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Abstract

Optical character recognition (OCR) is an essential technique for transforming document images into readable text.
However, the OCR process faces significant challenges when processing moderately noisy, unstructured documents due
to practical degradations such as blurring, stain marks, ink degradation, and background noise. In this research, a
comprehensive comparative analysis of three state-of-the-art deep learning models, namely EasyOCR, Donut, and
LayoutLMv3, was conducted on the Kaggle Denoising Dirty Documents dataset before implementing a hybrid combiner
based on mutual similarity voting and three post-processing algorithms consisting of rule-based correction, Retrieval-
Augmented Generation (RAG), and Large Language Model-based correction. The experimental analysis was conducted
by evaluating all models on 20 test images using Word Error Rate (WER), Character Error Rate, Accuracy, Precision, Recall,
F1-score, and Confusion Matrix as performance metrics. The results show that LayoutLMv3 achieved the best F1-score of
0.9168 by integrating text, image patches, and spatial coordinates within a transformer network. EasyOCR attained the
lowest WER of 0.2883 using a two-stage approach consisting of CRAFT detection and Convolutional Recurrent Neural
Network-based text recognition. Donut also performed poorly on the dataset, achieving a WER of 2.0997, showing that
pretraining end-to-end models on structured documents fails when applied to unstructured, noisy paragraphs - an
important negative insight regarding model-task alignment. The hybrid combiner model produced consistently strong
performance, achieving a WER of 0.3192 and an Fl1-score of 0.8995 by effectively eliminating inaccurate Donut
predictions through a similarity-based voting scheme. In terms of the post-processing methods, rule-based correction
achieved the greatest improvement in WER, reaching 0.3185, while the use of RAG led to degraded performance, with a
WER of 0.5630, owing to a small corpus size that resulted in incorrect document retrieval. These findings demonstrate
that selecting an architecturally appropriate model - specifically one that jointly encodes text, image, and spatial layout -
delivers greater performance gains than applying complex post-processing, providing clear design guidance for
deploying OCR systems on moderately noisy, unstructured documents.
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Introduction

The computational method of extracting text from document photographs is known as optical character recognition
(OCR). In the past, OCR technology has been widely used for a wide range of purposes, such as digitizing documents,
managing archives, retrieving information, recognizing forms, and digitally preserving old manuscripts. The need for
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reliable OCR techniques that can produce high-precision results has increased dramatically in a number of crucial
industries, including banking, education, legal consulting, and healthcare, as businesses move more and more toward
fully digitalized workflows [1].

The operational accuracy of these frameworks remains largely dependent on the quality of the input image, despite the
fact that OCR techniques have come a long way in the last 20 years. In real-world situations, a variety of geometric and
environmental aberrations often deteriorate document photographs. These include low contrast, backdrop artifacts,
insufficient or uneven lighting, motion blur, structural stains from deteriorating paper, faulty optical lenses, and aging-
related ink degradation [2].

Conventional OCR engines, like Tesseract, mostly depend on traditional computer vision methods like structural pattern
matching, connected component analysis, and binarization [3]. When exposed to moderately or substantially
contaminated inputs, these traditional approaches fail to provide accurate textual outputs, even though they work
satisfactorily on flawless, high-resolution scanned texts. Modern deep learning paradigms have offered cutting-edge
architectures intended to reliably interpret text from extremely noisy document images in order to lessen these
constraints. Standard sequence-to-sequence networks [4] and basic self-attention processes [5] serve as the
technological underpinnings of these sophisticated systems, which in turn spurred the creation of deep bidirectional
language representations [6].

The Document Understanding Transformer (Donut) system employs an end-to-end transformer architecture, building
upon existing deep learning frameworks. This technique eliminates the requirement for a separate, discrete OCR
preprocessing step by processing raw visual pixel values directly to carry out text extraction implicitly [7]. Meanwhile,
some multimodal frameworks such as LayoutLMv3 concurrently encode spatial layout coordinates, visual cues from
document images, and textual tokens within a single transformer backbone. This multimodal approach divides layout
images into distinct visual patches to conceptualize documents and uses shifted window methods to extract hierarchical
visual information [8,9]. When processing papers with complicated layouts, the model's reading comprehension is much
improved by integrating these unified representations [10]. Additionally, the EasyOCR framework utilizes a decoupled
two-stage pipeline incorporating Character Region Awareness For Text (CRAFT) detection [11] and a Convolutional
Recurrent Neural Network (CRNN) for text recognition [12]. This architecture draws its structural baseline validation from
standard scene text recognition benchmarks [13], rendering it highly adaptive for parsing text afflicted with multi-scale
noise.

As non-invasive methods to improve text extraction accuracy without changing the underlying OCR model weights,
downstream post-processing approaches have been presented in addition to architectural alterations. In order to detect
and correct character-level recognition mistakes in OCR outputs, early statistical paradigms showed the great value of
linguistic context [14], often using contextual text alignment algorithms [15]. Retrieval-Augmented Generation (RAG),
which queries an external source corpus to return corresponding clean textual contexts, and rule-based correction,
which uses deterministic heuristic rules for text normalization, are examples of contemporary variations. Additionally,
statistical spell correction makes use of deep denoising sequence-to-sequence pre-training frameworks or language
models to maximize grammatical fluency and orthographic accuracy [16]. These methods often use specific Siamese
network topologies to construct dense sentence embeddings in order to efficiently map noisy text segments onto
canonical, clean representations [17]. However, the particular error typologies found in the document have a significant
impact on the effectiveness of these correction measures. Previous research suggests that, when applied to moderately
noisy documents with only localized character errors that do not affect the underlying sentence structure, intense
linguistic post-processing can cause unintentional semantic degradation [18].

To date, most of the research has focused on either severely degraded documents or structured formats exclusive to a
given domain, including business bills, receipts, or forms. As a result, there has not been enough scholarly focus on the
problem of processing moderately noisy, unstructured paragraph-style text, where degradations occur only at the
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character level while the global semantic layout remains unaltered. Inspired by this research gap, this paper rigorously,

methodically, and comparatively evaluates three different deep learning OCR topologies acting on this understudied
document classification.

This study's primary contributions are as follows:

First, using proven noisy OCR normalization corpora as a baseline, the performance of three distinct deep learning OCR
architectures - EasyOCR, Donut, and LayoutLMv3 - on moderately noisy unstructured document images from the
Denoising Dirty Documents dataset from Kaggle is evaluated [19].

Second, we present a hybrid method that uses a voting mechanism based on mutual similarity between the predictions
of all three models to choose the output produced by each of them.

Third, on the hybrid output, we systematically compare three post-processing mechanisms: rule-based correction, RAG-
based correction, and (statistical spell correction).

Finally, we empirically demonstrate that conservative corrections outperform complex post-processing techniques on
this kind of document using six different criteria over 20 document pictures. While recent developments such as multi-
modal transformer frameworks [20,21] and extensive surveys on multi-oriented text recognition [22] have greatly
advanced broader document Al benchmarks [23], the specialized application of deep learning for the restoration of
localized noisy documents remains a unique challenge [24]. This comparative analysis addresses this important gap.

Materials And Methods

This section describes the complete experimental methodology, including the dataset, all three deep learning models,
the hybrid combiner, post-processing techniques, and evaluation metrics, as shown in Figure 7.
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Deep learning stage + post-processing stage

" Noisy document image
Denoising Dirty Documents dataset

EasyOCR | | Donut | | LayoutLMv3
CRAFT + CRNN pipeline Swin + BART decoder Unified transformer
( Text output T1 Text output T2 ) ( Text output T3
+ confidence score ) | + confidence score [ | + confidence score

Hybrid combiner
Mutual similarity voting - best of T1 T2 T3 - T_hybrid

T_hybrid — best DL output
may still have minor character errors

Post-processing stage

Rule-based ' RAG correction | | LLM refinement
Fix spacing and symbols TF-IDF cosine sim Grammar and spell correction

" Post-processing hybrid selector — pick best output ‘

|

Lv Final output T_final )J

ER - CER - Accuracy - Precision - Recall - F1 - Confusion matri

FIGURE 1: Complete system pipeline.

Noisy document images are processed independently by EasyOCR, Donut, and LayoutLMv3. Their outputs are combined by the
hybrid combiner using mutual similarity voting. The hybrid output is then refined through three post-processing techniques, and a
final selector produces the optimized output.

BART, Bidirectional and Auto-Regressive Transformers; CER, Character Error Rate; CRAFT, Character Region Awareness For Text;
CRNN, Convolutional Recurrent Neural Network; DL, Deep Learning; OCR, Optical Character Recognition; RAG, Retrieval-
Augmented Generation; TF-IDF, Term Frequency-Inverse Document Frequency; WER, Word Error Rate

Throughout this paper, the following notation is used consistently:

Thybrid denotes the output selected by the hybrid combiner based on mutual similarity voting.
T,ule denotes the output produced by applying rule-based post-processing corrections.

Trag denotes the output produced by applying RAG.
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T)im denotes the output produced by applying TextBlob-based statistical spell correction.

Ttnal denotes the optimized final transcription produced by the complete pipeline.

Dataset

The dataset used for this study was obtained from the benchmark Kaggle Denoising Dirty Documents dataset. The
dataset consists of high-resolution image pairs containing noisy document scans and their corresponding clean target
images of printed textual paragraphs with localized degradation characteristics such as motion blur, dynamic stain
marks, fading ink, variable contrast, and background distortion. This dataset is uniquely ideal for the current
benchmarking experiment because it explicitly emphasizes unstructured paragraphs of plain text without focusing on
structured spatial fields, invoices, or business forms. Moreover, the simulated noise level across these document images is
significant enough to trigger semantic character-level substitution errors in standard deep learning architectures, but not
so severe that the underlying text becomes completely illegible to a human reader.

There were a total of 30 image pairs extracted for the experimental environment. Specifically, 20 image pairs were utilized
for direct cross-model evaluation, while the remaining 10 distinct image pairs were designated exclusively to serve as the
external reference corpus for the RAG-based post-processing correction framework. This rigid structural partition is
crucial for an objective evaluation setup; if the RAG reference dataset consisted of the identical images used in the
pipeline evaluation process, the semantic vector search method would retain direct structural access to the target
ground truth, artificially inflating the final performance results.

The baseline ground truth text used to compute all performance metrics was systematically extracted from the clean
reference target images using Tesseract OCR configured with Page Segmentation Mode (PSM 6) to treat the layout as a
uniform, contiguous text block. To ensure total algorithmic validity, all machine-extracted text blocks were subsequently
subjected to manual review and manual character correction, producing flawless, non-empty absolute ground truth
strings across all 30 document instances. "To ensure permanent archival stability and total structural reproducibility, the
complete experimental code repository and processed dataset splits compiled throughout this study have been
deposited in a persistent repository available at: https://github.com/divyatrivedi08/OCR-PostProcessing-
Benchmarking and permanently archived with a persistent DOI via Zenodo (https://doi.org/10.5281/zenod0.21157106).

Model 1 - EasyOCR

EasyOCR is a deep learning-based OCR tool that works via a two-stage process where there is a stage for text detection
and a stage for text recognition. The model was chosen since it is particularly suitable for processing entire page images
of different layouts and noises, fully working offline and showing high efficiency even when dealing with background
noises and distortions, as shown in Figure 2.
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Input noisy document image
Full page RGB — any resolution
v
Stage 1 — CRAFT text detection network

VGG-16 backbone

13 convolutional layers + max poolnni extract multi-scale visual features

U-Net decoder

Upsampling path with skip connections — restore spatial resolution

K« Y
Region score map Affinity score map
probability per pixel = char centre probability two chars linked

Connected components - bounding box per text region

v

Stage 2 — CRNN text recognition (applied per cropped region)
CNN feature extractor — convolutional layers extract character features

\’
Bidirectional LSTM — reads sequence left-right and right-left

CTC decoder — maps feature sequence to character string

.

Text output T1

FIGURE 2: EasyOCR architecture.

Stage 1 uses the CRAFT network with VGG-16 backbone and U-Net decoder for text detection. Stage 2 uses the CRNN with
bidirectional LSTM and CTC decoder for text recognition.

CNN, Convolutional Neural Network; CRAFT, Character Region Awareness For Text; CRNN, Convolutional Recurrent Neural Network;
CTC, Connectionist Temporal Classification; LSTM, Long Short-Term Memory; RGB, Red, Green, Blue

The CRAFT model in Stage 1 operates on the full document input image [5]. The CRAFT network has a VGG-16
architecture comprising 13 convolutional blocks divided into five groups with max pooling in between. As such, the
model generates multi-scale features that encode low-level features, such as texture information, and high-level features,
such as the structure of the data. The multi-scale features generated by the model are then decoded using a U-Net
structure with skip connections between the encoder and decoder. This structure ensures that low-resolution
information about character boundaries is preserved during the decoding process. Two maps are then generated at the
end of the decoder stage: a region score map, which assigns a probability value to every pixel that can be considered the
center of a character, and an affinity score map, which predicts the probability that two adjacent characters form the
same word.

During Stage 2, each cropped text area detected by CRAFT undergoes independent recognition using a CRNN recognizer
[6]. The CRNN consists of ResNet-inspired convolutional layers, which extract discriminative visual features from each
cropped text area. The extracted features are fed into the sequence, which passes through a bidirectional Long Short-
Term Memory layer, which reads the input in both forward and backward directions. This allows the network to account
for the context in both directions. The result of the bidirectional Long Short-Term Memory layer is decoded by using
Connectionist Temporal Classification decoding. Finally, the output text of each recognized text area is concatenated into
the final text output T1 for each document image.
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Model 2 - Donut

Donut [2] is an end-to-end document understanding model that eliminates the need for a separate OCR preprocessing
step. It reads document images directly from pixels and generates text output autoregressively. Donut was selected to
evaluate the performance of an end-to-end approach compared to the pipeline-based EasyOCR and the hybrid
multimodal LayoutLMv3, as shown in Figure 3.

Input document image
2560x1920 high resolution pixels

¥

Swin Transformer encoder — 4 hierarchical stages

Patch partition + linear embedding
split image - 4x4 patches - flatten - project to dim C = 96
\’

Stage 1 — 2 Swin blocks - W-MSA + SW-MSA + FFN - dim 96 - res H/4xW/4

Patch merging - dim 192 - res H/8xW/8

v
Stage 2 — 2 Swin blocks - dim 192

Patch merging = dim 384 - res H/16xW/16

v
Stage 3 — 6 Swin blocks - dim 384 - most detailed feature extraction

v
Stage 4 — 2 Swin blocks - dim 768 - final feature map H/32xW/32

l

BART decoder — 4 autoregressive layers
Task prompt token = masked multi-head self-attention (causal masking)

v
Cross-attention — query from decoder - Key + Value from Swin stage 4

N
FFN + LayéerNorm — softmax — géenerate one token at a time until EOS

v
Text output T2

FIGURE 3: Donut architecture.

The Swin Transformer encoder processes the image through four hierarchical stages, with patch merging between stages. The
BART decoder generates text autoregressively using cross-attention to the encoder visual features.
BART, Bidirectional and Auto-Regressive Transformers; FFN, Feed-Forward Network; SW-MSA, Shifted-Window Multi-Head Self-

Attention; W-MSA, Window-Based Multi-Head Self-Attention

Donut’s encoder is based on the Swin Transformer [10], which has four stages of hierarchy. First, the document image of
size 2,560 x 1,920 pixels is split into non-overlapping patches of size 4 x 4 pixels. Next, each patch is flattened and linearly
projected to an initial channel size of C = 96. In stage 1, two Swin Transformer layers, comprising window-based multi-
head self-attention, which runs self-attention inside a local window of 7 x 7, and shifted-window multi-head self-
attention, which shifts the window partitioning for exchanging information across windows, are applied before a feed-
forward neural network with two layers and a GELU activation function. Patch merging is conducted between
consecutive stages to concatenate four neighboring patches, linearly projecting them to double the number of channels
while reducing the spatial resolution by half. In stage 2, two Swin Transformer layers of size 192 at a resolution of H/8 x
W/8 are employed. In stage 3, six Swin Transformer layers of size 384 at a resolution of H/16 x W/16 are applied. Stage 3
provides the maximum amount of feature extraction by the encoder. Finally, in stage 4, two Swin Transformer layers of
size 768 at a resolution of H/32 x W/32 are deployed to extract the final visual feature map.

How to cite this article:

Trivedi D, Agarwal R (July 07, 2026) Improving Optical Character Recognition (OCR) Reliability on Noisy Document Images

Using Hybrid Deep Learning and Post-Processing Techniques. Cureus J Comput Sci 3 : es44389-026-00152-5. DOI
https://doi.org/10.7759/s44389-026-00152-5 Page 7 of 23


javascript:void(0)
javascript:void(0)
https://assets.cureusjournals.com/artifacts/upload/figure/file/57064/lightbox_fc7bdb1050ee11f19bde25e3f778be51-donut_no_header-1-.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/57064/lightbox_fc7bdb1050ee11f19bde25e3f778be51-donut_no_header-1-.png
javascript:void(0)

Improving Optical Character Recognition (OCR) Reliability on Noisy Document Images Using Hybrid Deep Learning and
Post-Processing Techniques

The decoder is an autoregressive transformer architecture based on BART (Bidirectional and Auto-Regressive
Transformers) and consists of four layers. It receives an input prompt token that is unique to the task. This token provides
information about the kind of data that needs to be extracted from the document. At each level of the decoder, there is a
masked multi-head self-attention mechanism with causal masking that avoids the model accessing tokens from the
future sequence. After that, cross-attention comes into play, where the queries are generated using the decoder, and the
keys and values are generated using the Stage 4 encoder feature map. This allows the decoder to pay attention to the
relevant portions of the visual data during the generation of the output tokens.

Model 3 - LayoutLMv3

LayoutLMv3 [3] is a multimodal pre-trained transformer model for document Al that simultaneously encodes three types
of information: textual content, visual image features, and spatial layout coordinates. This model was selected because it
is the only architecture in this study that explicitly models the spatial relationship between text and its visual context,
which is expected to provide advantages on noisy document images where understanding layout helps disambiguate
corrupted characters, as shown in Figure 4.

OCR text tokens Document image Bounding boxes
Tesseract WordPiece 224 x224 pixels x0, y0, x1, y1 per word
Token embedding Patch embedding 2D position encoding

token + segment - dim 768 16x16 patches = dim 768 X + y + width + height

Concatenate all streams
[text tokens | image patch tokens] = unified sequence up to 512 tokens

\
Unified transformer encoder — 12 identical layers
LayerNorm — normalize input before attention

v
Multi-head self-attention — 12 heads - dim 64 per head

text tokens attend to image patches and vice versa — cross-modal alignment

Residual connection + LayerNorm

\
FFN — Linear(768-3072) - GELU - Linear(3072-768) + residual

all 4 steps repeated x 12 layers

)

Contextual embeddings dim 768 - token classification head - Text output T3

FIGURE 4: LayoutLMv3 architecture.

Three parallel input streams-text tokens, image patches, and bounding box coordinates-are separately embedded and
concatenated into a unified sequence processed through 12 transformer layers where text and image tokens attend to each other.
FFN, Feed-Forward Network; GELU, Gaussian Error Linear Unit; OCR, Optical Character Recognition

The LayoutLMv3 model processes three distinct streams of data for each document image input. First, it extracts OCR text
tokens from the document image using the Tesseract tool. These tokens are then embedded through the token
embedding layer, combined with segment embeddings, and projected to a dimension of 768. Second, it extracts 16 x 16
pixel patches from a resized version of the document image to a dimension of 224 x 224 pixels. These patches are linearly
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projected to a dimension of 768 to create patch token embeddings. Third, it extracts the spatial bounding box
coordinates of each word token in the format (x0, y0, x1, y1). The coordinates are normalized between 0 and 1,000 based
on the image dimensions and embedded using four separate learnable layers: one each for the x-position, y-position,
width, and height.

The three embedding streams are concatenated together along the sequence dimension to create a single stream of up
to 512 tokens consisting of both text word tokens and image patch tokens. This sequence is fed into 12 transformer
encoder layers that are identical to one another. Each layer starts off with a LayerNorm applied to its input tensor. Multi-
head self-attention with 12 heads of size 64 is applied, where the text tokens and the image patches pay attention to
each other at the same time, allowing for actual cross-modal alignment between the two modalities. This is followed by a
residual connection and another LayerNorm. Then comes the feed-forward network, where there is first an expansion
from dimension 768 to 3072 using a linear transformation, then a GELU activation, and finally a reduction in dimension
back to 768 via a linear transformation, with yet another residual connection added afterwards. This process is done for
all 12 layers, and the output contextualized embeddings for the text tokens go through token classification to give us the
output T3.

Hybrid combiner

Once each model has been applied to all 20 images and generated its own output text T1, T2, and T3, respectively, they
are aggregated based on their mutual similarity vote. The similarity between each pair of texts is calculated using
Python's difflib SequenceMatcher ratio function, which represents the percentage of common characters between two
texts compared to their total lengths. Each output candidate T; for each image is then evaluated by averaging its

similarities with the other two candidates, as expressed in Equation 1:

Sim(Ti, Tj) + Sim(Ti, Tk)
2

Score(T;) = (1)

where j, j, k € {EasyOCR, Donut, LayoutLMv3} and i # j # k The candidate with the highest score is chosen as the hybrid
result Ty prig. This method is based on the premise that if two out of the three models produce similar outputs, then that

output is more likely to be accurate rather than an isolated result from a single model. Candidate outputs consisting of
empty strings or only blanks are excluded from the voting process.

Post-processing techniques

This hybrid result, Thybrid- 1S further post-processed using three separate methods, each generating an output candidate
for the correct output. The final selection process selects the best output from among these candidates.

Rule-Based Correction

The rule-based correction technique uses three deterministic rules on Ty, using regular expressions. The first rule

removes multiple whitespaces and replaces them with a single whitespace. The second rule reconnects broken words
that have a hyphen followed by a whitespace in between them. The third rule eliminates any non-ASCll character
introduced due to background noise. This approach does not pose a risk of introducing new errors but focuses on
removing systematic errors and generates the output T, ja.

RAG-Based Correction

In RAG-based correction, the task of improving OCR is considered a retrieval problem. The hybrid output Tpyjig is

transformed into a TF-IDF vector with the help of sklearn’s TfidfVectorizer where unigrams and bigrams are included
along with a maximum size of 5,000 for the vocabulary. The similarity measure between the TF-IDF vectors of Ty, iq and

the TF-IDF vectors of each of the documents within the 10 documents reference corpus, which was not included within
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the test set, is then calculated by calculating the cosine similarity measure. If the maximum cosine similarity measure
exceeds a certain threshold value of 0.4, then the output is given by the most similar corpus document; otherwise, the
output is taken as Tpypyyig-

Correction Using Statistical Spell Checking (TextBlob)

TextBlob is a traditional NLP library that implements statistical spell correction using a Naive Bayes classifier trained on a
general English word frequency corpus. It is not a large language model in the contemporary sense; rather, it performs
word-level correction by selecting the highest-probability correction for each input word according to its underlying
language model. In this study, this method is referred to as statistical spell correction to accurately reflect its
implementation, while the notation T, is retained for consistency with the pipeline notation introduced in Section

"Dataset". This statistical correction involves applying the spell correction capabilities of TextBlob to Thybrid to enhance

the accuracy of the spelling and grammatical correctness. TextBlob utilizes its underlying statistical language model to
generate the most likely correction for every individual word based on edit distance calculations. Only the first 400
characters of Ty, 1,/iq are used for corrections, while the rest are appended without modifications, resulting in T,

Final Selector

In order to determine the best of Ty, Trag, and T, @ measurement of how similar each is to the original T,y ;g through
the sequence matcher is used. The output with the highest similarity to the original Tp,y},iq will be the chosen output

Thnal- It can be said that the selection strategy is very conservative in nature.

Evaluation metrics

The quantitative performance tracking framework across all eight parallel pipeline configurations is systematically
established using Word Error Rate (WER), Character Error Rate (CER), Accuracy, Precision, Recall, and F1-score.

S+D+1

WER = N (2)
where S stands for substitutions, D stands for deletions, / stands for insertions, and N stands for total number of words in
the ground truth transcription. CER is calculated in the same way but for characters. For the computation of Precision,
Recall, and F1-score, word-level confusion matrix components were derived as follows. Each predicted text string and its
corresponding ground-truth string were tokenised by whitespace into word sequences. True Positives (TP) were defined
as the count of words present in both the predicted set and the ground-truth set (set intersection). False Positives (FP)
were defined as words present in the predicted set but absent from the ground-truth set. False Negatives (FN) were
defined as words present in the ground-truth set but absent from the predicted set. True Negatives (TN) were not
computed, as no fixed bounded vocabulary was defined for this task; accordingly, TN is reported as zero for all
configurations, which is consistent with standard practice in word-level OCR evaluation where the vocabulary space is
open and unbounded.

In cases where WER exceeds 1.0, the computed accuracy value (1 — WER) yields a negative result. Since accuracy cannot
be negative in practical reporting, such values are clipped at zero to reflect complete recognition failure. Accordingly,
Donut's Accuracy is reported as 0.000, representing a WER of 2.0997, which indicates the model generated more
erroneous word insertions than the total number of ground-truth words.

Results And Discussion

To ensure the thorough validity, transparency, and structural reproducibility of the benchmarking process, all
experiments in this study were strictly executed on a unified local CPU-based computing environment. No external cloud
infrastructure, high-performance GPU acceleration, or distributed parallel computing networks were employed.
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This specific architecture choice reflects a realistic, resource-constrained academic deployment scenario, demonstrating
that the proposed three-model OCR and post-processing pipeline can run successfully using standard institutional
hardware setups without relying on expensive computing clusters.

The detailed, complete hardware and software tool configurations utilized continuously throughout all image processing
sessions are systematically outlined in Table 7 and Table 2.

Component

Operating System

Processor (CPU)

RAM

GPU

Storage

Execution Environment

TABLE 1: Hardware configuration.

Specification

Windows 11 Home

Snapdragon X - X126100 - Qualcomm

Oryon CPU

16.0 GB

Not Used (CPU-only)

477 GB SSD Available

Jupyter Notebook

Details

64-bit operating system, ARM-based

processor

12-Core host processor executing at 2.96
GHz

High-speed system memory (15.6 GB
usable) at 8448 MT/s

All models run on CPU. No GPU
acceleration used (Qualcomm Adreno X1-

45 active for display only)

Total capacity 477 GB/512 GB class Solid-
State Drive

Local machine, offline execution
environment on device 'Divyanshi' (ASUS
Vivobook 16)
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Library/Tool Version Purpose of This Study

Python 3.9+ Primary programming language

EasyOCR 1.6.2 Model 1 — CRAFT+CRNN OCR pipeline

Hugging Face transformers 430 Model 2 (Donut) and Model 3
(LayoutLMv3)

PyTorch (torch) 1.13+ Deep learning backend for Donut and
LayoutLMv3

Tesseract OCR 5.x (PSM 6) Ground truth extraction + LayoutLMv3
input

pytesseract 0.3.x Python wrapper for Tesseract

Pillow (PIL) 9.x Image loading and format conversion

scikit-learn 1.2.2 TF-IDF vectorizer for RAG post-processing

TextBlob 0.17.1 Statistical spell correction

jiwer 3.x WER and CER metric computation

difflib (SequenceMatcher) stdlib Hybrid combiner similarity scoring

numpy 1.23+ Numerical computations and metric
averaging

Gradio 3.35+ Interactive frontend demonstration

re (regex) stdlib Rule-based post-processing corrections

TABLE 2: Software configuration.

CER, Character Error Rate; CRAFT, Character Region Awareness For Text; CRNN, Convolutional Recurrent Neural Network; LLM,
Large Language Model; OCR, Optical Character Recognition; RAG, Retrieval-Augmented Generation; TF-IDF, Term Frequency-
Inverse Document Frequency; WER, Word Error Rate

This section presents the quantitative evaluation results for all eight model configurations across the 20 test images. The
results are presented in two stages: Stage 1 covers individual model and hybrid combiner performance, and Stage 2
covers post-processing applied to the hybrid output.

Stage 1 results - Individual models and hybrid combiner

Table 3 presents the complete performance metrics for EasyOCR, Donut, LayoutLMv3, and the Hybrid combiner.
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Model WER CER Accuracy Precision Recall F1-Score
EasyOCR 0.2883 0.0467 0.7117 0.9101 0.8793 0.8943
Donut 2.0997 1.4889 0 0.6871 0.3208 0.3952
LayoutLMv3 0.3329 0.0667 0.6671 0.9258 0.9086 0.9168
Hybrid 0.3192 0.0579 0.6808 0.9101 0.8896 0.8995

TABLE 3: Stage 1 performance comparison of three individual deep learning models and the hybrid combiner across 20
test images.

Accuracy values below zero (arising when WER > 1.0) are clipped to 0.000 to reflect complete recognition failure.

Among the three individual models, EasyOCR achieved the lowest WER of 0.2883 and the lowest CER of 0.0467, which
indicates the highest accuracy at the word level recognition. LayoutLMv3 achieved the highest F1-score of 0.9168 and
the highest Precision of 0.9258, showing the most balanced and reliable recognition performance. Donut obtained a WER
of 2.0997, which is greater than 1.0, indicating the model hallucinated extra words not present in the ground truth text,
increasing insertion errors. Since Word Accuracy is defined in the methodology as Accuracy = 1 - WER, a WER > 1.0
mathematically results in a negative value (-1.0997 for Donut). In order to make the evaluation framework physically and
statistically consistent, such negative computational outputs are rigidly clipped at a lower threshold of zero (Accuracy =
0), which implies total failure of recognition for the specific configuration. EasyOCR outputs were selected by the hybrid
combiner for 12/20 test images and LayoutLMv3 outputs were selected for 8/20 images. The success of the mutual
similarity voting approach in filtering the failed model was demonstrated in images where Donut was not present.

Each matrix shows TP (correctly recognized words), FN (missed words), FP (hallucinated extra words), and TN values.
LayoutLMv3 shows the highest TP count. Donut shows the highest FP count due to hallucination, as shown in Figure 5.
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Confusion Matrices — All 8 Models (Stage 1 + Stage 2)

EasyOCR Donut LayoutLMv3 Hybrid
Acc=0.712 F1=0.894 Acc=0.000 F1=0.395 Acc=0.667 F1=0.917 cc=0.681 F1=0.899

A

True label
True label
True label
True label

540

Predicted label Predicted label Predicted label Predicted label

Hybrid+Rule Hybrid+RAG Hybrid+LLM

Final
Acc=0.681 F1=0.899 Acc=0.437 F1=0.696 \cc=0.640 F1=0.807 \cc=0.681 F1=0.899

>
>

True label
True label
True label
True label

1196 539 539

Predicted label Predicted label Predicted label Predicted label

FIGURE 5: Figure 5: Confusion matrices for all eight model configurations (Stage 1 + Stage 2). Each matrix displays word-
level aggregate counts across all 20 test images.

True Positives (TP), False Negatives (FN), False Positives (FP), and True Negatives (TN) are shown for each configuration. The
underlying numerical values are provided:

EasyOCR: TP=1,216, FN=519, FP=0, TN=0 (Acc=0.712, F1=0.894).

Donut: TP=1,700, FN=35, FP=1,719, TN=0 (Acc=0.000, F1=0.395).

LayoutLMv3:TP=1,116, FN=619, FP=0, TN=0 (Acc=0.667, F1=0.917).

Hybrid: TP=1,195, FN=540, FP=0, TN=0 (Acc=0.681, F1=0.899).

Hybrid+Rule: TP=1,196, FN=539, FP=0, TN=0 (Acc=0.681, F1=0.899).

Hybrid+RAG: TP=1,339, FN=396, FP=141, TN=0 (Acc=0.437, F1=0.696).

Hybrid+LLM: TP=1,235, FN=500, FP=1, TN=0 (Acc=0.640, F1=0.807).

Final: TP=1196, FN=539, FP=0, TN=0 (Acc=0.681, F1=0.899).

The dashed horizontal line shows the mean WER. EasyOCR maintains the most consistently low WER across images.
Donut shows consistently high WER across all images, as shown in Figure 6.
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WER across test images — all models

EasyOCR — WER per test image Donut — WER per test image
Mean WER = 0.2883 Mean WER = 2.0997
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FIGURE 6: Word Error Rate (WER) across 20 individual test images for each Stage 1 model.

LayoutLMv3 consistently achieves the highest F1 values, confirming its superiority across varying noise levels, as shown
in Figure 7.
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F1 Score across test images — all models

EasyOCR — F1 per test image

Donut — F1 per test image

Mean F1 = 0.0301
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FIGURE 7: F1-score across 20 individual test images for each model.

Test image index

EasyOCR and LayoutLMv3 remain in a similar low range, while Donut is consistently elevated, as shown in Figure 8.
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WER comparison across 20 test images

3.0{ —®— EasyOCR (mean=0.288)
—#— Donut (mean=1.476)
—&— LayoutLMv3 (mean=0.333)
Hybrid (mean=0.319)
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FIGURE 8: Combined Word Error Rate (WER) comparison across 20 test images for all Stage 1 models.

Stage 2 results - Post-processing applied to hybrid output

Table 4 presents the performance of the three post-processing techniques and the final selector output applied to the
hybrid output Ty, p,/iq across 20 test images

Model WER CER Accuracy Precision Recall F1-Score
Hybrid 0.3192 0.0579 0.6808 0.9101 0.8896 0.8995
Hybrid+Rule 0.3185 0.057 0.6815 0.9107 0.8887 0.8994
Hybrid+RAG 0.563 04161 0.437 0.7059 0.6983 0.6963
Hybrid+TextBlo 0.3601 0.0783 0.6399 0.8187 0.7965 0.8071

b

Final 0.3192 0.0571 0.6808 0.9099 0.8887 0.899

TABLE 4: Stage 2 performance of post-processing techniques applied to the hybrid output across 20 test images.
CER, Character Error Rate; LLM, Large Language Model; RAG, Retrieval-Augmented Generation; WER, Word Error Rate

Rule-based correction produced the most stable results, yielding a marginal improvement in WER from 0.3192 to 0.3185
and CER from 0.0579 to 0.0570. In contrast, RAG-based correction significantly degraded performance, increasing WER
from 0.3192 to 0.5630 and reducing F1-score from 0.8995 to 0.6963.Statistical spell correction using TextBlob also slightly
worsened performance, with WER increasing to 0.3601. Across all 20 test images, the final selector consistently chose the
rule-based output as the most stable candidate.
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LayoutLMv3 achieves the best individual F1. Hybrid+Rule maintains the most stable post-processing result, as shown in

Figure 9.

Performance Comparison — All Models + Post-Processing

0.8

Score

0.4
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0.0

Accuracy Precision Recall
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= LayoutLMv3
Hybrid

Hybrid-+Rule
Hybrid+RAG
Hybrid+LLM
Final

F1 Score

FIGURE 9: Performance comparison bar chart showing Accuracy, Precision, Recall, and F1-Score across all eight model
configurations.

Hybrid+RAG shows consistently elevated WER across most images, confirming that retrieval-based correction is
unreliable with a small corpus, as shown in Figure 70.

Post-processing WER comparison across 20 test images
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FIGURE 10: Word Error Rate (WER) comparison across 20 test images for hybrid output and all three post-processing

variants.

Donut and Hybrid+RAG show the highest error rates. EasyOCR and Hybrid+Rule show the lowest error rates, as shown in

Figure 77.
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WER and CER — All Models
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FIGURE 11: Word Error Rate (WER) and Character Error Rate (CER) comparison across all eight model configurations.

Discussion

Individual Model Performance

LayoutLMv3 model performed the highest F1-score of 0.9168, proving the hypothesis that joint learning of the textual
data, image, and spatial location yields the most discriminative representation for OCR processing of unstructured, noisy
document data. The cross-modal attention mechanism implemented in 12 transformer layers of LayoutLMv3 allows for
mutual informing of text tokens and image patches - a word that appears visually corrupted may still be correctly
identified based on its location and surrounding text. This feature makes LayoutLMv3 an ideal solution for moderately
noisy data with corrupted characters but mostly intact words and sentences.

EasyOCR obtained the lowest WER of 0.2883, surpassing LayoutLMv3 in this criterion due to its customized two-stage
approach for detecting and recognizing text. As such, the precision of the CRAFT detector allows the CRNN recognizer to
be fed cleaner inputs, limited to individual text regions without interference from the page's background elements.
Nonetheless, EasyOCR yielded the poorest F1-score at 0.8943 compared to LayoutLMv3's 0.9168, suggesting that it
commits fewer word substitution mistakes but yields an incomplete transcription of the ground truth text.

The inability of Donut to perform this task with WER of 2.0997 can be considered an important negative finding. The high
WER above 1.0 arises from the excessive amount of text hallucinations by the model. As a result, there were more
insertions of irrelevant characters than the actual word count of the ground truth text. This phenomenon is attributed to
the inherent incompatibility between the nature of the dataset and the purpose of Donut's design. The pretraining
process involved the processing of structured documents, specifically receipts, orders, and business-related papers with
predefined field structures. Its prompting system works toward the extraction of field values from the documents'
structures rather than the transcription of plain paragraphs. The model is able to output structurally valid text instead of
accurately translating the original text. It is quite clear from this result that the pre-training distribution of a deep learning
model should match that of the target document type in order for OCR to be effective.

Analysis of Hybrid Combiner Results

The hybrid combiner yielded results with a WER of 0.3192 and F1-score of 0.8995, putting it in a position between
EasyOCR and LayoutLMv3 in terms of effectiveness. The major advantage of this method was the complete elimination of
Donut outputs on all 20 test images based on mutual similarity. Donut yielded text that differed significantly in both
structure and vocabulary from EasyOCR and LayoutLMv3. Therefore, this model never obtained the highest mutual
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similarity vote. The decision was split between EasyOCR and LayoutLMv3: 12 images were attributed to EasyOCR, while 8
images went to LayoutLMv3, which happened more often on complicated images with many lines. EasyOCR, on the
contrary, was more likely to be selected for simple one-line images.

The high WER obtained by the hybrid combiner (0.3192) compared to the best WER obtained by EasyOCR (0.2883)
indicates that some EasyOCR texts were selected even when LayoutLMv3 would obtain a better WER. Therefore, using
weighted voting based on image properties might prove more effective in future research.

Analysis of Post-Processing Techniques

Among all post-processing techniques, rule-based correction yielded the best result, with WER slightly reduced from
0.3192 to 0.3185, suggesting that the hybrid model already generates text without any formatting mistakes. In other
words, the primary issue in post-processing is character substitution and word recognition, but not space, hyphens, or
other problems related to text formatting. The reason lies in the peculiarities of the Denoising Dirty Documents dataset,
where the source of noise occurs at the level of characters and not at the level of documents.

Correction with RAG resulted in the largest increase in WER, rising from 0.3192 to 0.5630, and the lowest F1-score of
0.6963 among all post-processing methods. When analyzing the behavior of RAG substitution, it became clear that all 20
test images led to the document being replaced (a similarity above 0.4 threshold), but at the same time, the retrieved
documents had a similarity of only 0.155 to 0.358 compared to the ground truth image. The reason behind this was that
the reference corpus consisted of only 10 documents that were similar enough to one another in terms of language.
Thus, the retrieved most similar document to the input text was incorrect enough to result in replacing all of the wrong
words in the document.

Correction with the help of statistical spell correction through TextBlob resulted in a slight performance drop, since WER
became equal to 0.3601wq. The spell correction of TextBlob works on the basis of statistics of word usage in common
English texts, making it change some correct words to more common alternatives, because they are more statistically
probable. However, the documents in the Denoising Dirty Documents collection are formal texts and contain technical
vocabulary. As a result, general spell correction does not perform well on such data.

Practical Considerations

There are several practical considerations that arise from the findings of this study related to employing OCR models on
moderately noisy, unstructured document images. The experimental results suggest that LayoutLMv3 is a strong
candidate for tasks requiring high F1 performance on moderately noisy unstructured documents, powered by cross-
modal layout understanding. EasyOCR represents a compelling alternative when minimizing WER is the primary
objective, especially for simple single-column layouts. Hybrid combinability offers additional protection in the event of
catastrophic model failure, which provides structural stability without excessive performance loss compared to end-to-
end generative models such as Donut. Finally, post-processing is advised to be minimal and focused on rules alone-
statistical spell correction and RAG pipelines demonstrate a tendency to introduce contextual errors on specialized
vocabularies and require further optimization to achieve value-added results. Hybrid combinability offers additional
protection in the event of model failure, which is free of charge in terms of performance loss compared to architectural
models such as Donut. Finally, post-processing is advised to be minimal and based on rules alone - RAG and statistical
spell correction models still require a lot of work to reach any value-added results.

Limitations of the Study

Although this work provides valuable insights into deep learning-based OCR performance on unstructured documents
with moderate noise, certain limitations must be acknowledged. First, the empirical evaluations relied on a limited test
set of 20 document images; a larger and more diverse dataset would confirm the scalability of the findings. Second,
training throughput, inference latency, and hardware acceleration under GPU environments were not examined, as all
experimental pipelines and model benchmarks were executed exclusively in CPU-only computing environments. Finally,
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the retrieval context and the model’s ability to correct a wide range of character-level errors without semantic drift were
constrained by the RAG framework'’s use of a relatively small, domain-specific reference corpus. Future work will continue
to prioritize addressing these limitations.

Conclusions

This study proposes a systematic comparative evaluation of three architecturally different deep learning OCR models -
EasyOCR, Donut, and LayoutLMv3 - on moderately noisy, unstructured document images from the Kaggle Denoising
Dirty Documents dataset. LayoutLMv3 achieved the best F1-score of 0.9168 and a precision of 0.9258, showing that the
joint encoding of textual tokens, image patches, and spatial layout coordinates via cross-modal attention provides
significant robustness to moderate document noise. EasyOCR achieved the lowest WER (0.2883) with no false positives
because of CRAFT-based spatial isolation of text regions from background noise. Donut failed with a WER of 2.0997,
confirming that the pretraining task mismatch between structured business documents and unstructured paragraphs
leads to catastrophic hallucination. The proposed mutual similarity-voting hybrid combiner successfully eliminated
Donut from all 20 test images without the need for ground-truth supervision, achieving a WER of 0.3192 and an F1-score
of 0.8995. Of the three post-processing strategies tested, only rule-based correction provided a consistent marginal
improvement (WER 0.3185), while RAG-based correction severely downgraded performance (WER 0.5630) due to the lack
of corpus coverage, and TextBlob-based statistical spell correction caused a mild degradation (WER 0.3601) because of
the domain mismatch between the correction and the technical vocabulary of the evaluation documents.

The main contribution of this study is that architectural suitability, especially the ability for multimodal cross-modal
reasoning over text, image, and layout, contributes much more to OCR performance on moderately noisy, unstructured
documents than complex post-processing strategies. This result has concrete, data-driven implications for practitioners:
architecturally appropriate model selection yields performance improvements that cannot be compensated for by post-
processing complexity. The mutual similarity voting mechanism proposed here offers a practical way to detect model
failures in multi-model OCR pipelines without ground-truth. Future work should aim to overcome the limitations
identified here by fine-tuning end-to-end models like Donut on unstructured paragraph corpora, developing domain-
specific retrieval corpora of sufficient scale for reliable RAG correction, building weighted hybrid combiners that are
adaptive to per-image noise characteristics, and applying this evaluation framework to multilingual, handwritten, and
structured document benchmarks.
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