscale images is competitive overall and may be
better for text-relevant classes, but certain classes,
such as decorations in the DIVA-HisDB dataset,
appear to benefit from color. The AdamW opti-
mizer yields better results compared to the default
LARS optimizer with scheduler used in Barlow
Twins.

5.3.2 Input resolution

The input image crop size showed no significant
influence on performance. However, input image
resolution and view context do have an impact,
especially for classes with large regions (such as
text areas and images) or intricate details (like
decorations). Pages with a 1024-pixel height limit
offer more context, benefiting comments, text
regions, and images. This resolution may also help
standardize text sizes, as discussed in Section 3.1.

On the other hand, full resolution excels at
capturing fine details, making it more effective for
decorations. As shown in Figure 7, higher resolu-
tion proves advantageous for classes requiring finer
detail, such as decorations or the baseline, where
DiT struggles due to tiling effects, even at 1024
resolution. Consequently, the 224 variant of DiT
falls short of delivering satisfactory results.

DiT has greater context and shows strong
results when fine-tuned, particularly on datasets

11



Fig. 8 Results of the probing approach using different
models and varying numbers of training samples across var-
ious classes.

like ChronSeg, which contain larger text and
image areas, as highlighted in Table 4. However,
its tiling approach is less effective for capturing
finer details.

5.3.3 Augmentation

According to Table 3, combined augmentations
consistently outperform random initialization,
yielding better results across all classes. Specifi-
cally, augmentations like binarization, shift, color
jitter, and perspective warp generally provide bet-
ter outcomes compared to random initialization.

On the other hand, methods such as none,
horizontal line masking, and vertical line masking
are less effective as standalone techniques because
they do not sufficiently challenge the model; they
allow it to match pixel values directly in most
areas. Although binarization and color jitter do
not shift the pixel positions, they still involve
unpredictable changes in thresholds and colors.

Qualitatively, shift and perspective warp aug-
mentations are the most effective for distinguish-
ing text, background, or images through PC1
thresholding, highlighting their effectiveness in
this context. Therefore, augmentations that shift
pixel positions and introduce complex distor-
tions, such as perspective warp, appear to be
the most beneficial. However, combining augmen-
tations does not degrade the results, indicating
that even simpler augmentations can contribute
positively when used in conjunction with others.

5.3.4 Few shot

In the context of probing, DiT and FE are fairly
comparable, with FE showing a slight edge and
providing more details. As expected, increasing
the number of training samples improves the map-
ping of features across both models, as illustrated
in Figure 8. Notably, FE performs better with
minimal training samples, offering more useful
features even with just one sample for mapping.

5.3.5 Fully supervised comparison

A model trained from scratch in a fully super-
vised manner is generally expected to outperform
probing a pre-trained model in a self-supervised
setting. While this holds true in most cases, as
shown in Table 4, the difference is not substan-
tial, and for ChronSeg, probing performs better.
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Probe Fine-tune From scratch

Probe DiT Fine-tune DiT GT

Fig. 9 The input image is overlaid with a mask where the text region, text line, and baseline are encoded in the R, G,
and B channels, respectively. Noise in the prediction is mitigated only after fine-tuning the FE model.

Probe From scratch Fine-tune GT

Fig. 10 The input image is overlaid with mask, where text, decorations, and comments are encoded in the R, G, and B
channels, respectively. When probing, text in the upper part is being misclassified as comments.
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Fig. 11 The input image is overlaid with the FE probing
result as a mask, where text and image are encoded in the
R and G channels, respectively.

This may be due to the dataset’s limited training
samples, where a simple linear transformation of
pre-trained features proves more effective.

However, the numerical results do not fully
capture the benefits of fine-tuning a pre-trained
model, which helps address issues like noise or
faint text. This is visually demonstrated in the
Figures 7, 9, and 10.

5.3.6 Error analysis

Probing often yields impressive results, but several
challenges remain. For instance, in Figure 11, noise
at the edges is incorrectly classified as part of the
image class, and text within the image region may
not be accurately processed.

Noise is a common issue with probing, as
demonstrated in Figure 9. This issue arises
because visually similar parts, though distinct,
may share similar features. Another challenge
involves view context, as shown in Figure 10.
Here, a large amount of comments between text
lines leads to misclassification of text as com-
ments, likely due to the prevalence of comments
in that area, which distorts the feature represen-
tation. In both cases, these distinctions may not
be accurately captured during training when rely-
ing solely on a simple linear transformation. This
issue affects both the FE and DiT models.

As shown in Figure 7, probing at full resolu-
tion indicates that the features align more closely
with the lower bound of the text rather than the

Fig. 12 The ten closest features for the query characters
e and i : The character e is graphically distinct, resulting in
a perfect match. In contrast, the character i appears as a
vertical line, a common feature found in many other char-
acters. Consequently, the matches for i are not accurate in
the linguistic context, but they are graphically correct.

baseline. This suggests that not all dataset classes
can be effectively mapped using a simple linear
transformation, potentially leading to suboptimal
results.

However, fine-tuning a pre-trained model mit-
igates these issues, yielding more robust results
than training from scratch. This improvement
applies to both FE and DiT models. While FE
delivers more detailed and less noisy outcomes
for semantic segmentation, DiT, being a more
complex model with greater capacity, is proba-
bly better suited for fine-tuning on complex tasks
when sufficient training data is available. Even
though the FE could potentially be used as a fea-
ture encoder and may improve fine-tuning results
when integrated with more complex models.

Furthermore, Figure 12 suggests that the pre-
trained features contain useful information about
the shapes of characters, even though they lack
language-specific information. This is expected
since language data was not directly included, and
the visual masking model alone is likely insuf-
ficient given the diverse languages and writing
styles used for training.
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6 Conclusion

In this paper, we introduced a self-supervised
learning approach for historical document segmen-
tation, leveraging the Barlow Twins framework for
feature extraction. Our results demonstrate that
self-supervised features are highly effective for seg-
menting handwritten documents, even without
external annotations. Using PCA, we showed that
key document components (e.g., text, background,
images) can be identified without manual label-
ing, making SSL a promising tool for historical
document analysis.

We evaluated the effectiveness of probing tech-
niques, which apply a simple linear transformation
to pre-trained features. Our experiments indicate
that probing achieves comparable performance to
fully supervised methods and excels in few-shot
learning scenarios where labeled data is scarce.
Additionally, we analyzed the impact of input res-
olution, finding that a 1024-pixel height provides
better context for text regions, while full resolu-
tion is preferable for capturing fine details like
decorations.

Our comparison with fully supervised models
(e.g., fine-tuned DiT) suggests that while super-
vised training is generally stronger, SSL-based
approaches offer robust, high-quality features that
are useful for document segmentation tasks. Fur-
thermore, we demonstrated that fine-tuning a
pre-trained model mitigates issues like noise and
faint text, improving segmentation accuracy in
degraded documents.

Moving forward, this work opens several
avenues for research. Future studies could explore
hybrid models that combine self-supervised learn-
ing with few-shot or semi-supervised approaches,
enabling efficient segmentation with minimal
labeled data. Additionally, further analysis is
needed to extend these methods to more complex
tasks such as handwritten text recognition, where
linguistic information plays a crucial role.

Our findings highlight the potential of self-
supervised learning to revolutionize historical doc-
ument processing, paving the way for more effi-
cient, scalable, and annotation-free segmentation
methods.
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