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Abstract. A foundational task for the digital analysis of documents
is text line segmentation. However, automating this process with deep
learning models is challenging because it requires large, annotated datasets
that are often unavailable for historical documents. Additionally, the an-
notation process is a labor- and cost-intensive task that requires expert
knowledge, which makes few-shot learning a promising direction for re-
ducing data requirements. In this work, we demonstrate that small and
simple architectures, coupled with a topology-aware loss function, are
more accurate and data-efficient than more complex alternatives. We pair
a lightweight UNet++ with a connectivity-aware loss, initially developed
for neuron morphology, which explicitly penalizes structural errors like
line fragmentation and unintended line merges. To increase our limited
data, we train on small patches extracted from a mere three annotated
pages per manuscript. Our methodology significantly improves upon the
current state-of-the-art on the U-DIADS-TL dataset, with a 200% in-
crease in Recognition Accuracy and a 75% increase in Line Intersection
over Union. Our method also achieves an F-Measure score on par with
or even exceeding that of the competition winner of the DIVA-HisDB
baseline detection task, all while requiring only three annotated pages,
exemplifying the efficacy of our approach. Our implementation is publicly
available at: https://github.com/RafaelSterzinger/acpr_few_shot_hist.
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1 Introduction

In historical documents, text line segmentation is a foundational task of compu-
tational document analysis. Approaches to early layout analysis relied on heuris-
tics, such as projection profiles and clustering of connected components [14,18,21].
While effective on clean documents, these rule-based pipelines often fail when
faced with the complexities inherent in historical manuscripts, such as bleed-
through, elaborate ornamentation, or degraded scripts [15]. As a consequence
of these challenges, a shift towards data-driven approaches occurred using deep
neural networks such as CNNs, which re-framed the task as an end-to-end learn-
ing problem [16]. However, the performance of deep learning models depends
on the availability of large, pixel-precise annotated datasets. In the context of
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historical documents, the required annotated datasets are either prohibitively
expensive and time-consuming to create, or the data itself is simply unavailable.

Given this data scarcity, much research has focused on few-shot learning,
where models are trained using only a handful of annotated examples. The chal-
lenge of this low-data regime is evident in research where powerful architectures,
such as DeepLabV3+[4], achieve poor results when trained on just three pages
per manuscript [31]. In response to these challenges, some have employed in-
creasingly complex models, such as transformer-based hybrids [25].

Our approach, however, illustrates the principle of Occam’s Razor : when a
simpler method outperforms more complex ones, additional complexity is not
only unnecessary but can be counterproductive, as an increased number of pa-
rameters raises the risk of overfitting and reduces generalization. In this work,
we make the following contributions:

– We demonstrate that a simple and lightweight architecture is sufficient to
significantly outperform more complex models [31] in a few-shot setting. In
addition, we incorporate an established patch-level training strategy, which
efficiently handles high-resolution imagery and has proven effective in data-
scarce domains [6,23] to increase data.

– We propose the usage of a connectivity-aware loss function, originally pro-
posed for neuron morphology reconstruction [12], to the task of text line
segmentation, to address the critical importance of structural integrity in
text lines: standard pixel-level losses often fail to prevent fragmentation or
unintended merging, which severely impact line-level evaluation metrics.

– We perform a thorough evaluation of our methodology on two public com-
petition datasets, U-DIADS-TL [31,2] and DIVA-HisDB [22], under a strict
few-shot constraint of only three annotated training pages. Our results es-
tablish a new SOTA for the former and demonstrate the approach’s gener-
alizability on the latter.

Our final model sets a new baseline on the U-DIADS-TL dataset, achieving
relative gains of over 75% in Line Intersection over Union (IoU) and nearly
200% in Recognition Accuracy (RA) compared to the baseline reported by Zottin
et al. [31]. Furthermore, on the DIVA-HisDB baseline detection task, our few-
shot approach achieves performance competitive or even superior to top-ranked
systems from the ICDAR 2017 competition [22], despite using three instead of
20 annotated pages, i.e., 85% less training data.

2 Related Work

In the following, we provide an overview of relevant literature on text line seg-
mentation as well as few-shot learning with an emphasis on its application within
historical documents.
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