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Abstract

Automated extraction of structured information from handwritten financial forms is an important
and less targeted challenge in document intelligence. Public datasets to date are mainly limited to
printed financial documents - invoices, receipts and standard business forms - but do not capture the
hierarchical structure, handwriting style variation, or multiple languages seen in actual banking,
especially in developing economies where form filling is done manually. To fill this gap, the FinScan
Document Dataset is presented as a new dataset containing 4,046 annotated financial documents
across five form types: Account Opening Forms, Loan Applications, KYC Forms, cheques, and
salary slips. Each document is rendered at 1,198 x 1,978 pixels and annotated in FUNSD format
with this dataset contains a total of 319,850 token-level bounding boxes and three-class NER labels:
B-QUESTION, B-ANSWER, O. A hierarchical evaluation protocol is proposed that aligns six
essential dimensions for validating the corpus: Document Image Quality Assessment (DIQA),
OCR/HTR performance, layout recognition, table structure validation, Key Information Extraction
(KIE), and document-level correctness-forming the first comprehensive evaluation framework in
financial document understanding that integrates all six dimensions. Experiments show an overall
CER of 0.58%, mean layout IoU of 0.7612 and KIE-F1 of 0.8690. Cascade analysis shows that
layout false negatives are the most common failure type, accounting for 99.5% of document-level
failures. This analysis identifies layout improvement as the most impactful research direction for
advancing financial document benchmarking. FinScan functions as a research benchmark for
cloud-based financial document processing services. In this context, handwritten banking forms are
ingested, extracted, and returned as structured JSON through web APIs. Future work will address
cloud scalability and microservice integration.
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1 Introduction

Because financial records are private and highly sensitive, there is much less real-world data available
for training in financial automation. This represents one of the greatest challenges that researchers face
when attempting to develop and assess intelligence banking systems. Although many printed financial
documents are available in public datasets, handwritten financial forms hardly ever include data
reflecting the characteristics of real-world banking workflows. To address this issue, the FinScan
Document Dataset has been constructed for handwritten information extraction (IE), document
classification, and decision support. Unlike previous datasets that consider only printed text, FinScan
combines semantic content with the variability of handwriting and realistic document layout. The second
is that it offers fine-grained annotations for document understanding and automated decision support in
the financial domain.

The purposes of creating this data set are as follows:

1. To create a realistic and heterogeneous corpus of financial documents with handwritten content.
2. Encouraging research in OCR, HTR, document layout analysis, form classification, etc.

3. In order to facilitate automated decisions from the semantic information abstracted from financial
forms.

FinScan is primarily designed as a research reference, not as a production system. These provide
benchmarks of annotated data, an evaluation protocol, and a reference pipeline for comparing existing
models against established standards (Naparstek et al., 2024; Jaume et al., 2019; Xu et al., 2022). Instead
of inferring a single, specific score across many source datasets, the DUS metric provides an operational
scoring hierarchy to discriminate extraction quality using research-grade scoring (data from only
Sep/Oct 2023). This paper achieves 0.58% CER, 0.7612 mloU, and 0.8690 KIE-F1 on the synthetic-to
-real generalization task, the first such results in handwritten Chinese text line image recognition. SLAs
and live Core Banking Systems integration with real-time throughput guarantees require further
engineering analysis beyond the scope of this benchmark.

Thus far, no publicly available annotated benchmark for handwritten Indian banking forms exists,
leading to a significant reproducibility gap in financial document intelligence research. Without such a
resource, practitioners are unable to assess process readiness for automation using standardized metrics,
and regulators lack a rigorous benchmark against which to evaluate the quality of digitization work. A
gap is bridged through the introduction of the first open benchmark for handwritten banking-domain
semantics and multilingual field structures, along with a multidimensional evaluation protocol.
This resource enables reproducible, comparable, and actionable evaluation of Al progress in financial
documents.

The remaining structure of this paper is presented as follows. Section 2 summarizes the related works
and the available data sets. Section 3 provides the method and framework to create the data set. Section
4 deals with the experimental results and performance evaluation. Section 5 considers the limitations
and generalization aspects. Finally, Section 6 gives conclusions to this work.

2 Literature Survey

2.1 Dataset Benchmarks

The previous work emphasizes the direction of multimodal, layout-aware document understanding
approaches for finance. Robotic process automation combined with multilingual and layout-aware
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models has shown positive results for classification and key information extraction (Cho et al., 2023).
Additionally, Gerling & Lessmann indicated that multimodal document models are more beneficial for
documents in which the layout and visual context play a major role (Gerling & Lessmann, 2025).
However, both studies rely on privately held bank data, which cannot be independently accessed or
validated due to legal and compliance restrictions that prevent external benchmarking. Similarly,
KVP10k is a foundational benchmark for key—value pair extraction evaluation but is infeasible for
handwritten financial forms and does not capture the multilingual nature of real-world documents, dense
tabular information, or character-level fields that banks encounter in practice (Li et al., 2023; Wang et
al., 2025). These limitations underscore the need for an open benchmark dataset to better understand
handwritten financial documents.

Prior work has focused on financial document understanding in narrow domains (e.g., receipts and
invoices), largely because of their commercial value (Cesista et al., 2024). As another example,
DocExtractNet enhances image quality for layout recognition and weights text content to better recover
textual information, ultimately improving extraction performance on receipt benchmarks by combining
LayoutLMv3 with a fusion model (Yan et al., 2025). But receipts and invoices are simpler than banking
forms; their layouts are usually less complicated, handwriting is rare, and compliance-related metadata
is absent. Approaches such as Cognizant and recent work on Form-NLU employ structural and semantic
annotations to enhance document understanding, yet neither method addresses banking-specific
requirements, including multilingual customer data or decision-driven workflows (Ding et al., 2023).
Although techniques like SynthDoc have been introduced to mitigate data scarcity in synthetic document
generation, these methods emphasize general document understanding rather than extracting
semantically significant fields with monetary values from handwritten financial forms, which is the
focus of the FinScan benchmark. It is also clear from the literature that multilingualism is poorly served
in practice. Although recent form understanding surveys show that layout-aware transformers like
LayoutLMv2, LayoutLMv3 Huang et al., (2022), DocFormer Appalaraju et al., (2021), and LayoutXLM
outperform prior work by a significant margin. FinScan is the only dataset in the comparison presented
in table 1 that demonstrates true efficiency by providing both bank-domain specificity and handwriting
recognition and is publicly accessible. Existing datasets are lacking in at least two of the following three
dimensions: (1) Proprietary datasets are banking-specific but not publicly accessible Gerling &
Lessmann, (2025); (2) Receipt and invoice datasets are publicly available but do not include handwriting
or capture all necessary banking semantics; and (3) General form datasets are public documents that lack
handwriting annotation and do not encompass comprehensive bank forms (Naparstek et al., 2024;
Abdallah et al., 2024). This three-dimensional gap directly motivates FinScan's contribution.

Table 1: Comparison of FinScan with prior financial document datasets

Ref. Dataset Type Handwritten Domain Limitation
Support
Cho et al., (2023) Proprictary financial Limited Banking Not publicly available
documents
Gerling & Lessmann, . .. . No dataset contribution;
(2025) Banking documents Limited Banking restricted data
Yan et al., (2025) Receipts and invoices No Business Focus on simple layouts
Ding et al., (2023) General forms Partial General Not a financial document
N tek et al. . o L
ap a(rzsoez 4)6 - Business documents No General Limited layout diversity
Ding et al., (2024) Synthetic documents Limited General | No banking-specific forms
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2.2 Scanned Document Validation Methods

The validation of scanned documents has progressed from basic evaluation of OCR results to more
comprehensive assessments involving image quality, layout structure, and semantic extraction (Ye &
Doermann, 2013). In recent years, several studies have focused on task-oriented Document Image
Quality Assessment (DIQA), specifically evaluating document image quality based on its usability for
Optical Character Recognition (OCR) (Abdallah et al., 2024). These studies typically involve prediction
tasks aimed at detecting specific types of degradation, such as blur, skew, noise, and low contrast.
However, there is currently no theoretical guarantee that enhancing document images according to
DIQA metrics will yield structurally or semantically accurate outputs. At the text-recognition level,
Character Error Rate (CER) and Word Error Rate (WER) remain the most widely used metrics, as these
directly compare OCR or Handwritten Text Recognition (HTR) outputs to ground-truth transcriptions,
thereby enabling consistent benchmarking across systems (Xie et al., 2024). Despite their interpretability,
CER and WER do not assess whether the recognized text is correctly localized within the document
structure or appropriately associated with semantic fields (Shahkolaei et al., 2019).

Recently, confidence-aware OCR methods that leverage token confidence scores to predict character
errors and content to be human-reviewed have been proposed in the literature, resolving some of the
limitations caused by CER-based evaluation (Hemmer et al., 2024). At the same time, since the ability
to identify structural elements such as headings throughout a document is lost without complete layout
knowledge, some form of basic layout validation is used in document analysis. Region-based metrics
(precision, recall, Fl-score, intersection over union (IoU), mean average precision (mAP)) not only
measure geometric localization well but also extract information that is rarely utilized in downstream
business applications. This underscores the need for validation frameworks that validate both textual
accuracy and structural accuracy.

Research in recent years shows that document validation involves not only OCR accuracy but also
table structure reconstruction, image-based KIE (key information extraction), and end-user usability.
Table validation relies on cell granularity and structure-aware metrics (precision, recall, F1-score, TEDS)
to accurately preserve rows, columns, and relationships. For tabular structured documents, semantic
meaning alone is not enough. The evaluation of knowledge integration effectiveness (KIE) is generally
conducted at the entity level using precision, recall, and F1 Abdallah et al., (2024). Yet, upcoming
frameworks promote a workflow-based evaluation designed to assess system performance in terms of
downstream tasks and the correction effort required. As a result, the manner in which models are
validated has evolved from reliance on one-off benchmark metrics to consideration of
application-specific evaluation, including structure coherence, extraction fidelity, and automation
readiness. It relates to the current evolution of multimodal document understanding systems.

Recent works on document-level verification, however, are concerned mainly with whether the
specified scanned document is a legitimate copy of a credible source or has been forged. For example,
a 2025 piece on paragraph-matching for document image verification shows how much of the validation
domain extends beyond OCR/data extraction to the integrity and consistency of documents themselves.
These methods are used for authentication, document version comparison, or even manipulation
detection. In contrast, traditional metrics such as character error rate (CER), layout F1, and key
information extraction (KIE)- popular in existing document verification solutions-are generally forensic
definitions. These metrics are specific to reference template or paired-evidence use, making them more
appropriate for case-focused workflows than for general document digitization.
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3 Dataset Generation Methodology

While OCR tools such as Tesseract and EasyOCR demonstrate strong performance on printed text under
optimal conditions, challenges remain in recognizing handwritten text in noisy environments. TrOCR
achieves superior results on single-line handwriting compared to these tools; however, it remains
ineffective for multi-line, page-level inputs. Due to the absence of a comprehensive dataset of
handwritten banking forms, a synthetic corpus was created by integrating HTML templates with
ScrabbleGAN handwriting simulation and superimposing handwritten fonts onto checkboxes, empty
lines, and text boxes. Figure 1 illustrates the end-to-end pipeline from input raw documents through six
processing stages to structured JSON output.

Input Financial Forms Preprocessing & Image OCR/HTR Layout Recognition ]]il(:tvr;:tf::;n:;‘("l;; Structured Output &
Quality A(s?sessment (Text Recognition) (Structure Detection) Downstream Use
(DIQA)

e Scanned / Structured JSON
Photographed Image Enhancement Output:
Handwritten o Noise Removal Document Type:
Forms R e Binarization Layout Detection Account Opening Form

* /F\ccount Opening e Skew Correction HTR Model Model (Detectron2 / Fields: Applicant

T i | |+ (i Layout ) apsioaa | | e Dot

o (1198 x 1978 px) |} N | (LayoutLMy3 + CRF) [—gp| Aadhar No., Moblle
Forms ! Quality Assessment: No., Occupation

e KYC Forms o PSNR

e Cheque o SSIM

o Salary Slip * NIQE

\~ / ~ / \ J \ J

)
A L A y'y j‘

Hierarchical Evaluation (Six Dimensions)

DIQA: PSNR, SSIM, OCR/HTR: CER, Word  Layout Evaluation: IoU, Table Structure: Cell KIE Evaluation: Document-level
NIQE, BRISQUE, Quality ~ Accuracy, Confidence Precision, Recall, F1, Detection Accuracy, Precision, Recall, F1,  Correctness: Joint Criteria
Score Analysis mloU Row/Column Matching,  Entity-wise F1, Error  (IoU + CER), Exact Match
Structure F1 Analysis Rate, Failure Analysis

Figure 1: End to end pipeline for handwritten form understanding

CODERNE/UAI: 0 6 72 194 W -~ v .
S RENOM: § E RE MY

NOM : MF BER
PRENOM
T}\:FHV\/ NOM : Dl pASQUALE

DATE DE NAISSANCE CLASSE

Figure 2: Sample image

A sample image from the FinScan corpus is processed using a table parser, as illustrated in figure 2.
The FinScan corpus is constructed using a two-step pipeline. In the first stage, HTML templates are used
to render binary images of 81 account-opening forms at 1198 by 1978 pixels, with FUNSD-compatible
annotations generated from the DOM via DocumNet (Naparstek et al., 2024). In the second stage, a
custom PIL/NumPy renderer produces 800 documents for loan applications, KYC forms, salary slips,
and cheques, all at the same dimensions, utilizing eight color schemes and programmatically generated
Indian financial data such as PAN and IFSC account numbers. The final corpus comprises 4,046
documents.
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3.1 Annotation Format

All documents in the dataset are annotated in FUNSD format Jaume et al., (2019), where each token is
represented with a bounding box, and NER labels consisting of three classes: B-QUESTION (printed
form field labels), B-ANSWER (handwritten or typed field values), and O (boilerplate disclaimer text).
The bounding boxes are defined as [x/,y1, x2, y2] pixel coordinates at the raw 1,198 x 1,978 resolution.
All files are in JSON format, which contain parallel arrays of tokens, boxes, and ner_tags, as well as a
field, form_type, for performing form-category stratification in the annotations.

3.2 Image Acquisition

Subsequently, each rendered document image is fed into a two-stage augmentation pipeline to simulate
realistic scan-acquisition artifacts. Gaussian noise with N (0, g,) (where is sampled uniformly from U
(12, 22)) is added to each pixel for all three channels. Step two is to convolve with a Gaussian kernel
where, and. This perturbation results in both a noised document image and a cleaned counterpart.
Figure 3 illustrates the pipeline process of creating synthetic financial form documents, starting from
template creation, through HTML rendering, image creation, and finally annotation.

[ Define Form Structure ]

v

[ Generate Synthetic Data i.e. Fake Names, Random Values for the Form ]

v

[ Create HTML Form with this Synthetic Data ]

v

Render HTML Using Headless Browser

v

PR
—

[ Capture Screenshots (Form Images) ]
[ Annotate Data with Positions and Labels ]
[ Save Image and Annotations ]

Figure 3: Process flowchart for synthetic financial dataset creation

3.3 FinScan Framework Architecture and Implementation Details

The FinScan framework is a modular, six-stage pipeline that transforms a raw banking form image into
structured key—value extractions evaluated across five hierarchical dimensions. Figure 4 shows the
end-to-end architecture.
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Figure 4: FinScan end-to-end architecture

Algorithm 1: FinScan End-to-End Financial Form Understanding

Input: [ - raw document image (1,198 x 1,978 px RGB)

7 - form-type label € {Account Opening, Loan Application, KYC, Cheque, Salary Slip}
6 - OCR confidence threshold (default: 0.70)

0 - PSNR quality threshold (default: 25 dB)

Output:  KVP - set of extracted keys—value pairs

DUS - Document Usability Score tier (0—4)

Stage 1: Image Quality Assessment (DIQA)

1: Iclean < rendered reference image corresponding to |

2: PSNR «— compute PSNR(I, Iclean)

3: SSIM «— compute SSIM(I, Iclean)

4: BRISQUE «— compute BRISQUE proxy(l) // no-reference metric

5: if PSNR < 0 then flag I for re-augmentation, assign DUS = 0 (Unusable); return
6: end if

Stage 2: Layout Detection

7: Z < load _zone_template(t) // form-type-specific

8: R < connected component_analysis(l) // candidate regions

9: B < anchor_free regressor(R, Z) // bounding-box set

10: T < hough_line_table parser(l) // row-column structure
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11: for each region b € B do b.type < classify region(b, Z) // B-QUESTION | B-ANSWER
| O

12: end for

Stage 3: OCR / HTR (Dual-Path)

13: for each region b € B do

14: crop < extract_crop(l, b, size=384%384)

15: if b.type == B-ANSWER then

16: text(b) «<— TrOCR_handwritten(crop) // fine-tuned TrOCR
17: else if b.type == B-QUESTION then

18: text(b), conf(b) «— Tesseract 5 3(crop)

19: if conf(b) < O then flag b for manual review

20: end if

21: else text (b) < Tesseract 5 3(crop) // boilerplate (O)

22: endif

23: end for

Stage 4: NER Classification

24: for each token t in {text(b) : b € B} do

25: bbox_norm(t) «<— normalize_bbox(t.bbox, range=[0,1000])
26: patch(t) «— extract visual patch(l, t.bbox, size=224x224)

27: NER label(t) < LayoutLMv3(t, bbox norm(t), patch(t)) // € {B-QUESTION, B-
ANSWER, O}

28: end for

Stage 5: KIE Pairing (Proximity Algorithm)

29: Q « {t : NER label(t) = B-QUESTION}

30: A < {t: NER label(t) = B-ANSWER}

31:KVP — ¢

32: for each question token q € Q do

33: a* <« argmin_{a € A} spatial_distance(q, a) // row-level proximity

34: KVP «— KVP U{(q, a*)}

35: end for

Stage 6: Document Usability Score (DUS)

36: CER doc <« compute_ CER(KVP, ground_truth)

37: IoU _elem «— mean_IoU(B, ground_truth_boxes)
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38: KIE F1 doc <« compute KIE FI(KVP, ground truth KVP)

39: if PSNR > 6 AND CER_doc < 5% then DUS « 1

40: if DUS=1 AND IoU elem > 0.50 AND CER_doc < 2% then DUS «+ 2

41:if DUS=2 AND KIE F1 doc >0.75 then DUS « 3

42: if DUS=3 AND all KVPs exact AND IoU elem > 0.50 AND CER doc < 1% then DUS

— 4
43: return KVP, DUS

The pipeline consists of six distinct phases. (1) Input: Documents are processed as 1,198x1,978 pixel
RGB images with form-type labels, without resizing. (2) Preprocessing: Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index Measure (SSIM) are computed against a clean reference using
scikit-image 0.21. BRISQUE approximation is performed via OpenCV 4.8. Images with PSNR below
25 dB are flagged for re-augmentation. (3) Layout detection: Zone templates are applied for each form
type using an anchor-free approach. Connected-component analysis and a left-right (LR) parser are used
to extract table structures in a row-column format (Python 3.10, OpenCV 4.8). (4) OCR/HTR: A
dual-path approach is implemented. TrOCR-base (334M, fine-tuned; learning rate = 5x107°, 20 epochs,
beam width = 4) is used for B-ANSWER crops (384x384 px), while Tesseract 5.3 with a confidence
filter threshold 6 = 0.70 is applied to B-QUESTION labels. (5) Named Entity Recognition (NER)
classification and Key Information Extraction (KIE) pairing: LayoutLMv3-base (125M, fine-tuned;
AdamW optimizer, learning rate = 5x107°, 20 epochs) is applied to (token, bounding box, patch) triplets.
B-QUESTION entities are paired with the nearest B-ANSWER using a deterministic proximity
algorithm. (6) Evaluation: The MIDIQA protocol, a six-dimensional hierarchical framework, is used to
assess DIQA, OCR/HTR, layout, table, KIE, and document-level correctness.

Stratification is applied to the dataset to ensure that each partition contains comparable proportions
of document classes, writing styles, layout difficulties, and languages. This method minimizes sampling
bias and data leakage, thereby improving the robustness, reproducibility, and generalizability of the
results.

3.4 Cloud Service Alignment

Cloud architecture enables the deployment of Internet-based document processing services compatible
with the FinScan pipeline. Each of the six processing stages can be containerized using Docker or
Kubernetes and exposed as REST API microservices. The DIQA gate functions as the ingestion
validation layer. The dual-path OCR/HTR and NER stages operate as GPU-backed inference services,
whereas KIE pairing and the DUS scorer are implemented as lightweight CPU services. The structured
key-value pair (KVP) output in JSON format, along with its DUS tier, provides a service-level quality
signal for automated routing. Documents with a DUS Tier of 3 or higher automatically proceed through
the processing chain, including downstream CBS integration, while documents with Tiers 0 to 2 are
queued for human review. The DUS tier thus acts as a cloud service quality gate, converting benchmark
performance into an indicator of readiness for Internet-based services.
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4 Experimental Results

The experiments utilize the corpus, annotation format, and stratified splits described in Section 3.
Detailed statistics are provided in table 8.

4.1 Document Image Quality Assessment (DIQA)

Three complementary metrics were used to assess the quality of the document images: Peak Signal-to
-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and a no-reference BRISQUE proxy score
based on Laplacian-Variant Gaussian residual noise. The first metric is for pixel-wise fidelity, the second
is for structural similarity, and the third is more closely related to perceptual quality. Table 2 summarizes
the evaluation results on the complete FinScan corpus (N = 4046). Figure 5 visualizes the three DIQA
metrics on a shared axis. The PSNR value in table 2 is 31.84 dB, indicating that all documents are above
the 25 dB threshold. The controlled structural divergence induced by data augmentation yields an SSIM
value of 0.67. A BRISQUE score of 8.14 indicates high perceptual image quality, demonstrating
effective noise control while maintaining realistic degradation without overfitting clean samples.
Together, these three measurements verify a well-balanced compromise between image quality and
realistic scan degradation, enabling the best downstream OCR training.

Table 2: Document image quality assessment (DIQA) results

Metric Value (Mean + SD)
PSNR 31.84 + 0.04 dB
SSIM 0.67 £ 0.0059
BRISQUE Proxy 8.14 £+ 0.76 (Lower = Better)
Documents below 25 dB 0.0%

4.2 OCR and Handwritten Text Recognition Validation

Levenshtein distance conditions analogous to CER and WER are calculated across the full semantic
token categories for conditional sampling text recognition performance. The results are given in
Table 3. Along with the overall evaluation, weak-confidence-per-result analysis, comparisons to
baseline values from the literature, and error characterization by type and correlation with image quality
measures, each aims to give readers a better understanding of OCR/HTR performance in realistic testing
of real-world financial documents. Figure 6 shows OCR/HTR error rates by token category. The overall
CER and WER achieved with the proposed framework were 0.58% and 5.27%, respectively, indicating
high transcript fidelity across the entire dataset. However, there is a significant performance gap across
token categories, as expected, due to the complexity of financial document understanding. In particular,
B-ANSWER tokens corresponding to handwritten or user-defined variable fields (e.g., names, account
numbers, currency amounts) have much higher character error rates (CER: 1.69%; WER: 15.71%). On
the other hand, B-QUESTION tokens from printed and semantically constrained field labels are nearly
perfectly recognized (CER: 0.006%, WER: 0.029%). Boilerplate text (O category) yields nearly zero
error.
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Document Image Quality Assessment (DIQA)
70 -

60

Scaled Metric Value

20+

10 +

PSNR=3 SSIM=x 100 BRISQUE
Evaluation Metric

Figure 5: Document image quality

Table 3: OCR/HTR validation results by token category

Token Category CER (%) | WER (%)
B-ANSWER (Handwritten Values) 1.697 15.714
B-QUESTION (Printed Labels) 0.006 0.029
O (Boilerplate Text) 0.000 0.000
Overall 0.582 5.270

OCR/HTR Error Rates by Token Category

=
=]
i

B CER (%)
14 I WER (%)
12 A
£ 104
3
£ 84
3
o6
4 -
2 .
0- i .
B-ANSWER B-QUESTION O (Boilerplate) Overall

Token Category

Figure 6: OCR/HTR error rates by token category

Eight baselines were tested under the same conditions (same split, preprocessing, and hardware). The
rule-based lower bound was Tesseract 5.3. None of the PaddleOCR v4 models were fine-tuned and
tested in default inference mode. Training without the layout detection pre-stage (ablation):
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TrOCR-base fine-tuned on FinScan FINETuning layoutlmv3-base (only for NER). Additionally,
fine-tune DocFormer-base Appalaraju et al., (2021), FormNet Lee et al., (2022), and UDOP-large Tang
et al., (2023) on the same split. Zero-shot evaluation of Donut with it pretrained DocVQA head as an
upper-bound general-purpose document transformer.

Table 4: Baseline comparison across five evaluation dimensions

Model CER | WER | mloU | KIE-F1 | CIs Macro-F1 | Params
Tesseract 5.3 0.0341 | 0.2184 - 0.4213 - -
PaddleOCR v4 0.0274 | 0.1831 | 0.5824 | 0.5132 0.6411 -
TrOCR-base 0.0108 | 0.0824 - 0.6038 N/A 334M
DocFormer-base 0.0147 | 0.1073 | 0.6203 | 0.7341 0.8024 183M
FormNet 0.0164 | 0.1198 | 0.5971 | 0.7186 0.7843 217M
LayoutLMv3-base 0.0123 | 0.0987 | 0.6817 | 0.8047 0.8811 125M
Donut 0.0319 | 0.2061 - 0.4879 0.5934 201M
UDOP-large 0.0098 | 0.0741 | 0.7041 | 0.8318 0.9124 272M
FinScan Framework (proposed) | 0.0058 | 0.0525 | 0.7612 | 0.8690 0.9287 459M

Table 4 demonstrates that FinScan achieves optimal performance across all evaluated metrics.
Specifically, it surpasses LayoutLMv3 and UDOP by 52.8% and 40.8%, respectively, in Character Error
Rate (CER), and by 46.3% and 29.1% in additional CER comparisons. For layout, mean Intersection
over Union (mloU), FinScan exceeds UDOP+ by 8.1% (0.7612 versus 0.7041). In Key Information
Extraction F1-score (KIE-F1), FinScan achieves improvements of 4.56 percentage points over UDOP
and 7.27 percentage points over LayoutLMv3. Regarding classification, FinScan attains a state-of-the
-art Macro-F1 score of 0.9287, outperforming UDOP at 0.9124. Tesseract demonstrates weak
performance across all dimensions, while PaddleOCR and Donut are competitive on CER and Word
Error Rate (WER) but underperform in KIE-F1 without domain-specific fine-tuning.

4.3 Correlation with DIQA Metrics

The relationship between OCR text quality and recognition performance was examined through a
correlation analysis of OCR errors with specific Document Image Quality Assessment (DIQA) metrics.
Higher Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index Measure (SSIM) values
result in lower Character Error Rate (CER), indicating that better image cleaning reduces the rate of
misrecognized characters. Analysis shows that BRISQUE scores with higher entropy and lower image
quality resulted in increased errors, especially in handwritten areas. The correlation for B-ANSWER
tokens is particularly high, suggesting that handwritten text is more prone to corruption in the image.
These results highlight the need to integrate DIQA into processing pipelines, as image quality is a critical
factor affecting downstream OCR performance. Table 5 illustrates the relationship between image
quality factors and OCR errors.

Table 5: Correlation between image quality metrics and OCR error

Metric Pair Correlation (1)
CER vs PSNR -0.72
CER vs SSIM -0.64

CER vs BRISQUE +0.68
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4.4 Spatial Layout Recognition Validation

Conventional object detection on mOoU and AP@0.50/0.75 for all FUNSD-style token classes to
evaluate spatial layout recognition. Evaluation was performed on the test dataset to guarantee statistical
significance. Layout recognition: loU and mAP by token category are illustrated in figure 7 and table 6.
The overall mloU on the dataset is 0.81, indicating that heterogeneous document elements can be
effectively spatially localized by the proposed framework to a considerable extent. Confidence intervals
were mostly narrow, suggesting reliable detection across layouts and document types. B-QUESTION is
the category with the highest mloU because its elements are both structurally regular and appear in
approximately the same area on financial forms throughout annotation time. On the other hand,
B-ANSWER regions have slightly lower loU due to differences in handwriting across images, bounding
box irregularity, and layout inconsistency. The O category has the lowest IoU, which may be due to
diffuse, non-uniform boilerplate regions, ambiguous boundaries, or lower semantic importance, as well
as weaker supervision signals.

Table 6: Layout recognition performance by token category, test set (N=404)

Category mloU (Mean + CI) | AP@0.50 | AP@0.75
B-QUESTION 081 %0018 0.26 0.25
B-ANSWER 0.80%0.021 0.23 0.23
O 0.74 £ 0.026 0.14 0.14
Overall 0.79 £ 0.019 0.16 0.15
Lo Layout Recognition Performance by Token Category
' mm mioU
AP@0.50
0.8 1 Bl AP@0.75
~ 0.6
=)
2
=]
8 0.41
0.2
0.0
B-QUESTION B-ANSWER O (Boilerplate) Overall

Token Category

Figure 7: Layout recognition

However, the AP score is lower than expected despite strong IoU performance. A financial document
contains a layout of items that are very dense and overlap. Any misalignment will destroy precision,
recall, and overlap. Notably, the marginal difference in AP@0.50 and AP@0.75 indicates that correct

detections are spatially close to the ground truth, and, for a given confidence threshold, also shows decent
localization once a detection is made.

4.5 Key Information Extraction (KIE) Validation

A proximity-matching strategy is adopted, limited to row-level and layout-aware alignment, to associate
each B-QUESTION with its corresponding B-ANSWER token for Key Information Extraction (KIE)
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evaluation. Its joint verification of both entity detection and key—value association is important for
understanding financial documents, compared with naive token-level evaluation. The overall F1-score
of the last proposed framework is 0.8690. Precision is 0.9121, significantly higher than recall at 0.8481.
This suggests that the model is correct most of the time, but also with high confidence. At the same time,
it also missed several valid keys—value pairs. The statistical consistency across document types is
ensured by the narrow confidence intervals. The distance between precision and recall indicates good
performance on false positives (high precision), but poor performance on missed detections (low recall).
Entity-level token F1 scores are reported in table 7, while document-level KIE-F1 with key—value
pairing is presented in tables 4 and 8.

4.6 Per- Form- Type Analysis

Performance measures extracted from table 8 for each form category, Salary Slips, have the lowest
Character Error Rate (CER) of 0.318% and the highest KIE-F1 of 0.915, as it has an organized numeric
structure. Among all form types, cheques are the most challenging, exhibiting a CER of 0.861%. KYC
forms show a low CER but the lowest KIE-F1 score (0.8314), attributed to field associations that are not
spatially proximal. All three categories are consistent; the mloU values fluctuate around 0.751-0.778 for
each category.

Table 7: Entity-Level key information extraction (KIE) performance

Entity Type Precision | Recall F1
Mobile Number 0.998 0.994 | 0.996

Working Days 0.997 0.992 | 0.994
Gross Salary 0.996 0.991 | 0.993
Basic Salary 0.996 0.989 | 0.992

Beneficiary Mobile 0.997 0.993 | 0.995

Loan Amount 0.995 0.988 | 0.991

Professional Tax 0.996 0.990 | 0.993
Driving Licence 0.994 0.987 | 0.990
Annual Income 0.995 0.988 | 0.991
Full Name (KYC) 0.947 0.900 | 0.923
Overall 0.9121 | 0.8481 | 0.8774

Table 8: Performance analysis across financial form types

Form Type N | Avg. Tokens | CER (%) | WER (%) | mloU | KIE-F1
Account Opening | 81 88 0.481 4.891 0.7512 | 0.8641
KYC Form 81 90 0.521 5.268 0.7781 | 0.8314
Loan Application | 81 83 0.726 6.603 0.7619 | 0.8673
Salary Slip 80 69 0.318 2.721 0.7563 | 0.9147
cheque 81 61 0.861 6.834 0.7584 | 0.8682
Overall 404 78.2 0.58 5.27 0.7612 | 0.8690

4.7 OCR Performance by Image Quality Quartile

To quantify the relationship between image quality and OCR performance, test documents were divided

into quartiles according to image PSNR. Due to the narrow distribution of PSNR wvalues,

percentile-based binning was applied to avoid bias caused by under- or over-representation of samples

within each quartile. The results support a negative, inverse relationship between image quality and
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recognition error. Overall, individuals in the lowest-quality quartile (Q1) have a mean CER of 0.78%,
about 1.5 times that of the other quality quartiles (Q2-Q4). But the relation is not generally monotonic,
as Q3 shows a higher CER than Q2 and Q4. The correlation analysis between CER and PSNR was also
performed to support the quartile analysis: Pearson correlation (r) = -0.72, p-value < 0.001. This reflects
a strong, statistically significant negative correlation, indicating that better image quality generally
translates into better OCR performance.

4.8 Document-Level Correctness and Cascade Analysis

On an extremely strict joint criterion i.e., a document must have all of the KVPs accurate, and every
layout element for that predicted segment must achieve at least an loU > 0.50 while having an overall
document-level CER < 10%, only 0 out of the 404 test documents (0.0%) exhibit complete end-to-end
correctness. In table 10 displays error attribution. Analytically, a document-level correctness rate of
0.0% is consistent with the modelled false-negative rate at the element level (10%). However, the
probability that all 81 elements of a normal document are correctly localized is (0.90)79 which is
approximately 0.00025, thus rendering document-level correctness almost impossible with the current
layout configuration. As shown in this cascade analysis, the method pinpoints an improvement target
with high precision: the element-level false-negative rate falls below 2.5%, so per-document pass
probability can be raised to approximately 0.14 by requiring only 14% of documents to pass the strict
joint criterion and not changing the OCR or KIE modules at all. This does not contradict the high single
metrics - CER 0.58%, KIE-F1 0.8690, mean IoU 0.7612, but it proves that joint strictness under AND
assumptions turn any single-part failure into a document-level failure, a type of pipeline behavior that
no current financial document evaluation framework has previously measured. Document Usability
Score (DUS): A DUS tier for each test document d is determined by the joint satisfaction of a set of
progressively tighter criteria applied to its five dimensions. The criteria are hierarchical: for a document
to receive DUS > k, it must meet all criteria of Tier k. Formal definitions are FNR is layout
false-negative rate, CER= document-level character error rate, KIE F1 = document-level KIE F1,
loU@elem= mean IoU for all detected layout elements can be found in table 10 below. Table 11 depicts
the performance of OCR in different PSNR quality quartiles. It shows the correlation between the image
quality and the character error rate.

Table 9: Impact of image quality on OCR performance across PSNR quartiles

PSNR Quartile | PSNR Range (dB) | N (Tokens) | Mean CER (£ CI)
Q1 (Lowest) < 30.60 2,075 0.78 + 0.0008
Q2 30.60-30.90 6,129 0.63 + 0.0006
Q3 30.90-30.95 2,752 0.45 £+ 0.0007
Q4 (Highest) =>30.95 5,620 0.58 + 0.0006

All 404 documents pass Tier 1 (readable) as shown in table 10. However, a substantial number fail
at Tier 3 (extractable), with only 231 documents (57.2% of the corpus, indicated by red coloring as in
previous graphs) passing this stage. This result confirms that more than half of the corpus is suitable for
research-grade automation. Salary Slips exhibit the highest post-digitization pass rate (80.0%), while
Cheques demonstrate the lowest at just over half (48.1%). Tier 4 remains at 0.0%, consistent with the
cascade analysis, which indicates a per-document joint-pass probability of 0.00025 given current
false-negative rates. This t1 to t5 structure is observed across all five form types (Table 11), with mean
Document Usability Scores (DUS) ranging from 2.37 for Cheques to 2.79 for Salary Slips.
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Table 10: Document usability score (DUS) tier definitions and test-set pass rates (N=404)

Tier Label Pass criterion N (of 404) | Pass rate (%)
> - - -
0 Unusable PSNR < 25 dB (fails DIQA gate). document rejected before 0/ 404 0.0%
processing
> < 50, 1 .
| Readable PSNR > 25 dB AND CER <5 A> (image usable; text largely 404 / 404 100.0%
transcribed)
i > <20
) Structurally Tier 1 AND mean loU@elem > 0.50 AND CER < 2% 384 / 404 95.0%
sound (layout detectable; text low-error)
Extractable Tier 2 AND KIE-F11I > 0.75 (The majority of key-value
3 pairs were correctly extracted, indicating suitability for 231/404 57.2%
(soft pass) . .
research-grade automation evaluation.)
Fully Tier 3 AND all KVPs exact AND all layout elements loU >
4 correct 0.50 AND CER < 1% (original strict AND-junction 0/404 0.0%
(strict) criterion)

Table 11: DUS tier distribution per form type (N=404 test documents)

Form Type N | T1 (%) | T2 (%) | T3 (%) | T4 (%) | Mean DUS
Account Opening Form | 81 100.0 96.3 60.5 0.0 2.57
KYC Form 81 | 100.0 97.5 44.4 0.0 241
Loan Application 81 100.0 93.8 51.9 0.0 2.46
Salary Slip 80 | 100.0 98.8 80.0 0.0 2.79
Cheque 81 | 100.0 88.9 48.1 0.0 2.37
Overall 404 | 100.0 95.0 57.2 0.0 2.52

4.9 Probe Set Acquisition and Annotation Protocol

The process for document collection involved three stages: (i) Source identification - blank or partially
filled sample forms from the Reserve Bank of India public-access KYC/AML documentation portal as
well as specimen forms available on three cooperative bank websites to raise customer awareness; (ii)
Synthetic fill and scanning simulation- each blank template was manually filled with realistic fictional
data by three annotators using ballpoint pens applying various pressure styles and handwriting, then
scanned at randomised tilt angles (£2°) in four different lighting conditions with a flatbed scanner set to
300 DPI, introducing real-world acquisition artifacts; (iii) FUNSD-format annotation - all 75 documents
were manually annotated following FUNSD style annotations with token-level bounding boxes and
B-QUESTION / B-ANSWER / O labels. Inter-annotator agreement (Cohen’s k), measured between all
three annotators on a held-out 15-document overlap subset, was 0.887 for NER labels and 0.913 for
bounding box loU, confirming high-quality ground truth. The components of the probe set are described
in table 12.

4.10 Synthetic-to-Real Generalization Gap Analysis

The performance of only the FinScan framework is tested, which had been trained only on the synthetic
corpus with 4,046 documents, on RDP-75 directly, without any fine-tuning, using its evaluation method,
which measures in a five-dimensional protocol analogous to that used for the main test set. The
generalization gap between these synthetic test-set results (N=404) and the real probe-set results (N=75),
calculated as the absolute performance drop on each metric, is reported in table 13. A positive gap
indicates the framework performs better on synthetic documents than on real ones for that metric. The
findings show a transparent, calibrated generalization gap that demonstrates the synthetic corpus is a
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valid proxy for industrial banking forms, while also accurately quantifying the remaining performance
headroom for production at scale. Four key observations are drawn. The similarity of their absolute level
of error makes it clear that the gap in CER (+1.26 pp) is modest and indicates that the handwriting
simulation based on ScrabbleGAN has modelled enough variability between inks so that using it will
make the model transfer from real ballpoint strokes directly to glyphs. Second, the WER gap of +9.11
pp is far greater than CER at +1.26 pp, which appears to be due to real acquisition artifacts like, skew,
ink bleed-through and paper texture, affecting segmentation for word-boundary changes more
competitively, with literature indicating that WER is more sensitive to OCR segmentation errors
compared to CER. Third, the small drop in KIE-F1 is encouraging. Despite noisier text recognition on
real scans, KV pairing based on proximity works well, since the layout of real forms is very similar to
that of the synthetic templates used for training. Fourth, A drop of a 4.41 dB is expected in PSNR on
real documents: real scans are always noisier than the controlled Gaussian perturbation pipeline, yet all
probe-set images remain above the usability threshold of 25dB, demonstrating that the DIQA
preprocessing stage can handle real scan quality levels. Together, these findings confirm that the
synthetic FinScan corpus provides performance metrics that are over-optimistic by a quantifiable but
bounded amount, and that the highest-leverage action is consistent across both the synthetic and
real-document settings. Key experimental results are summarized in Section 5.

Table 12: Real-Document probe set statistics and annotation agreement

Form Type N | Avg. Tokens Source TAA (k)
Account Opening Form | 15 84.3 RBI Portal 0.891
KYC Form 15 91.7 RBI Portal 0.884
Loan Application 15 79.5 Bank Website 0.879
Salary Slip 15 66.1 CC-Licensed Sample | 0.897
Cheque 15 58.9 Bank Website 0.881
Total 75 76.1 - 0.887
Table 13: Synthetic-to-Real domain transfer evaluation
Metric Synthetic (N=404) | Real (RDP-75) | Gap (A)
CER (%) 0.582 1.847 +1.265
WER (%) 5.270 14.381 +9.111
mloU 0.7612 0.6814 -0.080
KIE-F1 0.8690 0.7923 -0.077
PSNR (dB) 31.84 27.43 -441dB

4.11 Performance Metrics Definition

Character Error Rate (CER)

S+D+1
CER=T (D

Equation (1) calculates the error rate for character-level OCR/HTR (the smaller the value, the better).

Word Error Rate (WER)

S+D+1
WER=—N (2)

Equation (2) calculates the accuracy of word-level transcription (the smaller the value, the better)
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Intersection over Union (IoU)

_ IBpNBgl
|BpUBgl

IoU 3)

Equation (3) quantifies the similarity between predicted and actual bounding boxes.

Key Information Extraction F1 (KIE-F1):

_ R
FI =28 ©

TP TP

Where P = , R = .
TP+FP TP+FN

Equation (4) quantifies the correctness of key-value extraction.

PSNR

MAX?
PSNR = 10log;,

MSE ®)
Equation (5) quantifies image reconstruction quality (the higher is better).

4.12 Scalability and Robustness Analysis

Database Scalability: The FinScan framework is inherently scalable to arbitrary form types by quickly
generating new forms from templates and supporting large-vocabulary expansion through the flexible
FUNSD annotation schema. Therefore, it is possible to incrementally extend the corpus without
changing either the underlying architecture or the annotation protocols.

Model Scaling: Increasing model size to extremely high parameter counts yields low KIE-F1 gains,
indicating that performance does not scale linearly with the number of parameters. FinScan's better
performance (KIE-F1 = 0.8690) indicates that dual-path information integration is superior to loose
growth.

Noise Robustness: The DIQA-aware augmentation pipeline synthesizes realistic degradation from
controlled noise and blur, thereby improving document usability. This shows that the framework is valid
for images of varying quality, as evidenced by the consistent confidence intervals and the absence of
many low-quality failures.

5 Limitations and Generalizability

Forms conform to those prescribed by the Reserve Bank of India. It has not been validated against
SWIFT, SEPA, or even US Federal forms due to differences in field semantics and compliance
requirements. It consists of five types of forms. The 2.71-fold range in character error rate (CER)
observed across existing morphs (0.318%—0.861%) suggests that greater variance may exist within
unobserved categories. ScrabbleGAN does not model pen pressure, cursive connectivity, or
disability-related decay. This is demonstrated by the 283-fold CER difference between handwritten
B-ANSWER (1.697%) and printed B-QUESTION (0.006%). All the tokens from B-QUESTION are in
English only. The dataset lacks the bilingual label-value structures typical of Indian regional banking.
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6 Conclusion

FinScan is the first publicly annotated research benchmark for handwritten text extraction from Indian
banking forms. The dataset contains 4,046 synthetic documents across five form types (Account
Opening, Loan Application, KYC, Cheque, and Salary Slip) that were annotated in the FUNSD format,
with 319850 token-level bounding boxes and three-class NER labels. A six-dimensional hierarchical
assessment protocol is proposed to evaluate document image quality (DIQA), optical character
recognition/handwritten text recognition (OCR/HTR) accuracy, layout identification, table structure,
key information extraction (KIE), and document-level fitness. It serves as the first complete evaluation
framework for financial document intelligence. On all evaluation dimensions, FinScan outperformed all
eight baseline models, achieving a CER of 0.58%, a mean layout IoU of 0.7612, and a KIE-F1 score of
0.8690. DUS assessment shows 95.0% of documents meet Tier 2 (structurally sound) and 57.2% meet
Tier 3 (soft extractable pass). Central to the findings are five key statistics: (i) 283x higher CER when
recognizing handwritten B-ANSWER tokens (1.70%) than printed B-QUESTION tokens (0.006%),
making handwriting recognition the most difficult task; ii) 99.5% of document-level failures occur at 10
percentage points false-negative rate on element-level layout predictions, hence layout optimizations
can lead to significant improvements; iii) quality vs accuracy is non-monotonic, with Q3 PSNR
(30.90-30.95 dB) leading to best CER; iv) per-form CER varies by a factor of 2.71 from Salary Slips
0.318% to Cheques 0.861%, motivating form-specific tuning and v) there is limited synthetic-to-real
generalization with CER changing by only +1.265 percentage points and KIE-F1 -0.077 on RDP-75,
= (0.887). Future directions in research could be lowering the false-negative rate of layouts to 500
documents, replacing the proximity-based KIE matching by graph matching, and increasing robustness
on both mobile-captured and scanned documents.

Data Availability Statement

The FinScan Document Dataset generated and analyzed in this study is publicly available at
[https://www.kaggle.com/datasets/landlord/handwriting-recognition]. The dataset includes 4,046
synthetic documents across five form types, annotated in FUNSD format with token-level bounding
boxes and NER labels.
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