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Abstract

Financial institutions continue to process millions of hand-
written forms despite digital transformation efforts, creat-
ing a significant operational bottleneck. This research ad-
dresses the persistent challenge of automating handwrit-
ten data extraction from financial documents by introduc-
ing a four-stage processing pipeline that significantly out-
performs existing solutions. QOur approach sequentially
combines targeted structural analysis, specialized optical
character recognition, multimodal large language model
(MLLMs) verification, and database cross-validation to
handle the inherent variability in handwritten content. Ex-
perimental results demonstrate exceptional accuracy with
our enhanced hybrid method achieving 98.4% F1-score
across diverse field types (textual, numerical and checkbox),
with perfect extraction of textual content and near-perfect
numerical field recognition (98.2% F1-score). This rep-
resents dramatic improvement over conventional systems,
particularly for numerical data where precision is criti-
cal for financial transactions. The document-level accu-
racy of 80% substantially reduces manual review require-
ments, offering immediate practical value while establish-
ing a methodological framework for combining complemen-
tary technologies to overcome individual component limi-
tations. This research demonstrates how strategically se-
quenced verification steps can systematically enhance ex-
traction reliability for mission-critical document processing
applications.

1. Introduction

Automated handwritten information extraction from
scanned forms presents a significant challenge in financial
institutions where high-volume document processing
occurs daily. Despite increasing digitization, paper-based
workflows remain prevalent in banking operations, re-
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quiring substantial manual effort for data extraction. This
manual processing introduces inefficiencies through human
error, processing delays, and elevated operational costs.
Current research indicates that automated solutions could
significantly reduce processing times while enhancing data
accuracy and optimizing resource allocation.

Existing methodologies exhibit notable limitations in ad-
dressing this challenge. Conventional OCR techniques per-
form adequately for printed text but demonstrate significant
degradation when processing handwritten content, docu-
ments with mixed text types, and varying scan qualities.
Recent MLLMs offer enhanced semantic understanding, yet
manifest systematic deficiencies in numerical data process-
ing, including hallucination phenomena and information
omission. These limitations are particularly consequential
in financial applications where numerical precision is im-
perative. Developing effective solutions necessitates maxi-
mizing recognition accuracy across diverse handwritten in-
puts while maintaining robustness for practical implemen-
tation.

In this paper, we propose a multi-stage pipeline that
strategically addresses these limitations by: (1) employing
specialized table detection to identify form structure, (2) ap-
plying targeted OCR to extract raw text while leveraging
MLLMs for contextual verification and correction, and (3)
cross-referencing with external databases to validate crit-
ical information. This approach systematically mitigates
the weaknesses of individual components while leveraging
their complementary strengths.

2. Related Work

Early deep learning OCR solutions relied on CNN archi-
tectures. LeCun et al. [11] pioneered the application
of CNNs to document recognition, establishing architec-
tural patterns that influenced subsequent work. These ap-
proaches demonstrated significant improvements over tradi-
tional methods but often required explicit character segmen-
tation. A breakthrough came with Graves et al. [7], who
introduced BLSTM networks with CTC for unconstrained



handwriting recognition, eliminating the need for explicit
character segmentation. Building on this, Breuel et al. [2]
applied LSTM networks to printed text recognition across
diverse fonts and layouts. The hybrid CRNN architecture
by Shi et al. [14] combined CNN-based feature extraction
with RNNs and CTC loss, establishing a powerful frame-
work for end-to-end text recognition.

Attention mechanisms marked another significant ad-
vancement, with Bluche et al. [1] incorporating attention
for handwritten paragraph recognition. For handwriting
specifically, Xiao et al. [16] developed pixel-level rectifi-
cation techniques with an adjacent output mixup method
to improve generalization across diverse writing styles.
Puigcerver [13] conducted comprehensive experiments with
CNN-RNN architectures, establishing strong baselines that
influenced subsequent research.

Following the success of attention mechanisms, re-
searchers began addressing the challenge of line segmen-
tation in document recognition. Yousef and Bishop [17] in-
troduced OrigamiNet, which transforms multi-line text into
a single long line through representation learning. Simi-
larly, Coquenet et al. [1] developed the Vertical Attention
Network for end-to-end handwritten paragraph recognition,
demonstrating that unified models could outperform tradi-
tional two-step approaches.

The current paradigm shift has been driven by trans-
former architectures. Li et al. [12] proposed TrOCR,
leveraging pre-trained vision and language transformers to
achieve state-of-the-art results. Fujitake et al. [6] intro-
duced DTrOCR, a more efficient decoder-only transformer
that processes image patches directly through a pre-trained
language model. For document-level understanding, Co-
quenet et al. [4] proposed DAN, a segmentation-free Doc-
ument Attention Network that jointly recognizes text and
logical layout. Most recently, Chang and Li [3] addressed
efficient model adaptation for mixed text recognition using
parameter-efficient fine-tuning techniques.

Recent studies, such as [5], demonstrate that multi-
modal large language models (MLLMs) outperform tradi-
tional OCR models [4, 6, 9, 12] on open OCR benchmarks
like the IAM and RIMES 2009. On the IAM dataset, the
best CER achieved by conventional approaches is 0.043,
attained by the Document Attention Network (DAN) [4],
while the best WER is 0.1014, achieved by VISTA [9]. In
contrast, Claude-3-5-sonnet-20240620 achieves a CER of
0.0175 and a WER of 0.0355 on the same dataset. Simi-
larly, on the RIMES 2009 dataset, DAN achieves a CER of
0.0454 [4], whereas Claude-3-5-sonnet-20240620 achieves
a CER of 0.0163 and a WER of 0.04. Kim et al. [10] ex-
plored the capabilities of GPT-40 and Claude Sonnet 3.5
in transcribing historical handwritten documents and com-
pared their performance to traditional OCR/HTR systems,
including EasyOCR, Keras, Pytesseract, and TrOCR. Their

findings indicate that, compared to traditional approaches,
large language models (LLMs) produced transcriptions of
historical records that were most similar to the ground truth.
Consequently, MLLMs have garnered attention and are in-
creasingly utilized in real-world business scenarios. For
instance, [8] demonstrated that GPT-40-MINI outperforms
the Azure OCR engine on the TAM dataset, achieving a
CER of 0.01, compared to 0.036 for the Azure OCR engine.

3. Problem Formulation and Theoretical
Framework

We address the structured extraction of handwritten infor-
mation from scanned bank forms, a challenging computer
vision and natural language processing task with signifi-
cant applications in document automation. Formally, given
an input image / containing a form with tabular struc-
ture, our objective is to extract a set of field-value pairs
S = (f1,v1),(f2,v2),...,(fn,vn) where f; represents a
printed field label and v; denotes its corresponding hand-
written value. Figure 2 illustrates a representative input
form from our evaluation dataset.

3.1. Token Sequence Probability in Autoregressive
Models

Our approach leverages MLLMs that sequentially predict
tokens conditioned on preceding context. For a token se-
quence w = (wg,ws,...,w;), the joint probability distri-
bution P(w) is factorized using the chain rule of probabil-
1ty:

t

cwe) = [ Plwilwe)

i=1

P(W) :P(whwg,...

where w; denotes the subsequence (w;—_1,...,w1).

3.2. Information-Theoretic Analysis of OCR-
Enhanced Generation

Our hybrid OCR-MLLM methodology is supported by in-
formation theory. When OCR output o is incorporated
alongside a prompt p, the probability of generating an ac-
curate answer w increases:

P(w|p,0) > P(w|p)

This can be formally derived through Bayes’ theorem
and conditional probability:

P(o|w,p) > P(olp),
P(w|p,0)P(o|p)
P(w|p)

P(w|p,0) > P(w|p)

> P(o|p),
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Name of Beneficiary: HONG TIN TIN

Debtor Reference: 8759

Effective Date: 11 /09
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From: 500,000/
To: 600,000/

Signature(s): Wai

Account Name:|HONG WAI WAI
Account Number: 875398989899
Contact Telephpne Number: 91231786

Figure 1. Existing methods struggle with accurately reading numbers, names, capturing all relevant information, and maintaining formats.
Top: OCR (Amazon Textract). Bottom: MLLM (Claude 3.5 Sonnet V2).

This result establishes the theoretical advantage of con-
ditioning generation on OCR outputs in addition to visual
prompts, providing the foundation for our multi-stage ex-
traction pipeline.

4. Methodology

A Multi-Stage Pipeline for Form Data Extraction: Our
system implements a three-stage pipeline designed to pro-
gressively refine extraction accuracy as shown in Figure 4.

4.1. Preprocessing

Our framework employs targeted preprocessing techniques
to optimize document analysis efficiency. We implement a
morphology-based table detection algorithm that identifies
tabular structures through systematic line detection and grid
reconstruction.

Table Detection: Our approach utilizes computer vision

morphological operations to detect table structures:

1. Line Detection: We apply adaptive thresholding with
Gaussian weighting to convert the image to binary for-
mat, followed by morphological opening operations us-
ing directional kernels (40x1 for horizontal, 1x40 for
vertical) to isolate line structures.

2. Grid Reconstruction: Detected horizontal and vertical
lines are combined through weighted addition and sub-
sequently dilated to form connected table grids.

3. Table Validation: Contour detection identifies potential
table regions, which are validated based on area con-
straints (minimum 500 pixels) and line density thresh-
olds (30% coverage) to eliminate false positives.

This method effectively isolates information-dense tabu-
lar structures containing handwritten customer data while
excluding non-tabular elements that empirically contain
only standardized, extraction-irrelevant instructions (Figure
3).
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Figure 2. Sample bank form, with human-synthesized personal
data.

Concurrently, we implement conventional computer vi-
sion enhancements, including erosion-based denoising to
mitigate scanning artifacts, followed by dimensional stan-
dardization through strategic cropping, thereby establishing
optimal conditions for the resolution-dependent OCR mod-
ules in subsequent processing stages.

4.2. OCR with MLLM Correction

Following preprocessing, our hybrid OCR-MLLM ap-
proach implements a strategic two-phase extraction
methodology for tabular regions. Initial OCR processing
identifies textual elements within the document structure,
after which MLLM algorithms restructure these elements
into standardized (field, value) pairs for analytical consis-
tency. This process incorporates preliminary handwriting
detection as a computational efficiency measure, effectively
excluding blank forms that would otherwise consume un-
necessary processing resources.

Rather than employing MLLMs as primary extraction
mechanisms, we strategically position them as verifica-
tion and correction tools within the processing pipeline.
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Figure 3. Example of extracted table.

The system integrates OCR output with corresponding ta-
ble images into comprehensive contextual prompts, en-
abling targeted MLLM-based verification and error correc-
tion. To further enhance extraction reliability, we imple-
ment a majority voting mechanism across multiple inde-
pendent MLLM inferences, an approach that demonstrably
reduces error rates and increases confidence in the final ex-
traction output.

4.3. Database-Assisted Validation

In our use case, personal data such as account names
and telephone numbers are stored in a database, allow-
ing our extraction framework to implement database cross-
referencing as a targeted validation mechanism for criti-
cal information fields. This approach specifically addresses
persistent inaccuracies in name recognition and numerical
data extraction. Our Database-Assisted Validation method-
ology leverages existing customer records through both
traditional SQL search and LLM-based probable record
matching. The system systematically cross-references ex-
tracted values against authenticated database entries, en-
abling automatic correction of minor transcription errors
when OCR and MLLM results mismatch database records.
This substantially enhances extraction reliability for high-
priority information fields while maintaining processing ef-
ficiency. Note that non-personal data such as dates and
amounts are transaction-specific information not stored in
the database, therefore this database-assisted validation can-



1.Preprocessing 2. OCR with Amazon Textract & initial correction with LLM
NN
Table-1
O .|| Detect table }_, (o) Preprocessing Randomly cropping & o) te ¥
/\<\ /\(\ (denoise and soften) Scaling up/down il /\(\ exists? =
Input image Tabie-2 Tl Handwrten OCR Format identication
o o N (Amazon Textract) & initial comrection
,\(\ /\(\ (Bagrock)
Table-3 Table-1-3
T
I
3. Correction with internal knowledge l
. ] o Extract candidate Query DB with field
{, } o records from DB name and field value

Correct identification with

Final result candidate records

Double check
identification

Figure 4. Structure, OCR enhancement with MLLM and internal Knowledge.

not be applied to these data types.

Through this three-phase processing pipeline, our system
successfully meets the requirements for accurate handwrit-
ten data extraction from scanned bank forms.

5. Experimental Setup

5.1. Handwritten Dataset Description

For our experiments, we utilized a human-synthesized
dataset of 20 distinct form images designed to simulate
real-world scanned bank forms with various handwriting
styles, and image quality variations. The dataset contains
182 information fields across three categories: 47 textual
fields (25.8%), 109 numerical fields (59.9%), and 26 check-
box fields (14.3%). This distribution reflects typical bank-
ing forms where numerical data constitutes the majority
of information. Each form was manually populated with
handwritten information to ensure realistic representation
of customer-completed documents, including common vari-
ations in handwriting clarity and positioning.

5.2. Performance Evaluation Methodology

We employed a comprehensive evaluation framework com-
bining traditional accuracy metrics with error rate mea-
sures. Our methodology assessed performance through both
global and category-specific metrics. For global perfor-
mance assessment, we calculated precision, recall, and F1-
score across all 182 fields to measure overall extraction ef-
fectiveness. We also tracked document-level accuracy, rep-
resenting the proportion of documents with all fields cor-
rectly extracted, providing a stringent measure of end-to-
end system reliability. For category-specific evaluation, we

separately assessed precision, recall, and F1-score for each
field category (textual, numerical, and checkbox) to analyze
performance across different data types. Additionally, we
computed CER and WER to quantify extraction fidelity at
character and word levels.

5.3. Methods

We systematically evaluated three baseline methodologies
and three hybrid approaches. Comparative analysis by [15]
demonstrated that Amazon Textract performs comparably
to the Azure OCR engine on OCR tasks. Subsequent in-
vestigations by [8] and [10] empirically established that
commercial OCR systems significantly outperform open-
source alternatives, including VISTA [9] and DAN [4].
These findings informed our selection of Amazon Textract
as our foundational OCR baseline. For the MLLM com-
ponent of our framework, we selected Claude-3-5-sonnet-
20241022 based on two key considerations. First, compre-
hensive benchmarking by [5] demonstrated that its prede-
cessor (Claude-3-5-sonnet-20240620) ranked in the top-3
performing models for handwriting recognition tasks, with
CER of 0.0175 on IAM and 0.0163 on RIMES datasets.
Second, Claude-3-5-sonnet-20241022, released during our
experimental timeline in late 2024, incorporated optimiza-
tions to its predecessor, making it an ideal candidate for our
multimodal document understanding pipeline.

This implementation reflects the technological landscape
of later 2024, predating the release of subsequent language
model iterations such as Claude 3.7. This temporal context
is significant for reproducibility considerations and appro-
priate benchmarking of the presented results.



Table 1. Global precision, recall, F1-score, and document-level accuracy metrics across all methodologies.

Methods Fields Overall (%) Document-Level
Precision  Recall ~ F1-Score Accuracy
OCR-only 19.32 28.02 22.87 0.00
MLLM-only 54.70 54.40 54.55 0.00
Naive-OCR-MLLM 72.41 69.23 70.79 0.10
Ours-Hybrid 79.78 80.22 80.00 0.20
Ours-Hybrid-RAG 95.11 96.15 95.63 0.65
Ours-Hybrid-Enhanced 97.83 98.90 98.36 0.80

5.3.1. Baseline Methods

OCR-only: We employ OCR to extract text from form im-
ages, followed by rule-based processing to create structured
(key, value) pairs. This approach represents traditional doc-
ument processing without specialized handwriting capabil-
ities.

MLLM-only: We leverage an MLLM to process entire
form images, enabling direct extraction of handwritten text
and conversion into structured output. This approach lever-
ages the inherent visual-language capabilities of MLLMs
without domain-specific engineering.

Naive OCR-MLLM: This hybrid approach sequentially
applies OCR for initial text extraction from form images,
then uses an MLLM to verify and enhance results based on
both the OCR-extracted text and the original image. The
MLLM acts as a refinement layer, addressing OCR errors
through visual cross-verification. This represents a straight-
forward integration strategy without sophisticated coordi-
nation mechanisms between components.

5.3.2. Proposed Hybrid Approaches

Hybrid OCR-MLLM: This approach introduces targeted
processing through: (1) table region extraction, (2) image
preprocessing for quality optimization, (3) focused OCR
application on relevant areas, and (4) MLLM-based veri-
fication comparing OCR output with image content. This
approach concentrates computational resources on relevant
document regions.

Hybrid OCR-MLLM with RAG: This approach
extends the basic hybrid approach by incorporating
database knowledge through Retrieval-Augmented Gener-
ation (RAG). For each extracted field, the system retrieves
and leverages relevant customer data from database to ver-
ify and correct extractions, particularly effective for existing
customers.

Enhanced Hybrid method: This approach improves
reliability through self-consistency by conducting multiple
MLLM inference passes at critical processing stages and
determining final outputs through majority voting.

Specifically, we apply the 5-inference ensemble ap-
proach at two critical stages where MLLM processing oc-
curs:

1. OCR Verification Stage: When the MLLM verifies and
corrects OCR-extracted text against the original image
(Section 4.2, Phase 3), we generate 5 independent in-
ference paths. Each path may produce slightly different
corrections due to the probabilistic nature of language
models. For example, an unclear handwritten 8 might
be interpreted as 8, ’6”, or ”"B” across different infer-
ences.

2. Format Standardization Stage: When restructuring
extracted data into (field, value) pairs and applying for-
mat constraints (Section 4.2, Phase 2), we again sample
5 distinct inference paths to ensure consistent field map-
ping and value formatting.

For each MLLM-processed task, the system:

* Samples 5 distinct inference paths using temperature
sampling (T=0.3)
Collects all proposed outputs from these inferences
* Applies majority voting (minimum 3/5 agreement) to de-
termine the final result

Falls back to the highest-confidence prediction if no ma-
jority exists

This ensemble approach reduces the impact of individual
inference errors at the cost of 5x computational overhead.
Our experiments demonstrate that this investment is justi-
fied, achieving a 4x improvement in document-level accu-
racy (80% vs. 20%) compared to the basic hybrid method.
The consistency gained through majority voting is particu-
larly valuable for numerical fields, where single-inference
errors can propagate through autoregressive generation.

6. Experiment Results

We present a comparative evaluation of the proposed meth-
odes against established baseline approaches. Table 1 pro-
vides a quantitative summary of global accuracy metrics
across all methodologies. Additionally, Tables 2 3 illustrate
performance variations across different data categories for
each method, enabling assessment of type-specific strengths
and limitations in the extraction framework.

The experimental results demonstrate that the proposed
Enhanced Hybrid approach substantially outperforms all
baseline methods across all performance metrics.

The results show a clear progression in extraction qual-



Table 2. Category-related precision, recall, and F1-score metrics across all methodologies.

Textual (%) Numerical (%) Checkbox (%)

Methods Prec Rec F1 Prec Rec F1 Prec Rec F1

OCR-only 1049 36.17 16.27 3333 31.19 32.23 0.00 0.00 0.00
MLLM-only 56.00 59.57 57773 4423 4220 43.19 92,59 96.15 94.34
Naive-OCR-MLLM 70.00 7447 7216 70.19 6697 6854 90.00 69.23 78.26
Ours-Hybrid 81.25 8298 82.11 7593 7523 7558 9259 96.15 94.34
Ours-Hybrid-RAG 97.87 97.87 9787 9541 9541 9541 89.29 96.15 9259
Ours-Hybrid-Enhanced  100.0  100.0 100.0 98.17 98.17 98.17 92.86 100.0 96.30

Table 3. Category-related CER and WER metrics across all methodologies.

Methods Character Error Rate (CER) Word Error Rate (WER)
Overall Text Num Check  Overall Text Num Check
OCR-only 0.3143  0.3236  0.2874 1.0000 0.6336  0.5118 0.6881  1.0000
MLLM-only 0.3006 0.2112 0.3610 0.1154 0.4351 03071 0.6606 0.1154
Naive-OCR-MLLM 0.2377  0.1899 0.2625 0.3846 0.3626  0.2756  0.4587 0.3846
Ours-Hybrid 0.2384  0.2267 0.2494 0.1154 03244  0.2598 0.4495 0.1154
Ours-Hybrid-RAG 0.2630 0.2868 0.2530 0.1154 02786  0.2756  0.3211 0.1154
Ours-Hybrid-Enhanced ~ 0.0014  0.0000  0.0024  0.0000  0.0076  0.0000 0.0183  0.0000

ity as methodology sophistication increases, with our En-
hanced Hybrid method achieving exceptional performance
(98.36% Fl-score and 80% document-level accuracy).
This represents a dramatic improvement over traditional
OCR (22.87% F1-score) and standalone MLLM approaches
(54.55% F1-score).

The category-specific analysis reveals our Enhanced Hy-
brid method’s versatility, achieving perfect extraction for
textual fields (100% F1-score, 0 CER) and near-perfect per-
formance for numerical fields (98.17% F1-score, 0.0024
CER). This balanced performance across content types is
particularly valuable for financial documents containing
heterogeneous field types.

Our approach excels through three key strengths:

1. Strategic Integration: By combining targeted
OCR processing with MLLLM-based verification in a multi-
stage pipeline, our method leverages the complementary
strengths of each technology while mitigating their individ-
ual weaknesses.

2.  Contextual Enhancement: The integration of
database knowledge through RAG significantly improves
extraction quality (80% vs. 20% document accuracy),
demonstrating the value of leveraging existing institutional
data for verification. Note that RAG can only work for the
personal data stored in database, such as account name, tele-
phone number and account number. the non-personal data
such as handwritten date and amount can’t be corrected with
RAG.

3. Error Resilience: The ensemble techniques em-
ployed in our Enhanced approach virtually eliminate char-
acter and word-level errors (0.0014 CER, 0.0076 WER
overall), making the system suitable for high-precision fi-

nancial applications where accuracy is paramount.

Additionally, we identified several noteworthy patterns
in Table 3. OCR-only approach underperformed MLLM-
only on text identification and checkbox recognition tasks
due to MLLMs’ contextual understanding advantages.
However, OCR-only method outperformed MLLM-only on
numerical field identification. This stems from MLLM’ au-
toregressive architecture, which predicts each token based
on previously generated tokens. For numerical values where
digits are semantically independent (such as phone or ac-
count numbers), this sequential prediction becomes disad-
vantageous when processing unclear digits, leading to error
propagation. OCR systems, which process each digit in-
dependently using character-specific recognition, avoid this
cascading error pattern for numerical fields.

Interestingly, the lower CER in Naive-OCR-MLLM
compared to the hybrid approaches stems from their dif-
ferent correction strategies. Naive-OCR-MLLM preserves
more original characters even in partially incorrect fields,
naturally minimizing character edit distances. In contrast,
hybrid approaches implement more aggressive whole-field
replacements when uncertainty is detected, particularly for
text fields. This creates a counterintuitive situation where
the more accurate systems (by precision/recall/F1 stan-
dards) show higher character error rates because they prior-
itize complete field correctness over character-by-character
preservation. This trade-off ultimately proves beneficial, as
evidenced by the hybrid approaches’ substantially higher
F1-scores and document-level accuracy.

These findings confirm that our hybrid methodology rep-
resents a substantial advancement in automated handwritten
form processing for financial applications, effectively bal-



ancing the complementary strengths of traditional OCR and
modern MLLMs.

7. Conclusion

This paper presents a novel hybrid approach for handwrit-
ten information extraction from banking forms that inte-
grates OCR processing, MLLM verification, database aug-
mentation, and self-consistency. Our experimental results
demonstrate exceptional performance (98.36% F1-score,
80% document-level accuracy) with near-zero character er-
ror rates (0.0014 CER), substantially outperforming tradi-
tional methods.

The strategic integration of OCR and MLLM creates
synergistic improvements by leveraging their complemen-
tary strengths. Database integration via RAG significantly
enhances accuracy (F1 increase from 80.00% to 95.63%),
while our architecture effectively handles diverse field types
simultaneously. The near-elimination of character-level er-
rors enables reliable processing in financial contexts where
precision directly impacts transaction validity. Our ensem-
ble techniques provide a 4x improvement in document-level
accuracy compared to the basic hybrid method, justifying
the additional computational investment through reduced
manual verification.

Future work should focus on automatic form structure
learning, database-independent verification methods, and
validation across broader document types.

In practical deployments, our system demonstrates po-
tential for significant operational cost reduction while main-
taining regulatory compliance requirements. Financial in-
stitutions implementing this approach could realize up to
75% reduction in manual processing time according to our
preliminary deployments. However, we acknowledge lim-
itations in processing highly degraded documents and han-
dling forms with unconventional layouts. The system’s re-
liance on database verification also presents challenges for
processing first-time customers or rare entities without his-
torical records.
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