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Abstract
Projects related to the preservation, democratization of access, and
research of historical documents heavily benefit from Document
Layout Analysis (DLA) and downstream tasks such as Optical
Character Recognition. In recent years, neural networks developed
for general-purpose object detection have seen immense interest
and rapid development, resulting in improved accuracy and
efficiency. Given the similarity between layout analysis and object
detection, this research conducts a comparative study of the latest-
generation object detection algorithms on DLA tasks. Specifically,
we evaluate and compare the performance of YOLOv9, YOLOv10,
YOLOv12, and a custom-designed hybrid model on both a large-
scale modern dataset (PubLayNet) and a specialized historical
collection (OCR-D). Furthermore, this work investigates the impact
of transfer learning, analyzing the generalization from clean,
contemporary documents to noisy, complex historical ones. The
results demonstrate that these state-of-the-art models are highly
effective for DLA and that fine-tuning a model pre-trained on a
modern dataset significantly improves performance on historical
documents, with YOLOv9 and YOLOv12 emerging as the top-
performing architectures.
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1 Introduction
The preservation of large amounts of historical documents as
digital media has become a popular practice in recent years. The
digitization makes it possible for multiple researchers in different
places to access the same sources at the same time [16]. In this
context, Computer Vision (CV) techniques have been applied in
order to aid the efforts of researchers interested in these documents.
One of the main contributions of CV to this field is automatic
Optical Character Recognition (OCR), which extracts text in the
images, making it searchable across the base of documents. The
correct OCR of an image depends on several factors related to the
preservation of the original files and of the manual operation of
the digitization task. Therefore, it is usual that other steps take
place before the OCR stage, like the deskew and binarization of
images of pages. While deskewing involves rotating the image so
that the scanned page alligns with the horizontal and the vertical
axis, binarization is the process of converting the colored image
to a new image with only two pixel values, aiming to simplify the
image and trying to enhance contrast of key features [7].

Another stage that precedes OCR is the detection of text regions
in the image. With this, regions of the image containing text can
be cut out of the original image and analyzed individually. This
is crucial for the process of OCR because it is easier to correctly
identify text in input images if there is less unimportant information
to be processed by the neural networks, which are usually the type
of tools involved in this step [7].

The text regions detected in this stage can be further classified
in different classes, like "paragraph" or "title". This is all part of
the task known as Document Layout Analysis, which involves not
only the classification of text regions, but the detection of image
regions, text separators, tables, and others. Layout Analysis is also
concerned with the reading order of the text and how the elements
detected are related in general.

Besides its value for studies on humanities and language,
DLA also provides useful metadata for higher-level semantic
understanding. This structural data can be harnessed by modern
AI systems, such as Large Language Models (LLMs), as valuable
information that can improve the reasoning capabilities and context
awareness of such models [11].

In this work, state-of-the-art computer vision techniques,
specifically the latest iterations of the YOLO (You Only Look
Once) architecture [17], were evaluated and compared on their
effectiveness on the DLA task. The models were evaluated on both
a modern benchmark and on a historical collection as well.

The primary contributions of this work are:

(1) A head-to-head comparison of object detectors of the
latest generation (YOLOv9, YOLOv10, YOLOv12) for DLA,
executed on PubLayNet, a dataset of widespread use on this
field.

(2) An analysis of the generalization gap and the impact of
transfer learning when transitioning from the domain of
clean, contemporary scientific articles to that of noisy,
complex historical documents.

(3) The evaluation of a custom-designed YOLO architecture,
which explores a combination of features present in the
other recent models of the family.

2 Related Works
Research on layout analysis on historical documents evolved in a
tight relationship with other visual tasks. As such, early methods
relied heavily on carefully constructed heuristics in order to classify
regions of text, words, and characters. As testament to this, in
the Historical Document Layout Analysis Competition [2] of
the 2011 International Conference on Document Analysis and
Recognition (ICDAR) every submission was based on a binarisation
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pre-processing, followed by stages that implemented different
heuristics taking information from white areas, the size and spacing
of components in order to build polygons identifying text areas,
separators, graphic elements, and images.

Contemporary methods, in turn, take advantage of deep learning
approaches in order to automatically extract meaningful features
from pages and guide the process of identifying regions of interest.
On real tasks, Faster R-CNN [18], a two-stage object detector,
showed good performance in layout analysis on early printed arabic
documents [1], while Resnet-50 [6] was applied, with good results,
to the task of segmenting historical proto-census documents of
Ottoman origin [3]. The dominance of deep learning approaches
was also observed on the ICDAR 2024 Competition on Few-Shot
and Many-Shot Layout Segmentation of Ancient Manuscripts
(SAM) [31]. The winner in that competition used an approach
based on HookFormer [24], which leverages Cross-Attention
Swin-Transformer and Cross-Interaction modules, facilitating the
network’s ability to model long-range dependencies, incorporating
global contextual information, and performing detailed local
interactions.

Besides that, other developments have arisen in the field of
automatic layout analysis. Focusing specifically in the DLA task,
[25] designed the Dynamic Residual Fusion (DRF) module in order
to fully utilize low-dimensional information and maintain high-
dimensional category information. The authors also propose the
"dynamic select" mechanism to deal with overfitting issues on fine-
tuning. In another work, [12] presented a neural network leveraging
split attention and a Cascade RPN [20] head, arguing that since
documents usually present mostly non-overlapping rectangular
regions (ignoring the subdivisions of text-line, word, and character),
the 2-stage detection coupled with adaptive convolution would
be enough to detect elements. Also considering the nature of
the shapes of target objects, [30] explored the potential of
bounding boxes and positional encoding in guiding both pixel-
wise segmentation and object detection, based on the idea that it
could help encoding the continuity of the regions of interest.

Recognizing the relevance of bounding boxes for the accurate
detection of regions of texts, the ICDAR 2023 Competition on
Hierarchical Text Detection and Recognition [10] defined PQ
(Panoptic Quality) as a target metric for their ranking, assuming
that, since this metric prizes better tightness of the bounding
boxes, it could reflect in better results for downstream tasks of
text recognition. The methods that performed the best in this
competition treated words, lines and paragraphs as generic objects,
with a separate prediction branch for each, and then building
hierarchy on post-processing with rules based on the intersection
of detection areas. Interesting results overall were that two-stage
methods achieved much better results than end-to-end ones, and
also that the correlation between tightness scores and F1 scores
was very low. Much like the solutions presented in this competition,
the authors of [27] considered that regions of text and other layout
elements can be understood as generic objects, and thus they
built the FNO-YOLO. This model was based on the generic object
detector Vit-YOLO [28], which combines the single-state detector
YOLOv4 [14] and visual transformers [5]. The model was further
improved by replacing the self-attention module with a novel token
mixingmodule based on the Fast Fourier Transform neural operator,

which resulted in better Precision and Recall, as well as a lower
computational complexity.

Other works have also shown promising results for the
application of transfomer-based architectures to the task of layout
analysis. A fully transformer-based architecture was proposed by
[26], comprising of a transformer backbone and a transformer
encoder-decoder and utilizing visual features only. While also
working with transformers, [4] opted for a multi-modal method,
leveraging both visual and textual features, which are first processed
in parallel branches and later fused together, with decoupled pre-
training strategies for each branch.

The reviewed literature illustrates a clear evolutionary path for
layout analysis, transitioning from early heuristic-based methods to
the current dominance of deep learning. Moreover, purpose-build
architectures have benefited largely from advancements in CV in
general, which can also be seen by the adoption of transformers in
more recent works. This points to the continued value of adapting
novel, general-purpose computer vision methods to the specific
domain of document layout analysis.

3 Approach
In this chapter, the tools and methods compared and developed
in this paper are presented. The tools chosen represent the state
of the art in object detection. The data used in the experiments is
presented later in this same chapter.

3.1 YOLO Overview
YOLO [17] networks are known for their ability to make
reliable real-time predictions, achieve good results in object
detection tasks, and operate without requiring high computational
power—characteristics.

The general architecture of any YOLO model can be described
as comprising three parts: backbone, neck, and head:

• Backbone: The backbone network plays a crucial role in
feature extraction from the input image and is typically
structured as a Convolutional Neural Network (CNN). It is
designed to capture features at different levels of abstraction:
earlier layers detect basic elements such as edges and
textures, while deeper layers capture more complex, high-
level features like object parts and semantic information.

• Neck: The neck functions as an intermediary module that
bridges the backbone and the head. Its primary role is to
consolidate and refine the features extracted by the backbone,
focusing on enhancing spatial and semantic information
across various scales. This component may integrate
additional convolutional layers and Feature Pyramid
Networks (FPNs) [9], which operate by downsampling low-
level featuremaps and subsequently fusing themwith higher-
level feature maps. Each feature map of different scale in a
FPN is known as a "level", where lower levels capture high-
resolution, fine-grained details and higher levels capture
more abstract, coarse information.

• Head: The head constitutes the final component of a
YOLO network and is responsible for generating predictions
based on the enriched features provided by the neck. It
typically consists of one or more specialized subnetworks
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designed for specific tasks. In an object detection framework,
the head may be structured as a unified module that
simultaneously performs bounding box prediction and
classification. Alternatively, it can be decoupled into separate
branches, with one branch dedicated to localization and
the other to classification. This latter approach has been
demonstrated to enhance both performance and training
convergence. Finally, a post-processing step, such as Non-
Maximum Suppression (NMS), is commonly employed to
eliminate overlapping predictions and retain only the most
confident detections.

3.2 YOLOv9
YOLOv9 [22] addresses mainly the issue of information loss during
the feedforward process. This problem, known as information
bottleneck, is inherent to Deep Learning Networks, since input
data is processed and transformed through many layers.

In an attempt to mitigate this problem, the developers propose
the concept of Programmable Gradient Information (PGI). PGI is
composed by three components: main branch, auxiliary reversible
branch, and multi-level auxiliary information. The main branch is
the only one that is used during inference, therefore these additions
don’t result in additional inference cost. The auxiliary reversible
branch is used to feed the main branch reliable gradient information
during parameter learning. Multi-level auxiliary information works
on a similar fashion, and is proposed as an improvement on deep
supervision, aggregating gradient information concerning target
objects of different sizes.

YOLOv9 developers also propose a new network architecture,
GELAN (Generalized Efficient Layer Aggregation Network), which
combines previous network achitectures CSPNet (Cross Stage
Partial Network) and ELAN, essentially improving the latter by
making it able to use any computational blocks, since the original
was limited to convolutional layers. The YOLOv9-Mmodel achieved
an AP(50:95) (Average Precision, averaged over IoU (Intersection
over Union) thresholds from 0.50 to 0.95) of 51.5% on the validation
set of the COCO [8] dataset.

Figure 1: PGI graphic from [22]

3.3 YOLOv10
YOLOv10 [21] developers identified two characteristics of YOLO
models that hindered performance and speed: the NMS post-
processing, and the existence of considerable computational
redundancy within architecture designs.

To tackle the post-processing issue, the authors developed a
training strategy with dual label assignment. By jointly optimizing
both a one-to-one and a one-to-many head and discarding the latter
during inference, they avoid the NMS post-processing, while still
leveraging plentiful supervisory signals during training.

To solve the issue related to the architecture designs, the
authors propose a series of improvements that they called Holistic
Efficiency-Accuracy Driven Model Design. Also aiming to improve
efficiency, they implemented a lightweight classification head,
since they discovered through experimentation that the regression
head had more impact on the performance of the model and
so the classification head could be simplified. The authors also
propose to decouple spatial reduction from channel increase
during the downsampling stage, which they achieved by swapping
standard convolutions for a sequence of pointwise and depthwise
convolutions, which leads to lower computational cost and
parameter count.

The paper also introduced a strategy to tackle redundant
computation based on first calculating the intrinsic rank of each
stage to identify redundancy, and then progressively swap the basic
blocks of the stages with the lowest calculated values for a new
compact block they present, doing this for every stage while there
is no performance degradation.

To improve performance the authors presented a Partial Self-
Attention (PSA) module design, feeding just part of the features to
the multi-head self-attention module. With this, and being placed
only in deeper states with the lowest resolution, it is possible to
leverage the global modeling capability of self-attention, while
avoiding excessive overhead. Additionally, seeking to enlarge the
receptive field in small models, the authors explored the use of large-
kernel convolutions, increasing the kernel size of convolutions
within deep states from 3x3 to 7x7. YOLOv10-M achieved an
AP(50:95) of 51.1% on the validation set of the COCO dataset.

Figure 2: Dual label assignment graphic from [21]

3.4 YOLOv12
YOLOv12 [19] was proposed as an attention-centric YOLO
architecture. The main drawback when using methods based on
attention mechanisms is that such mechanisms usually show very
high computational complexity, making training and inference
more costly on time and resources.

In order to tackle this problem and still leverage the capabilities
of attention to extract global information based on long-range
dependencies, the authors developed the Area Attention (A2)
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module, reducing complexity by dividing the input maps in sections
and then calculating attention over these smaller areas, while
still maintaining large receptive fields. A "position perceiver"
component was also added to the attention mechanism, which
applies large kernel convolutions to encode some positional
information and add it to attention values. In addition to this, the
ratio of hidden dimension to the embedding dimension is reduced
in this part of the network, shifting the computational towards the
attention mechanism and highlighting its importance.

Moreover, seeking to solve problems of bad gradients,
convergence and optimization, the authors proposed Residual
Efficient Layer Aggregation Networks (R-ELAN), which not only
includes A2 modules, but also builds upon ELAN by introducing a
residual shortcut from input to output throughout the block, and
also promotes less parameter and memory usage by getting rid
of an early split of the feature maps inside the block, favoring a
bottleneck structure.

Other optimizations aimed at reducing computational cost
include the use of FlashAttention and ditching of positional
encoding. Five scaled versions of YOLOv12 are provided, and the
YOLOv12-Mmodel achieved an AP(50:95) of 52.5% on the validation
set of the COCO dataset.

Figure 3: A2 graphic from [19]

3.4.1 Combined-YOLO. Analysis of the YOLO model codebases
reveals that their development often proceeds in parallel rather
than in a streamlined, cumulative fashion. For example, YOLOv10
and YOLOv12 do not incorporate the PGI module proposed in
YOLOv9, and YOLOv12 similarly does not adopt the NMS-free
strategy introduced in YOLOv10.

With this, we present a custom YOLO model that combines
characteristics of the three other models experimented with in this
work. YOLOv12 was used as the base to build the backbone and the
main branch. The PGI strategy from YOLOv9 was adapted, with
modules similar to those used in YOLOv12. Finally, the efficient
head and NMS-free strategy from YOLOv10 were also incorporated
in the model. This model is further referred as C-YOLO in this work.

3.5 Datasets
3.5.1 OCR-D. OCR-D [13] is a project developed with the goal
to provide full-text recognition, initially with the specific goal of
digitizing a set of early modern texts originating from German-
speaking countries. The OCR-D project provides a set of annotated
instances of historical documents [15]. An instance consists of the
image of a page, and a corresponding XML file that encodes layout
information and contains the text that can be seen in the image.
This dataset consists of 217 instances, encompassing 9 classes for
detection across 45314 delimited regions.

Index From Module Arguments From
Backbone

0 -1 Silence []
1 -1 Conv [64, 3, 2] v12
2 -1 Conv [128, 3, 2, 1, 2] v12
3 -1 C3k2 [256, False, 0.25] v12
4 -1 Conv [256, 3, 2, 1, 4] v12
5 -1 C3k2 [512, False, 0.25] v12
6 -1 Conv [512, 3, 2] v12
7 -1 A2C2f [512, True, 4] v12
8 -1 Conv [1024, 3, 2] v12
9 -1 A2C2f [1024, True, 1] v12

Neck
10 -1 nn.Upsample [None, 2, "nearest"] v12
11 [-1,7] Concat [1] v12
12 -1 A2C2f [512, False, -1] v12
13 -1 nn.Upsample [None, 2, "nearest"] v12
14 [-1,5] Concat [1] v12
15 -1 A2C2f [256, False, -1] v12
16 -1 Conv [256, 3, 2] v12
17 [-1,12] Concat [1] v12
18 -1 A2C2f [512, False, -1] v12
19 -1 Conv [512, 3, 2] v12
20 [-1,9] Concat [1] v12
21 -1 C3k2 [1024, True, 0.5] v12

Auxiliar Branch
22 5 CBLinear [[240]] v9
23 7 CBLinear [[240, 360]] v9
24 9 CBLinear [[240, 360, 480]] v9
25 0 Conv [32, 3, 2] v9 and v12
26 -1 Conv [64, 3, 2] v9 and v12
27 -1 A2C2f [512, False, -1] v9 and v12
28 -1 Conv [240, 3, 2] v9 and v12
29 [22,23,24,-1] CBFuse [[0,0,0]] v9
30 -1 A2C2f [256, False, -1] v9 and v12
31 -1 Conv [360, 3, 2] v9 and v12
32 [23,24,-1] CBFuse [[1,1]] v9
33 -1 A2C2f [512, False, -1] v9 and v12
34 -1 Conv [480, 3, 2] v9 and v12
35 [24,-1] CBFuse [[2]] v9
36 -1 C3k2 [1024, True, 0.5] v9 and v12

Head
37 [15,18,21,30,33,36] HybridDetect [nc] v9 and v10

Table 1: C-YOLO architecture: backbone and head modules
with their configurations.

Model Parameters (Training) Parameters (Inference)
YOLOv9 32.8 M 20.1 M
YOLOv10 16.5 M 15.4 M
YOLOv12 19.6 M 19.6 M
C-YOLO 27.9 M 18.1 M

Table 2: Number of parameters for each model during
training and inference.

Region Type Count
TextRegion 1648
TextLine 6609
Word 36685
PrintSpace 173
Border 36
ImageRegion 1
SeparatorRegion 141
NoiseRegion 17
MusicRegion 4

Table 3: Count of instances of each class in the documents in
the OCR-D dataset
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It is relevant to notice that some classes have too few instances
to provide adequate training for the neural network. Also, the class
Word is usually contained within TextLine, which itself is usually
contained within TextRegion.

The dataset was split with 80% instances for training, 10% for
validation and 10% for test.

3.5.2 PubLayNet. This dataset consists of over 360k images
corresponding to pages of PDF articles and it is one of the most
popular datasets in the field of DLA. The pages were automatically
annotated by matching the XML representation of the PDF original
files to the images, and there are 5 layout categories that can
describe a region: Text, Title, List, Table, and Figure [29]. Due to
the massive size of this dataset, in this work we opted to work with
a subset of this dataset, with a total of 47958 images.

Region Type Count
Text 286900
Title 89349
List 11431
Table 14646
Figure 15555

Table 4: Count of instances of each class in the documents in
the subset of the PubLayNet dataset

4 Experiments and Results
Results were obtained after training 200 epochs on the OCR-D
dataset, while for the PubLayNet subset, due to its massive size, 10
epochs were used, which is also in line with the literature [4][30].
Training was executed on a machine with an NVIDIA RTX A4000
GPU (16GB VRAM), CUDA 12.8, and driver version 570.133.20. All
hyperparameters were set to default values.

Table 5 shows the results obtained at the end of training on
the subset of PubLayNet dataset [29]. It is worth mentioning that
every model achieved state-of-the-art scores [23] [4]. These results,
however, cannot be taken as conclusive, since the validation set
used in this work is but a sample of the original. YOLOv9 and
YOLOv12 were the best models overall in this set, with the former
achieving higher Recall, while the latter scored highest in Precision
and mean Average Precision (mAP). Among classes, Figure scores
were consistently higher, which might reflect the fact that they
are very different from the other categories, which are textual in
nature. List, showed the lowest scores, which could indicate that
this category is particularly hard to automatically distinguish from
plain Text or Table.

The results for the models trained on the OCR-D dataset are
shown in table 6. Results for classes with very low occurrence are
most probably not representative of the capacity of the models,
therefore OverallText results for Precision, Recall, and mAP are
calculated considering only the Word, TextLine, and TextRegion
classes (and likewise in table 7). In a similar manner to the
experiment on the PubLayNet subset, we again observe better
results by YOLOv9 and YOLOv12, but this time the highest Precision
was by YOLOv9, with YOLOv12 achieving the highest Recall.
YOLOv12 also achieved, again, the best overall mAP results. It

should be also noticed that results for TextRegion were on average
significantly worse than forWord and TextLine.

The results for models pre-trained on the PubLayNet set and
later fine-tuned to the OCR-D dataset are shown in table 7. This
evaluation shows that every model achieved better results with
this strategy. YOLOv9 and YOLOv12 are again the best scorers, but
the pre-training affected their results in such a way that YOLOv12
shows the best Precision score, with YOLOv9 achieving the best
results overall for Recall and mAP.

In relation to the good Precision score of YOLOv12, fruit of
significant gains with the pre-training strategy, it is interesting
to notice that it was accompanied by a substantial lowering of its
Recall score (in relation to the version trained from scratch), as
evidenced in table 8. This table also shows that C-YOLO had the
highest and most consistent gains overall when compared to the
other models.

Figure 5: Detections by YOLOv9 on OCR-D images

5 Discussion
The results achieved by the modern object detectors on the DLA
task confirm the effectiveness of these methods when applied to this
more specific domain, which strengthens the notion that DLA can
be treated as analogous to object detection. This doesn’t discredit,
however, the pixel-wise segmentation approaches.

The transfer learning technique applied when fine-tuning the
YOLO models proved effective for the task of layout analysis of
historical documents. The results were achieved by first training on
a large modern dataset and then fine-tuning on a smaller dataset
of historical documents. This approach is advantageous because
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Table 5: Per-class and overall Precision, Recall, and mAP@50 for all models on the PubLayNet subset.

Class
YOLOv9 YOLOv10 YOLOv12 C-YOLO

P R mAP P R mAP P R mAP P R mAP

Figure 98.0 97.2 99.2 96.9 96.5 98.6 98.1 97.2 99.2 97.3 96.6 98.8
List 90.7 85.8 91.4 92.4 79.9 90.5 92.6 83.1 91.7 93.6 81.2 91.1
Table 97.1 98.4 98.1 96.0 96.3 97.8 96.9 97.7 98.5 95.4 96.1 98.2
Text 96.5 94.2 97.9 95.4 93.7 97.9 96.7 94.6 98.5 95.9 93.4 98.1
Title 96.1 95.4 97.9 92.8 94.3 97.1 95.9 95.7 97.8 94.1 93.8 97.4

Overall 95.7 94.2 96.9 94.7 92.1 96.4 96.1 93.6 97.1 95.3 92.2 96.7

Table 6: Per-class and overall Precision, Recall, and mAP@50 for all models on the OCR-D dataset

Class
YOLOv9 YOLOv10 YOLOv12 C-YOLO

P R mAP P R mAP P R mAP P R mAP

Word 89.5 83.3 86.9 84.3 79.2 83.2 83.0 83.3 86.0 77.5 79.9 81.4
TextLine 72.2 81.7 84.0 75.9 75.3 80.2 71.7 89.9 89.8 60.2 76.2 73.5
TextRegion 67.9 38.0 49.4 68.8 39.2 47.8 43.6 65.5 58.4 64.4 30.4 40.2
PrintSpace 90.9 94.4 95.2 72.8 100 93.1 83.0 100 99.5 71.5 100 92.2
Separator 33.4 7.69 16.3 85.1 7.69 17.9 26.3 30.8 22.5 100 0.0 0.08
Border 26.8 100 86.6 62.1 98.7 88.0 42.2 100 93.8 53.9 100 83.9
Noise 0.0 0.0 0.0 100 0.0 0.0 100 69.6 99.5 100 0.0 0.0
ImageRegion 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Music 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Overall 42.3 45.0 46.5 61.0 44.5 45.6 50.0 59.9 61.1 58.6 43.0 42.2
OverallText 76.5 67.7 73.4 76.3 66.3 70.4 66.1 79.6 78.1 67.4 62.2 65.0

Table 7: Per-class and overall Precision, Recall, andmAP@50 for all models on the OCR-D dataset, pre-trained on the PubLayNet
subset

Class
YOLOv9 YOLOv10 YOLOv12 C-YOLO

P R mAP P R mAP P R mAP P R mAP

Word 89.7 86.1 89.4 83.6 82.7 85.3 89.9 83.6 87.3 80.7 81.3 84.4
TextLine 82.5 82.3 85.8 85.9 84.1 88.5 92.3 84.8 91.5 76.4 81.4 85.2
TextRegion 69.7 57.9 65.6 60.1 54.4 56.1 68.6 49.8 59.7 71.1 53.2 57.2
PrintSpace 91.1 100 99.5 77.9 100 95.8 92.1 100 99.5 70.6 94.4 95.7
Separator 62.7 51.9 59.8 41.3 30.8 43.4 83.7 38.5 56.9 73.7 43.4 50.2
Border 81.9 80.0 96.2 65.6 80.0 72.0 89.2 100 99.5 52.4 80.0 69.5
Noise 100 0.0 0.0 100 0.0 0.0 100 0.0 0.0 100 0.0 0.0
ImageRegion 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Music 100 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Overall 75.3 50.9 55.1 57.2 48.0 49.0 68.4 50.7 54.9 58.3 48.2 49.1
OverallText 80.6 75.4 80.3 76.5 73.7 76.6 83.6 72.7 79.5 76.1 72.0 75.6
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Figure 4: Detections by YOLOv12 on PubLayNet images

Table 8: Per-class and overall Precision, Recall, and mAP@50 changes with transfer learning strategy, selected classes

Class
YOLOv9 YOLOv10 YOLOv12 C-YOLO

P R mAP P R mAP P R mAP P R mAP

Word +0.2 +2.8 +2.5 -0.7 +3.5 +2.1 +6.9 +0.3 +1.3 +3.2 +1.4 +3.0
TextLine +10.3 +0.6 +1.8 +10.0 +8.8 +8.3 +22.6 -5.1 +1.7 +16.2 +5.2 +11.7
TextRegion +1.8 +27.9 +16.2 -8.7 +15.2 +8.3 +25.0 -15.7 +1.3 +6.7 +22.8 +17.0

OverallText +4.1 +7.7 +6.9 +0.2 +7.4 +6.2 +17.5 -6.9 +1.4 +8.7 +9.8 +10.6

modern document datasets, such as PubLayNet, are abundant and
can be automatically annotated using existing PDF XML data. In
contrast, historical document datasets are typically much smaller
and require manual annotation, making it essential to leverage
knowledge learned from modern data to improve performance on
historical materials.

The fact that YOLOv10 and C-YOLO did not perform as well
as the other models can be hypothesized to result from the Dual
Label Assignment (DLA) strategy implemented by both, along with
the efficient lightweight head of YOLOv10, which may impair the
learning of important high-level features required for the DLA
task. This hypothesis is further supported by the discrepancy
between YOLOv10 and YOLOv12 results, given that both employ
similar, albeit different, attention mechanisms in their architectures.
Nonetheless, both YOLOv10 and C-YOLO are the models with the

fewest parameters utilized during inference, as seen in table 2,
which could also contribute to their lower performance.

Conversely, the significant improvement observed for C-YOLO
with the pre-training strategy may indicate the effectiveness of
YOLOv9’s PGI strategy in this context. This is also supported by
the strong overall results achieved by YOLOv9 itself, which are
comparable to YOLOv12, the latter benefiting from its powerful
attention mechanism.

6 Conclusion
The results obtained in this study indicate that novel computer
vision techniques can be successfully applied to document layout
analysis (DLA) of historical documents. Combining transfer
learning with state-of-the-art architectures yielded promising
results not only on the historical dataset but also on the modern
dataset.
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Given the strong performance achieved on the PubLayNet subset,
future work could extend these experiments to the full dataset to
further validate the effectiveness of the proposed techniques.

Additionally, the results suggest that an architecture combining
YOLOv9’s PGI module with YOLOv12’s Attention Area mechanism,
while excluding YOLOv10’s NMS-free strategy and lightweight
head, could potentially achieve even better performance. Ideally,
this could be investigated through an ablation study systematically
evaluating the contributions of each architectural component.

Finally, recognizing that DLA is often a preliminary stage in
OCR workflows, future research could explore how character and
word recognition accuracy might provide additional useful metrics
for assessing layout analysis performance, investigating this multi-
modal approach particularly in the context of historical document
digitization.
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