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Abstract:  Quality recognition of structural areas on 
printed documents is vital in other downstream processes 
like optical character recognition, document retrieval and 
digital archiving. Devanagari script has further problems 
that include the close morphology, headline writing and 
multi-tiered character constructions which often undermine 

this paper, Authors presented a deep learning model that 
is founded on YOLOv8 to identify structural elements in 
Devanagari printed texts. The method is trained and tested 
on PubLayNet dataset which is a large scale benchmark that 
consists of a variety of document structures and later adjusted 

fundamental structural components of text block, titles, 

prove that YOLOv8 is an appropriate solution to detect 
document-structure quickly and accurately and provide a 

process of document digitization and structural preservation 

systems. 

Keywords:  Deep learning, Devanagari script, Document 
structure detection, Object detection, PubLayNet, YOLOv8.

I. INTRODUCTION

Analysis of document structure is also the basis of digital 
archiving, automated text comprehension, and script-sensitive 
optical character recognition (OCR). The growing variety 
of document appearance, along with the high rate of growth 
in multilingual content in online libraries, has enhanced the 
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procedures that would effectively accommodate not only 
traditional variability but also script-related variability. Initial 

connected component features and segmentation based on 
rules. As an example, Vidyarthi et al. [1] used texture cues with 
linked components to distinguish between text and non-text 
areas in documents, whereas Namboodiri and Jain [2] offered 

related to complex document structures.

As massive digitalization projects have emerged, structural 
understanding automated techniques have become more 

were proposed in order to cut back on computational costs, 
including the correlation-entropy feature extraction by Javed 
et al. [3]. Later surveys, such as the prominent article by 

of the heuristic-based algorithms into machine learning and 

HDPA proposed by Lenc et al. [5], showed the promise of a 
single architecture to process historical documents, which is 
a larger-scale evolution of end-to-end automated frameworks. 
Deep learning has largely contributed to the development 
of document structural analysis by allowing models to learn 
complicated visual features directly out of data. The domain-
adaptive learning methods, including those suggested by 

Layout extraction has also been investigated by neural network 
based methods, including the one by Gorai and Nene [7] that 
was used to identify text and regions by using supervised 
learning to extract the information used in layout extraction, 
as in the case of Gorai2020 [8]. A second category of ensemble 
based methods has also arisen such as a voting based mixture 
of deep network layout analysis results as introduced by Fateh
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et al. [9]. In addition to layout detection, ancillary document 
analysis problems have also been reinforced with architectures 

segmentation, which is shown by Fizaine et al. [10], among 
others, to be stronger with these architectures and methods 
compared to standard methods.

Structural-region detection in Devanagari printed documents 
has not been studied extensively in spite of these developments. 
The unique features of the script like the running headline 
(shirorekha), intricate ligatures and compactly stacked glyphs 
tend to impair the functionality of generic models. This 
increasing amount of Devanagari material in administrative, 
educational, and archival sources supports the idea that having 
a high-precision and deep learning-based system capable of 

TABLE I: SUMMARY OF SELECTED DOCUMENT LAYOUT DETECTION 
STUDIES

Sr. No. Study Key Contribution

1. Qi et al. [23] YOLO-DLA framework for 
multi-layout detection.

2. Deng et al. Enhanced YOLO modules 
for document precision.

3. Wu et al. [25] YOLOv8 with PCA-
guided augmentation.

Comparative study of DL 
de-

tectors

5. Zhang et al. [27] WeLayout: ICDAR-
winning layout segmentation 
system.

Fizaine et al. [28]
text-line extraction.

7. Aktar et al. [29] YOLOv11 for Bangla 
script

Detection.

8. Kumar and Lehal 
[13]

YOLOv8 for Punjabi 
newspaper layout detection.

9. Anand et al. [18] RanLayNet dataset for layout 
generalization.

10. Kudale et al. [30] Weakly supervised 
multilingual text detection

Recent object detectors, especially ones based on the 
YOLO  family, have good prospects of document-structure 
understanding because they can have very high inference 
speeds and can recognize multi-scale objects in complex 
layouts. The use of these developments on large scale data 
collections like PubLayNet presents an avenue to creating 
more generalized but script sensitive systems. The analysis 

of the problems of the Devanagari document interpretation 
is conducted with the help of the framework with YOLOv8 
trained on PubLayNet and adjusted to structural peculiarities 
of the script. The methodology will be able to produce an 
accurate and consistent detection of core document regions 
and, thus, enhance the reliability of downstream OCR and 
document understanding processes.

The rest of the work is structured in the following way. Section 
II provides the elaborated literature review that shows the 
development of relevant techniques and gaps existing. Section 
III outlines the plan methodology encompassing the system 
architecture and processing pipeline. Section IV describes 
the experimentation environment as well as the evaluation 
metrics in which performance is measured. Section V presents 

framework. Section VI provides some concluding statements 

some suggestions about the possible directions that future 
investigations can follow.

II. LITERATURE REVIEW

The focus of recent development of document structure 
analysis has been on deep learning, object detection systems, 
and multimodal feature extraction. Li et al. [11] showed that 
layout detection generates better understanding of printed 
documents through the pipelines of OCR, making the proper 
structural-region localization. In this vein, Santos Junior 
et al. [12] went further to offer a comparative analysis of 
the following versions of YOLOv8, YOLOv9, YOLOv10, 
and YOLOv11 and discovered that the more recent YOLO 
variants offered superior features of multi-scale detection, 
which is appropriate in complex document images. Research 
on Indic scripts has also advanced, with Kumar and Lehal [13] 
applying YOLOv8 to Punjabi newspapers and demonstrating 
strong generalization across script-dense documents. Broader 
document-processing insights were presented by Lenc et al. 

documents.

mitigate cross-domain variations in layout detection tasks. 
Earlier neural-network-based approaches, such as the method 

learning-based structural extraction but lacked the multi-scale 
precision of modern detection models.

Ensemble-driven approaches also contributed to layout 
analysis, with Fateh et al. [17] combining multiple deep 
networks through a voting-based mechanism to improve 
prediction consistency. Dataset-centric advancements have 
been made through RanLayNet by Anand et al. [18], which 
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supports domain adaptation and improves generalizability 

enriched structural analysis, as shown by Tu et al. [19], who 

between textual and spatial features. Additionally, Sun et 
al.

learning systems. Collectively, these studies demonstrate a 
clear progression from classical feature-engineered methods 
to advanced deep learning pipelines that leverage multi- scale 
detection, domain adaptation, and multimodal reasoning for 
accurate document-structure understanding. A Devanagari 
character–encoded mix-merge vision transformer has been 
introduced for robust document layout analysis [21]. A recent 
contribution by the authors in [22] presents a comprehensive 
analysis and framework for separating text and graphic 
components in document images, offering insights relevant to 
layout segmentation research.

III. METHODOLOGY

The developed framework will be capable of identifying and 
conserving structural regions of Devanagari printed documents 
with a YOLOv8-based framework. The methodology will 
be based on the preparation of datasets, model design, pre- 
processing, training and post-processing steps. The following 
subsections develop each of the components:

A. Overall Framework

The pipeline starts with input document images being subjected 
to conventional pre-processing operations then input into the 
YOLOv8 detection pipeline. The detector foreshadows the 
enclosing of structural parts like blocks of text and titles and 

denoted by.

Fig. 1: End-to-End YOLOv8-Based Framework for Document 
Structural Region Detection

I  RH×W×3,

where H and W denote height and width. The model outputs a 
set of bounding boxes

B = {(xi yi, wi, hi, ci)}
N ,

where (xi, yi) is the box center, wi and hi are width and height, 
and ci denotes the predicted class label.

B. Dataset Description

PubLayNet is the training dataset because it is large in terms 
of coverage of document structure as well as its COCO-style 
annotation. The annotations are made to each page according 

region. PubLayNet images are encoded by use of JSON 
annotations in the form:

A = {(Bj, Lj)}
M  ,

where Bj is a bounding box and Lj  {1, 2, . . . , K} denotes 

PubLayNet training dataset, highlighting COCO-style page- 

to dense glyphs and headline-connected structures typical of 
Devanagari text.

C. Pre-Processing

normalized image be:

I  
I µ 

, 
 

where µ and denote channel-wise mean and standard deviation. 
Data augmentation is applied using rotations, random cropping, 
scaling, and brightness variations, improving model robustness 
against real-world scanning artifacts.

 

Fig. 2: PubLayNet Dataset Visualization Showing COCO-
Style Annotations for Text, Title, List, Table, and Figure 

Regions



Advanced Document Structure Recognition in Devanagari Script Using an Optimized YOLOv8 Pipeline 127

D. YOLOv8 Architecture

YOLOv8 follows an anchor-free detection paradigm. The 
model comprises a CSP-based backbone for feature extraction, 
a PAN/FPN-style neck for multi-scale fusion, and a decoupled 
detection head. The end-to-end YOLOv8-based framework for 
document structural region detection is shown in Fig. 1. Given 
a feature map F , YOLOv8 predicts bounding boxes using:

P = (Wp * F ), R = Wr * F,

where P R represents 
regression outputs, and * indicates convolution. The loss 

focal losses:

L = 1Lcls + 2Lreg + 3Ldf l.

E. Training Strategy

batch-based stochastic gradient descent. Let denote model 
parameters. The optimization rule is:

t t t , 

where is the learning rate. Hyperparameters include a batch 

label smoothing.

Training is performed on GPU hardware (e.g., NVIDIA Tesla/
RTX series) to accelerate convergence.

F. Post-Processing

bi and bj, 

IoU bi bj

bi, bj b 
. 

bji 

Boxes with IoU greater than a threshold (typically 0.5) are 

structural regions, which are subsequently mapped to a 
structured layout representation suitable for downstream OCR 
and document analysis tasks.

Algorithm 1: Training and Inference Pipeline (High-Level) 

Require: PubLayNet dataset D
set Ddev

per image)

2: Create train/val/test splits: Dtrain, Dval, Dtest

S  C = 

Dtrain: resize, 

(choose variant n/s/m/l)

E, batch size B, learning 
rate , optimizer, scheduler

7: for epoch e = 1 to E do

8: for each batch b in Dtrain do

9: ypred xb)

10: compute loss L = 1Lcls + 2Lreg + 3L

11: update model parameters by optimizer step

12: end for

13: Evaluate on Dval; save checkpoint if validation mAP 
improves

end for

15: if Ddev available then

Ddev with reduced  for Eft epochs

17: end if

18: for input image I do:

19: Braw I) {raw boxes + scores}

20: Bnms Braw,  ) {IoU threshold  }

21: post-process Bnms (merge, tag classes, reading order)

22: Compute metrics (mAP@50, mAP@50:95, F1, FPS) on 
Dtest

23: return 
metrics

1) Algorithm: YOLOv8-based Structural Region Detection

IV. EXPERIMENTS AND EVALUATION METRICS

This section describes the experimental environment, 
implementation settings, dataset division, and the evaluation 
metrics used to measure the performance of the proposed 
YOLOv8-based structural region detection framework for 
Devanagari printed documents.

A. Experimental Environment

All experiments were conducted on a GPU-enabled computing 

software stack consisted of Python 3.10, PyTorch 2.x, CUDA 
11.x, and the Ultralytics YOLOv8 framework. Training was 
performed using mixed-precision computation to accelerate 
matrix operations and reduce memory overhead.

B. Dataset Splitting

The PubLayNet dataset was divided into training, validation, 
and testing subsets following the standard ratio:

D = Dtrain  Dval   Dtest,
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with

|Dtrain| : |Dval| : |Dtest| = 70 : 15 : 15.

Fine-tuning for Devanagari samples was performed using an 

C. Implementation Settings

stochastic gradient descent with momentum. Let  denote 
model parameters and the learning rate. The parameter update 
rule is expressed as:

t t t , 

where L is the combined loss function used by YOLOv8. A 
cosine learning-rate scheduler was employed to gradually 
reduce 

and color jittering.

D. Evaluation Metrics

The standard metrics of object detection were used to evaluate 

main measure, which is calculated at 0.50 IoU thresholds 

measure, calculated at 0.50 IoU thresholds and 0.50:0.95: The 

is calculated at 0.50 IoU thresholds, and at 0.50:0.95

mAP@50 , 

mAP@50:95=

where C denotes the number of structural classes. Precision and 
Recall were also computed:

Precision 
TP  

            
TP FP 

TP 
, Recall , 
                                 TP FN 

True positives, false positives, and false negatives are 
represented in terms of TP, FP and FN respectively.

The harmonic score present in the F1-score is computed as:

Precision Recall
F 

Precision Recall 
. 

the real-time performance of the system, which is especially 
important when having to digitize large volumes of documents.

E. Benchmarking Protocol

All the models were trained and tested in the same 
circumstances to make the study fair. Checkpointing was done 

using validation based on which the model with minimum 
validation loss was selected. The testing set used was the same 
in all comparative experiments, which allowed to benchmark 
against variants of YOLO and other document-analysis 
baselines.

V. RESULTS AND DISCUSSION

The following section provides an in-depth quantitative 
and qualitative discussion of the suggested YOLOv8-based 
framework. The assessment of the models is done based 
onthe robustness of the model, the localization accuracy of 
the structural-region, the behavior of the model on a per-class 
basis, and the comparison of the model in comparison to the 
baseline detectors.

A. Quantitative Results

The main comparison was made of the COCO-style measures 
of mAP @50 and mAP @50: 95. Ground truth can be denoted 
by the prediction of a set of bounding boxes,

Bˆ = {ˆb1, ˆb2, . . . , ˆbn} and  B = {b1, b2, . . . , bm} 

denote the ground truth. A prediction is considered a true 
positive if

IoU(ˆbi, bj

where   [0.5, 0.95] is the threshold.

The Average Precision for class c at threshold  is computed as 
the integral over the Precision–Recall curve:

APc(  ) =   

Aggregating across classes yields:

The larger structural elements have higher AP scores (tables, 

macro-layout geometry. The minor decrease in small-object 
categories (e.g. list markers) is due to the low pixel density of 

regression.

B. Precision–Recall Analysis

multiple IoU thresholds. Let S(ˆbi
score assigned to detection ˆbi. The ordering property

S(ˆbi) > S(ˆbj ˆbi is ranked before ˆbj

the upper region of the PR curve.

This monotonicity is a necessity due to the fact that it displays 
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the balancing of detection behavior in heterogeneous document 
layouts.

C. Qualitative Results

Qualitative visualization of detected regions shows that the 
model maintains spatial coherence even in complex Devana- 
gari pages. Consider a document image I. The detector outputs 
a structured set of regions:

R(I)= =

where each Rk 
error is measured as:

k Rk
pred, Rk

gt).

Empirical observations show that for most structural elements,

k 

In practice, bounding boxes remain tightly aligned, particularly 
for titles and body text. The model also demonstrates the 
ability to differentiate between structurally similar components 

D. Comparison with Baseline Models

To establish comparative validity, YOLOv8 was bench-marked 
against YOLOv5, YOLOv7, and Faster R-CNN under identical 
settings. Let the average improvement in mAP over baseline 
method M be:

mAP(M ) = mAPYOLOv8 M

Across all structural categories,

mAP(M ) > 0,

indicating consistent performance gains due to anchor-free 
detection and enhanced feature fusion.

Inference time was compared using frames per second (FPS), 

FPS =   
1   , 

Tinf 

where Tinf is the inference latency for a single image. YOLOv8

Tinf, making it suitable for 
high-throughput document-processing pipelines.

E. Error Analysis

FPc FNc 
E   ,                Nc 

where Nc represents the total instances of class c. Elevated 
Ec values for dense text lines indicate challenges posed by 
overlapping glyphs and thin-margin structures typical of 
Devanagari script.

False positives occasionally occurred around decorative 
symbols or page ornaments. These errors correspond to regions 
with high feature similarity across classes, revealing the 
necessity for more script-aware augmentations or attention-

VI. CONCLUSION

The given framework shows that a YOLOv8 based architecture 
is effective to detect and maintain structural regions in 
Devanagari printed documents. Recurring the massive 

model provides great localization accuracy with various 
structural components (text block, titles, lists, tables and 

aggregation, and training strategy optimization are some of 
the factors leading to the consistent performance across the 
different page layouts and document complexities.

As demonstrated by means of experiments, the detector 
is known to reach high mAP values and to act with high 
consistency upon heterogeneous document sets. Qualitative 
observations also indicate that even in densely populated 
Devanagari content structural segmentation is strong, 
indicating that the model can be generalized outside of the 
domain of Latin-script document. Relative analysis with 

to accuracy as well as inference speed, which contributes 
to the appropriateness of YOLOv8 to large-scale document 
digitization and automated layout comprehension.

areas of visual ambiguity or high density ornamentation, 
the general results show that current versions of anchor-free 
detectors give a solid basis to script-aware document analysis. 
Future developments could be aimed at the combination of 

and domain-adaptive augmentation to achieve further 
improvements in the performance under challenging Indic-
script conditions.

VII. FUTURE WORK

The existing model is a solid basis of structural region 
detection in Devanagari printed documents, but there are still 
a few opportunities to enhance the model in the future. One 
of the opportunities is the implementation of transformer- 
based encoders to detect long-range contextual cues between 
document pages and allow more reliable interpretation of 
regions in a multi-page environment.
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The other direction is to develop script-aware augmentation 
strategies which are oriented to Indic scripts. Due to the 
close spacing between glyphs, and the variety of strokes in 
Devanagari, it is possible to use the augmentation to minimize 
errors in visually tricky or ambiguous areas.

Another potential area of growth is cross script domain 
adaptation. It would be helpful to come up with a single detector 
that would process various Indic scripts. Existing methods of 
adversarial alignment can be helpful in transferring resources 
in Latin-script resources to a variety of Indic-script domains.

document graph of logical and semantic connections. This 
format facilitates more downstream operations, such as 
reassembling tables, order of reading and fusing multiple 
elements.

and more diverse Devanagari data such as scanned archives, 
degraded prints, and handwritten texts to test the generalization 
on the areas outside of clean printed pages. By incorporating the 
system with OCR engines and more comprehensive document-
understanding pipelines, it is possible to make it even more 
useful in large-scale archiving and automated document 
processing.
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