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Abstract—With the international industries becoming fully computerize, the difficulty of unorganized document processing statement,
medical records, and legal contracts is one of the obstruction of. operational planning. Normal Optical Character Recognition (OCR) can
be used to convert pixels into text, but can not sustain semantic ranking or field relationships. This research presents a hybrid
substructure, which combines cutting- edge OCR. Multi-modal Natural Language Processing (NLP) mechanism and architectures.
Implant of dimensional layouts are introduced by embedding situate. depth NLP-based verification layer, our system attains a complex
knowledge of document systems. We apply a Scalable processing Spark-based cloud system. a LayoutLM-based transformer model entity
recognition. investigative analysis on over 10,000+ mixed documents. which largly improves margin the accuracy of the data,
attaining a 95.4score and saving over 70 percent of time in manual validation. Index Terms Optical Character Recognition (OCR),
Natural. Layoutlm, NLP, Multimodal AI, Data. Hypotomony, Deep Learning, Document Intelligence.
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I. INRODUCTION

In the modern automated world, almost 80 percent to 90 per-
cent of the total number. enterprise data is kept in amorphous
forms. This ”Dark Data” incorporate hard copies of invoices,
scanned reports on clinical activities, legal notes in hand, PDF
legacy. The economic side of this unstructuredness is stunning;
organizations separately incur millions of dollars of expenses
in manual data entry, which is slow in nature, errorful and
limited [1].

The core scientific issue is in the” Semantic Gap.”
Although the current OCR technology has become very
accurate in recognizing characters, it is not as clever as it
would be in exploring synonyms and exploring context. As
an instance, a typical OCR engine may extract the figure
of ”500.00,” though it is not able to tell whether it is an.
without an amount of invoice or a tax or a random serial
number. knowledge about its spatial position with regard to
other literal items such as the term Total or its positioning
on the bottom-right of a table.

This study proposes an Intelligent Document
Management System (IDMS) that fills this gap. We propose

a multichan- nel pipeline which views a document as a 3-
dimensional object: Textual (what is written), Visual (how it).
spatial (where it is placed), and Time(s) (looks). By
incorporating the LayoutLMv3 transformer design featuring
the state-of-the- art architecture. we offer a integrated solution
to distributed Spark-based cloud engine. which stretch out to
millions of documents a month. Moreover, with the
motivation of clinical reproducibility criteria [3], we adopt a
type of system which we call Double-Reading, where the
derived data is guaranteed. grammatical checked by language
models to do away with typeset errors.

II. LITERATURE REVIEW

Document intelligence has moved on towards. rule-based systems
to deep neural architecture. Our review classifies the state-of-the-art
which exists into three technical. pillars.

A. Systematic Overviews and AI Trends

Baviskar et al. (2021) presented a systematic study. un- organized
document processing: literature review (SLR) on unstructured
document processing, determining the fact that character
identification is no longer the key one. obstacle; instead, the
Information Extraction (IE) step is not removed. the most importan
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research gap [1]. Their work emphasize that standard methods
such as Regex are limited by formatting inconsistencies, multi-
modal AI-based approach. offer a long- term solution towards
handling un-structured big data.

B. Industrial Hybrid Models (Specialized)

Luo et al. (2016) suggested a system, called a DoubleRead-
ing/Entry System (DRESS) that extracts clinical information
in EMRs [3]. In their study, they tense that clinical research
requires replicability, which is our principle. have been incor-
porated into our validation module. Likewise, Nasir OCR/NLP
was proven to be efficient by Laique et al. (2021). verifies in
the processing of large-scale colonoscopy reports, hybrids. that
specialized field NLP can do almost as well as human. even
in presence of artifacts in the OCR output they are precise.
[4].

C. Architectural Multi-modal AI Artificial Intelligence

Pappula and Rusum (2023) examined the possibility of
multi-modal AI in extracting structured data and illustrated
that visual. Convolutional Neural Networks (CNNs) layout
analysis. can be used as a robust feature extractor of table
identification. and headers [5]. LayoutLM created by Xu et
al. (2020) also made another groundbreaking development by
pre-training text and. collectively learn spatial, using layout
synchronize. dependencies directly and precisely [8].

III. MATHEMATICAL MODELING OF MULTI-MODAL
FUSION

To interpret the co-relationship between different document

characteristics, we represent each document page as a set of

tokens T = {t1, t2, ..., tn}. For each token ti, we extract a

feature vector vi composed of three embeddings:

Etotal(ti) = Norm(Etext(ti)+Elayout(x, y, w, h)+Evisual(pi))

(1)

Where:

• Etext is the semantic embedding from a RoBERTa-

based tokenizer.

• Elayout is the 2D-positional embedding representing

the bounding box (x, y, w, h).

• Evisual is the visual feature vector extracted from

image patch pi using a Linear Projection.

The loss function for the entity extraction task follows a
sequence labeling objective:

L = −
Σ
log P (yi|ti,Llayout, Lvisual) (2)

i=1

IV. PROPOSED SYSTEM ARCHITECTURE

Our pipeline takes four stages and is structured as follows
high-throughput and modularity.
A. Phase I: Intelligent Pre-processing

In order to boost OCR reliability, we use OpenCV-based
image enhancement. We apply Gaussian Blur to avoid noise
and Binarization by Otsu that gives the optimal uniformity to
identify characters. Skew improvement is carried out. We use
Hough Line Transform to find the orientation of a document
and put the image to a zero-degree baseline.
B. Phase II: Visual Parsing and Layout Analysis

The system broadcast an invocation of the NLP engine
before Enforcing it. Document Layout Analysis (DLA). We
use a pretrained Mask R-CNN model to detect ”Regions of
Interest” (RoI). This defines zones to include:

• Text Blocks: Headers, footers, and paragraphs referred to
as blocks of text.

• Tabular Regions: Tabular section refers to having rows
and columns for structured display removal

• Non-text Elements:Non-Text Elements: Logo, Signature
and Stamp.

C. Phase III: Hybrid POST-Correction And OCR

Our voting system is the Dual-Engine. Tesseract 5.0 and a
cloud based API procedure the document. simultaneously, In
case the confidence of a word using Tesseract human In case the
confidence of a word using Tesseract and has a value less than
0.85, the cloud engine is cross-referenced by the system. In case
both the engines returns a low confidence output, an NLP based
Contextual Corrector proposes the most likely word. depending
on the context of the language around it (e.g.
correcting ”lnvo1ce” to ”Invoice”).

D. Phase IV: Entity Mapping and DRESS Validation



International Journal of Advanced Multidisciplinary Research and Educational Development
Volume 2, Issue 1 | January 2026 | www.ijamred.com

ISSN: 3107-6513

3

The final layer uses a fine-tuned LayoutLMv3 model to
classify tokens into pre-defined objects or entities (e.g., In-
voice ID, Due Date, Total Amount). We apply a ”Double-
Reading” logic: the extracted data is processed through a
validation engine that checks for logical consistency (e.g.,
ensuring Tax + Subtotal = Total).

V. IMPLEMENTATION DETAILS AND CLOUD SCALING

The structure is invoked onto a Spark cloud structure to

facilitate horizontal scaling.

TABLE I
DISPLAYS THE HARDWARE AND SOFTWARE CONFIGURATION OF THE

SYSTEM.

VII. EXPERIMENTAL RESULTS AND DATA ANALYSIS

Our system was tested on two measure datasets (SROIE on
financial receipts and FUNSD on administrative data) and a
particular Medical data Tesseract Only Text-NLP Text+Spatial
Hybrid (Ours)
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Text+Spatial Hybrid (Ours) Feature Complexityatial and visual features in the Hybrid framework.

A. EFFECT OF IMAGE QUALITY ON EXTRACTION

We applied the artificial insertion of problems to find the
robustness of the system Gaussian blur and low
contrast noise added to the data. The Findings in Table II
shows that our hybrid method holds on to high even with
40 percent deterioration of image quality.

TABLE II
MODEL PERFORMANCE UNDER VARYING NOISE LEVELS

Noise Level Precision Recall F1-Score
0% (Clean) 0.978 0.965 0.971

20% (Artifacts) 0.942 0.921 0.931
40% (Blurry) 0.895 0.864 0.879
60% (Critical) 0.782 0.730 0.755

B. PROCESSING SPEED AND LATENCY

By utilizing Spark’s distributed architecture, we attained
a throughput of 25,000 pages per hour. On average, a
single complicated page (containing tables and handwriting)
took 1.2 seconds to process, whereas traditional manual
method takes 3-5 minutes per page.
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ZComponent Specification
Processor Intel Xeon 6248R (48 Cores)
Memory At least 256 GB DDR4 RAM
GPU 4x NVIDIA Tesla A100
Cluster Engine Apache Spark 3.0.0
Cloud Provider AWS Cloud Provider (S3, Lambda, EC2).

VI. ALGORITHM DESIGN

The end-to-end extraction is outlined in the following algo-
rithm single document batch process.

1: Data: Raw Document Image Batch {D}
2 :Producing: Structured JSON Schema {S}
3: for each Image I ∈ {D} do

4: Iproc ← Binarize and Deskew(I)

5: Layout ← Mask-RCNN(Iproc)

6: Tokens,Boxes ← DualOCR(Iproc)

7: Embed ← Fuse(Text, Spatial, Visual)

8: Labels ← LayoutLMv3(Embed)

9: if Conf Score < 0.90 then

10: Labels ← ContextHealer(Labels)

11: end if

12: S←MapToSchema(Labels)

13:Valid ← DRESS Check(S)

1 4 : end for

15: return Batch Result {S}
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Fig. 2. Stability in latency of a 1000 document batch of processing.

VIII. ERROR ANALYSIS

Although the suggested hybrid has a minimal accuracy that is
high, it is not sufficient enough framework, a post-mortem study
on fruitless extractions was conducted rigorously to determine
common patterns of failure. All the inaccurate activities were
usually grouped into three categories, which were Visual
Semantic Ambiguity, Structural Complexity, and Artifacts.
Some 42% of failures were at the visual level errors. These were
mainly caused due to physical document degradation that
bypassed the pre-processing phase, which included bad ink
bleeding, duplicate security stamp, or coffee. stains which
literally blurred character lines. In these even OCR voting
system of two engines could not work to generate a consensus,
and causing the NLP post-processor to hallucinate (dream)
words on the basis of probabilistic context as opposed to actual
pixel data.
Uncertainty in Semantic ambiguity constituted 35 percent of
failures. This was most common in a multi-address document
where a was used Shipping Address or a Billing Address
were the same ones design and such like in language. The
LayoutLMv3 model recognize 2D positional embedding but
none of the model is 2D the model transposed data that had
unusual horizontal orientations among them at times entities.
The remaining 23 percent of errors were due to structural
error namely in nested tables and in grids with no margins.
When a paper had no distinct vertical lines to define columns,
the visual parsing system tended to combine some neighboring
data cells. As an illustration, a column titled as Quantity could
be combined with a column of Unit Price where the separation
between them was very difficult. These edge cases, which
we analyzed, today require a Human-in-the-Loop (HITL)
verifications before they can be processed further, especially
of high-pots financial auditing or clinical dosage extraction.
The next generation will be adaptive grid and To guide these
better, detection and reinforcement learning is enhanced non-

uniform layouts.

IX. DISCUSSION: ROBUSTNESS AND ABLATION
STUDY

We performed the following to confirm the
contribution of each of the modules (Table IV)
removing the spatial layout embedding led to a
12% fall in F1-score, which validates. that
arrangement is not merely the matter of the
text.

TABLE III
ABLATION STUDY: CONTRIBUTION OF SYSTEM COMPONENTS
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Fig. 3. Robustness comparison showing how the Hybrid NLP layer ”heals”
noisy OCR outputs to maintain higher operational accuracy.

X. CASE STUDIES

In order to illustrate the adaptability of the IDMS framework,
we introduce three different industrial applications according to
our research and reference materials.
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Configuration Precision Recall F1-Score
Full Hybrid Model 0.961 0.947 0.954
W/O Visual Analysis 0.942 0.920 0.931
W/O 2D Positional Embed. 0.851 0.818 0.834
W/O OCR Post-correction 0.902 0.882 0.892
W/O Image Pre-processing 0.891 0.865 0.878
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A. Case Study I: Digitization of Medical Report

In accordance with the approach of Luo et al [3] we processed A
millennium anonymized pathology reports. The system was
coached to determine certain tumor markers and vitals of the
patient. The Document marking was achieved with 12 documents
with double-reading logic in which OCR confused a period in a
dose amount, which was corrected by the NLP post-processor by
checking the physical limitation of that drug.

B. Case Study II: Higher Education Admissions

Integrating the working logic of Jayant Bhat [9], we com-
puterized the process of data mining high school documenta-
tion and certificates. The system processed different layouts
ranging between 15. varied regional boards having a 92%
accuracy. The use of spatial embeddings played a pivotal role
in this case, with a varity of transcripts have grids on which are
connected the Subject and Grade only by horizontal alignment.

C. Case Study III: Financial Invoice Management

In the case of a multi-national logistics company, we com-
puterized the payment of 5,000 monthly invoices. The hybrid
framework cut the processing price per invoice by half, to 0.35
This system had a 96.5% F1-score of key identification. Fields
such as those of PO Number and Vat ID, even on scanned
thermal receipts that are habitually notoriously challenging
OCR engines.

XI. DISCUSSION AND ABLATION STUDY

The fact that we have indeed integrated the unification of
Our ablation study (Table IV) maintain that the integrity of
The most important factor is the 2D Positional Embeddings
and to extract in the structure of heterogeneous documents.
Without spatial context, the accuracy of the model reduces
by around 12 percent.

TABLE IV
ABLATION STUDY: SUB-MODULE CONTRIBUTION

Configuration F1-Score Acc. decrease.
Full Hybrid Architecture 0.954 —
W/O 2D Spatial Pos. 0.834 -12.0%
W/O Visual Patch Proj. 0.931 -2.3%
W/O Pre-processing 0.892 -6.2%

XII. CONCLUSION AND FUTURE HORIZONS
This study shows that a hybrid structure, which combines
the character precision of the multi-engine OCR and the, can

be used semantic and spatial LayoutLM transformer intellect,
offers an efficient solution to the unstructured data extraction.
Our framework takes documents as multi-modal beats the
fragility of conventional template based systems and OCR
linguistic blindness of standalone. The integration of Spark
cloud engines and DRESS validation is a assurance that the
solution would not only be correct, but industrially scalable and
acceptable.
Future studies will address the subject of Zero-Shot. learn-

ing” to do without training data labelling. Document types,
multi-lingual integration of new documents. Indic scripts (Hindi,
Bengali, etc.) Character support: Character support should work
on Indic scripts (Hindi, Bengali, etc.) as well as non-Indic scripts.
Hindi and Bengali support where character Hindi and Bengali
support Character support should support character both with
Indic scripts (Hindi, Bengali, etc.) and non-Indic scripts.
duplication is still a major challenge.
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