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Abstract—Receipts are vital documents that validate transac-
tions by capturing key details such as dates, items purchased,
prices, and seller information. However, accurately documenting
receipts is often compromised by issues like blurring, which can
result from poor image quality, physical wear, or suboptimal scan-
ning conditions. While the Processing Key Information Extraction
from Documents Using Improved Graph Learning-Convolutional
Networks (PICK) deep learning model is effective for structured
information extraction, it struggles with processing blurred text,
leading to inaccuracies in data retrieval. To overcome these
challenges, this research introduces AlphaOCR, a web-based
application that integrates the PICK model with advanced Op-
tical Character Recognition (OCR) technology. The methodology
integrates OCR-based line-item recognition with PICK-based
structured-field extraction to extend the range of information
recovered from receipts. The deep learning component was
evaluated using mean Entity Precision (mEP), mean Entity Recall
(mER), mean Entity F1-score (mEF), and mean Entity Accuracy
(mEA), together with a paired t-test for the entity-level mEF
results. PICK-2 increased the mEF from 83.32% to 83.88%,
corresponding to a modest absolute gain of 0.56 percentage
points. The complete AlphaOCR configuration combining PICK-
2 with EasyOCR achieved an overall accuracy of 87.96% under
the evaluation setting used in this study. Among the OCR
models evaluated, EasyOCR achieved a Character Accuracy
Rate (CAR) of 92.04% and provided the most suitable output
characteristics for integration with PICK-2 within the tested
configuration. The reported results should be interpreted within
the experimental scope of this study rather than as a direct
performance ranking against previously published systems that
used different datasets, tasks, extracted fields, and evaluation
metrics. AlphaOCR provides a practical integrated workflow for
receipt information extraction, although broader claims regarding
robustness, scalability, and generalisability require evaluation
on larger and more diverse receipt collections. This research
contributes to receipt information extraction primarily through
the system-level integration of graph-based key information
extraction, OCR-based item recognition, output fusion, and a
web-based verification workflow. Future work should evaluate
the system on larger and more diverse datasets and investigate
enhanced semantic understanding and additional document types.
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I. INTRODUCTION

Artificial intelligence (AI) enables computer systems to
perform tasks involving pattern recognition, data interpreta-
tion, prediction, and decision-making. Machine-learning mod-
els have been applied to security-related problems, includ-
ing Internet of Things threat detection and interpretable risk
analysis [1]. Predictive machine-learning methods have also
supported environmental monitoring by modelling complex
water-quality characteristics from observed data [2]. In the
financial and socioeconomic domain, classification algorithms
have been used to identify household overspending patterns
among different income groups [3]. Unsupervised learning
techniques, including clustering, have been applied to analyse
and classify student academic performance [4]. Optimisation
and data-fusion approaches have further supported scientific
applications such as ligand-based virtual screening [5]. Deep-
learning architectures have also demonstrated strong image-
classification capability in medical applications, including the
automated classification of malignant and benign skin lesions
[6]. Together, these studies demonstrate the adaptability of AI,
machine learning, and deep learning across structured-data,
predictive, optimisation, and image-analysis tasks. This broad
technical capability provides a foundation for their application
to document-understanding problems, although receipt infor-
mation extraction introduces additional challenges related to
text recognition, document layout, and field relationships.

The rapid increase in digital transactions has led to a
substantial growth in the volume of digital receipts generated
across industries [7]. As organisations seek to digitise and
streamline their operations, the accurate extraction and pro-
cessing of information from these receipts has become crucial
[8]. Optical Character Recognition (OCR) technologies have
been widely adopted for this purpose. Yet, they face challenges
in dealing with the diverse formats, fonts, and layouts inherent
to receipts [9]. These challenges often result in inaccuracies
in data extraction, which can undermine the efficiency and
reliability of automated systems [10].

The practical impact of these limitations is also reflected
in previous receipt-processing studies. Kumar et al. reported
an accuracy of 83% for larger bill receipts, corresponding to a
residual error proportion of approximately 17% under their
experimental setting [14]. Odd and Theologou reported an
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accuracy of 72.32% for price extraction, leaving approximately
27.68% of the evaluated price fields incorrectly extracted [19].
Although these values were obtained under different exper-
imental conditions, they demonstrate that apparently strong
document-level recognition performance may still leave a sub-
stantial proportion of business-relevant fields requiring manual
verification or correction. Such residual errors can propagate
into expense records, transaction summaries, and downstream
reporting workflows. These documented field-level errors mo-
tivate the need for a receipt-processing architecture that does
more than recognise individual characters. The system must
also preserve the relationships among structured receipt fields,
line-item descriptions, and their corresponding prices.

This research introduces AlphaOCR, an advanced system
designed to address the limitations of existing OCR meth-
ods, particularly in receipt processing. The system leverages
deep learning models, specifically the PICK (Processing Key
Information Extraction) models, which are enhanced through
hyperparameter tuning to improve performance [11]. The study
compares two versions of the PICK model: PICK-1, the
original model developed by Yu et al. (2020), and PICK-2,
a modified version that incorporates improvements aimed at
increasing accuracy and efficiency.

Despite progress in receipt understanding, three technical
limitations remain insufficiently addressed in the reviewed
approaches. First, the PICK configuration used in this study
extracts a fixed set of structured entities but does not directly
recover line-item product descriptions and their corresponding
prices. Second, conventional OCR engines can recognise char-
acters from the receipt body, but their outputs do not neces-
sarily preserve phrase continuity or the structural association
between a product description and its price. Third, indepen-
dently generated structured-field and OCR outputs require an
explicit fusion and verification mechanism before they can be
used as a coherent transaction record.

The unresolved research gap is therefore not limited to
blur sensitivity. It concerns how graph-based structured infor-
mation extraction and OCR-based line-item recognition can
be integrated without losing field relationships, while allowing
uncertain or incorrect outputs to be reviewed before storage
and reporting. AlphaOCR addresses this gap through a dual-
branch architecture in which PICK-2 extracts predefined struc-
tured entities, an OCR component processes line-item content,
and a web-based verification stage consolidates and corrects
the combined output.

Accordingly, this study investigates whether a graph-based
structured extractor can be extended with an OCR branch and
a verification layer to recover both receipt-level entities and
line-item information within a unified processing workflow.

The primary objectives of this research are to compare
PICK-1 and PICK-2 using multiple entity-level evaluation
metrics, to examine the performance of different OCR en-
gines when integrated with PICK-2, to evaluate the resulting
AlphaOCR receipt-processing configuration, and to assess the
usability of its web-based application. Rather than claiming
direct superiority over previously published systems, the study
characterises the performance of the proposed components
under a common internal evaluation setting.

The objectives of this study are as follows:

• To introduce AlphaOCR, an integrated receipt-
processing architecture that combines graph-based key
information extraction through PICK-2 with OCR-
based product and price recognition.

• To compare PICK-1 and PICK-2 using mEP, mER,
mEF, and mEA, and to evaluate TesseractOCR,
KerasOCR, and EasyOCR under the same study-
specific experimental setting.

• To implement the integrated model as a web-based
application supporting receipt upload, output fusion,
user verification, correction, analysis, and report gen-
eration.

This article is organised into key sections: Section II
reviews recent literature on receipt processing and OCR ad-
vancements. Section III outlines the methodology used in this
research, detailing the experimental setup and model configu-
rations. Section IV offers an in-depth analysis of the experi-
mental outcomes, including model performance and usability
testing. Finally, Section V summarises the findings, discusses
the research implications, and Section VI concludes the study
and suggests potential directions for future work. To position
this architecture within existing document-processing research,
the next section compares OCR-centred, layout-aware, and
graph-based information-extraction approaches.

II. RELATED WORK

In 2019, Anh Le Duc, Dung Van Pham, and Tuan Anh
Nguyen conducted a study on text detection and recognition
in receipts. They used the Connectionist Text Proposal Net-
work (CTPN) algorithm for detecting text, utilising Visual
Geometry Group (VGG-16), Bidirectional Long Short-Term
Memory (BiLSTM), and bounding box regression to detect
horizontal text effectively. They employed the Attention-based
Encoder-Decoder (AED) algorithm for text recognition, which
used DenseNet and OCR for validation and was particularly
effective at recognising mathematical expressions and hand-
written Vietnamese characters [12]. The study utilised the
SROIE2019 dataset, which was divided into training, testing,
and validation sets. Three variations of the CTPN algorithm
were tested: CTPN alone, CTPN with preprocessing, and
CTPN with preprocessing and OCR validation. The best results
were achieved with the CTPN combined with preprocessing
and OCR validation, yielding F1, Precision, and Recall scores
of 71.9%, 72.5%, and 71.3%, respectively. While the CTPN
with preprocessing alone had a slightly higher Recall of 72.3%,
the combined approach outperformed across other metrics. A
key limitation was the exclusion of handwritten text detection
and recognition, indicating a direction for future research [13].

In 2020, Vedant Kumar and his team conducted a study that
used OCR technology to extract information from receipt and
bill images, making them machine-readable [14]. The study ap-
plied four main methods: removing shadows and watermarks,
segmenting long invoices, recognising and extracting text, and
retrieving relevant information. They used OpenCV for image
processing due to its effectiveness in handling image data and
Tesseract OCR for text extraction because of its ability to
detect text in various languages and produce outputs closely
matching the input images. Although the specific dataset
details were not provided, the researchers tested their approach
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on 25 bill receipts, achieving high accuracy rates—97% for
small bill receipts and 83% for larger ones. Peak Signal-to-
Noise Ratio (PSNR) values ranged from 38.13 to 42.57 dB.
While PSNR was less pivotal in this study, the main strength
of their research was the ability to extract text even in the
presence of watermarks and shadows. However, a limitation
was that the method was best suited for images with printed
text [14].

In 2019, Xiaohui Zhao, Endi Niu, Zhuo Wu, and Xi-
aoguang Wang developed an OCR system for extracting key
information from receipts. The study introduced grid positional
mapping for CNN algorithms, utilising two versions: Con-
volutional Universal Text Information Extractor (CUTIE-A),
which merges features from various resolutions, and CUTIE-
B, which uses atrous convolution and ASPP to improve context
detection [16]. They tested the system using the SROIE2019
dataset, split 75:25 for training and testing. CUTIE-A achieved
AP scores of 90.8% for taxi receipts, 77.7% for food and
entertainment receipts, and 69.5% for hotel receipts, with
softAP scores reaching up to 97.2%. CUTIE-B performed
even better, outperforming models like CloudScan and BERT.
However, the study had a limitation: it lacked preprocessing
steps to connect text into meaningful entities during grid
mapping, relying only on existing algorithms [17].

In 2020, Weiliang Liu and colleagues developed an end-to-
end neural-network method for recognising taxi receipt infor-
mation without relying on conventional image-processing and
OCR pipelines. The method used an SSD model with a VGG-
16 backbone to identify informative regions and a specialised
CNN and GRU network for character recognition. The dataset
contained 1,800 taxi receipt images, and the reported cross-
validation accuracy was 94.36%. The evaluation was restricted
to taxi receipts from a specific company in Beijing [15]. A
related application-oriented taxi receipt text-recognition system
was subsequently presented by Liu et al. [18].

In 2018, Joel Odd and Emil Theologou investigated the
use of OCR in machine learning for classifying receipts and
extracting specific data points. They converted physical receipt
datasets to digital form and trained several machine learning
algorithms, comparing the performance of four: LinearSVC,
MLP, Na¨ıve Bayes, and DummyClassifier. The Google Drive
REST API was selected for OCR, demonstrating better ac-
curacy than the Azure Computer Vision API [19]. The study
found that LinearSVC performed best, achieving 94.07% ac-
curacy for receipt classification and 72.32% for extracting
specific data points like prices. However, the overall accuracy
was still not optimal, indicating a need for more advanced
methods to improve results.

In a study by Peng Zhang et al., the TRIE model achieved
the highest accuracy of 93.26% for information extraction from
receipts, outperforming the GCN model’s 92.60%. The dataset
used included SROIE2019 and a combination of Chinese text
receipts and resumes. The TRIE algorithm, which integrates
FPN and ResNet-50, demonstrated superior performance in
this context [20].

In 2020, Yu et al. introduced the deep learning model
PICK, designed for extracting key information (KIE) from doc-
uments [21]. Evaluated using the SROIE2019 dataset, PICK
outperformed baseline models, achieving an impressive mEF

score of 96.1%. This model integrates convolutional visual
features, graph learning, sequential encoding, and CRF-based
structured prediction for key information extraction [21].

In 2019, Xiaojing Liu and colleagues introduced a model
for extracting information using a combined textual and vi-
sual approach [22]. The study utilised the Value-Added Tax
Invoices (VATI) and International Purchase Receipts (IPR)
datasets, highlighting the benefits of incorporating visual el-
ements into information extraction. Their Bidirectional Long
Short-Term Memory (BiLSTM) + Conditional Random Fields
(CRF) + Graph Convolutional Network (GCN) model outper-
formed baseline models, achieving an F1 score of 87.3% on
VATI and 83.6% on IPR [22].

In 2020, Bodhisattwa Prasad Majumder and their team
demonstrated that Representation Learning models signifi-
cantly outperformed Bag of Words (BoW) and Multilayer
Perceptron (MLP) models in extracting information from re-
ceipts and invoices, achieving an F1 score of 83.9% on the In-
voices1 and Invoices2 datasets, and 83.3% on the SROIE2019
dataset [23]. In 2022, Cheng Jian Lin and colleagues proposed
the YOLOv4-s model, which was compared to YOLOv3,
YOLOv4, and YOLOv5 on printed and handwritten receipt
datasets. Although it was tested on a specific dataset, YOLOv4-
s achieved the highest accuracy of 99.39%, showcasing its
strength in minimising downsampling during image processing
[24].

Finally, Chang et al. (2004) present a real-time license plate
recognition method that addresses challenges like varying plate
sizes, orientations, and lighting conditions [25]. Their system
utilises image processing techniques to locate and segment
license plates from camera-captured images, enhancing key
features through edge detection and morphological operations.
After detecting the license plate, the system extracts characters
using template matching or neural networks. The system
was evaluated for accuracy and efficiency across different
conditions, demonstrating its effectiveness in overcoming the
typical challenges of license plate recognition systems.

The numerical results reported in previous studies should
be interpreted with caution. For example, TRIE reported an
accuracy of 93.26%, while YOLOv4-s reported an accuracy
of 99.39% [20], [24]. However, these values were obtained
using different datasets, task definitions, document categories,
extracted fields, and evaluation procedures. Similarly, the mEF
reported for the original PICK study and the overall accuracy
reported for AlphaOCR represent different evaluation scopes.
Consequently, these reported values do not constitute a direct
head-to-head comparison and should not be used to rank the
methods solely according to their numerical scores.

A broader review of deep-learning-based information ex-
traction was provided by Yang et al. [21], who surveyed the
evolution from earlier feature-engineering pipelines to more
recent neural architectures for extracting structured information
from documents.

Table I shows a transition from OCR-centred pipelines to-
wards layout-aware and graph-based document-understanding
models. OCR-centred approaches can recover text effectively
but do not inherently preserve semantic relationships among
receipt fields. In contrast, structured KIE models such as
PICK and TRIE model visual and contextual relationships,

www.ijacsa.thesai.org 754 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 8, 2026

TABLE I. COMPARATIVE SYNTHESIS OF RECEIPT AND DOCUMENT INFORMATION-EXTRACTION APPROACHES

Study Architecture Dataset Main Strength Reported Limitation Remaining Gap

Le et al. [12] CTPN, VGG-16, BiLSTM,
and attention-based recog-
nition

SROIE2019 Combines text detection and
recognition for receipt images

Handwritten content was not
evaluated and the pipeline con-
tains multiple processing stages

Limited support for unified
structured-field and line-
item extraction

Kumar et al. [14] OpenCV preprocessing
and Tesseract OCR

25 bill receipts Handles shadows,
watermarks, and printed-
text degradation

Performance decreased for
larger bills and the method
focused on printed text

No explicit modelling of re-
lationships among extracted
fields

Zhao et al. [16] CUTIE-A/B with grid-
based convolutional
document modelling

SROIE2019 and re-
ceipt categories

Represents text and spatial
layout in a two-dimensional
grid

Depends on grid mapping and
lacks an explicit verification
workflow

Limited integration of
OCR outputs with user-
correctable structured
records

Liu et al. [15] SSD with VGG-16 and
CNN–GRU recognition

1,800 taxi receipts High recognition accuracy
within a specific receipt
domain

Restricted to taxi receipts from
a specific company

Limited cross-domain gen-
eralisation and field exten-
sibility

Odd and Theologou
[19]

OCR services with con-
ventional machine-learning
classifiers

Custom receipt col-
lection

Demonstrates receipt classi-
fication and field extraction
from OCR text

Price and date extraction re-
mained substantially less accu-
rate than receipt classification

OCR text was not integrated
with graph-based document
structure

TRIE [20] FPN, ResNet-50,
text recognition, and
information extraction

SROIE2019, Chinese
receipts, and resumes

End-to-end text reading and
information extraction

Uses task- and dataset-specific
evaluation settings

No user-assisted correction
or application-level output
fusion

PICK [11] CNN, graph learning, BiL-
STM, and CRF

SROIE2019 Models visual, spatial, and se-
quential relationships among
document entities

The evaluated configuration
extracts a predefined entity
schema

Does not directly recover
product–price line-item
pairs in the present
implementation

AlphaOCR PICK-2, OCR, output fu-
sion, and web-based veri-
fication

SROIE2019 and
a controlled OCR
evaluation

Combines structured fields,
line-item recognition, and
user verification in one
workflow

OCR evaluation and usability
assessment remain limited in
scale

Requires broader external
validation and more auto-
mated line-item association

but their output schemas and evaluation settings are task-
specific. AlphaOCR was therefore designed to combine the
complementary strengths of these approaches: graph-based
structured-field extraction, OCR-based line-item recognition,
and user-assisted output verification.

PICK was selected as the structural information extrac-
tion component of AlphaOCR not because it achieved the
highest reported numerical result among all cited approaches,
but because its architecture was specifically designed for
key information extraction from visually rich documents. Its
combination of convolutional feature extraction, graph-based
relationship modelling, sequential encoding, and structured
prediction enables it to represent spatial and contextual re-
lationships among receipt fields.

The contribution of AlphaOCR is therefore positioned as a
system-level integration rather than a claim of state-of-the-art
extraction accuracy. PICK-2 extracts the predefined structured
entities of company, address, date, and total, whereas the OCR
component extends the output to product-level text and price
information. The combined system further provides output
fusion, user verification, correction, storage, and reporting
within a web-based workflow. A direct comparison with TRIE,
YOLOv4-s, or other external systems would require those
models to be reimplemented and evaluated on the same
data partition, extracted fields, preprocessing procedures, and
evaluation metrics. The comparison identifies the need for
an architecture that combines structured-field modelling, line-
item OCR, output fusion, and user verification. The following
section describes how these components were implemented in
AlphaOCR.

III. METHODOLOGY

TThe AlphaOCR system was designed to support the
extraction of structured fields and line-item information from

receipts. Fig. 1 illustrates the development process, highlight-
ing the integration of three primary components: the PICK
deep learning model, the OCR model, and the web-based ap-
plication. The methodology involves five phases: PICK model
development, OCR extraction and PICK integration, output
fusion, Post-Processing and Web Application Deployment, and
AlphaOCR System Evaluation.

A. PICK Model development

The PICK component comprises three main modules: an
encoder capable of interpreting the layout and text in the input
image, a graph module that receives embeddings from the
encoder to explore and extract hidden features in the receipt
embeddings, and a decoder that identifies phrases with the
highest probability values.

1) Encoder: The encoder in the PICK model uses Convolu-
tional Neural Networks (CNNs) to extract hierarchical features
from the receipt images. These features include spatial and
visual patterns, such as text blocks, lines, and characters. The
encoder transforms the raw image data into feature maps, a
foundation for further analysis. The feature maps represent
the various components of the receipt, allowing the model
to capture the structure and layout of the document. This
is crucial for identifying key regions containing important
information, such as the receipt’s header, body, and footer.

2) Graph module: After encoding, the extracted features
are passed to the graph module, which employs Graph
Learning-Convolutional Networks (GLCN) to model the re-
lationships between different text regions. Each node cor-
responds to a text region in this graph representation, and
edges represent the spatial and logical relationships between
these regions. The graph module is essential for understanding
the layout of the receipt and how different elements are
interconnected. For example, it helps the model determine the
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Fig. 1. AlphaOCR model development.

relationship between a product name and its corresponding
price or between the company name and the total amount. By
learning these relationships, the model can more accurately
interpret the structure of the receipt and extract relevant
information.

3) Decoder: The decoder stage of the PICK model in-
tegrates Bidirectional Long Short-Term Memory (BiLSTM)
networks and Conditional Random Fields (CRF) to generate
the final structured output. BiLSTM networks capture se-
quential dependencies between text regions, ensuring that the
model accurately reflects the order and flow of information on
the receipt. For instance, it helps ensure that product names
are correctly associated with their prices and that dates are
properly linked to their respective transactions. The CRF layer
then takes these sequential outputs and applies structured pre-
diction to make coherent and contextually accurate decisions
about the content of the receipt. This structured prediction
allows the model to extract key fields, such as the company
name, address, date, and total amount, with high precision and
consistency.

The development of AlphaOCR began with the construc-
tion, adaptation, and training of the PICK deep learning
model. This model was trained on the publicly available
SROIE2019 dataset, which consists of 973 purchase receipts
from Malaysia. The SROIE2019 dataset comprises three key
components: images, bounding boxes, and entities, all of which
are essential for model training. The images, provided in *.jpg
format, often include varying degrees of blurring, reflecting
real-world challenges such as poor image quality. The bound-
ing boxes, stored in *.csv format, contain coordinates that
enclose the text within the image, and the entities, saved in
*.json format, represent the crucial information the model must
extract from the receipt. In this dataset, the bounding box files
also store the text bounded by these coordinates, allowing the
model to effectively learn how to recognise and extract key
information despite potential blurring. These components are
commonly referred to as img (image), box (bounding box),

Fig. 2. Example of an image file from the SROIE2019 dataset with ID
“000”.

and key or entity (entity). Fig. 2, 3, and 4 show examples of
image files, bounding boxes, and entities for the SROIE2019
dataset with the ID “000”.

B. OCR Extraction and PICK Integration

Once the models are trained, the AlphaOCR system inte-
grates the outputs of the PICK and OCR models to produce a
comprehensive extraction of receipt information:

1) OCR extraction: The OCR component consists of three
main modules: a bounding box generator that creates boundary
boxes around phrases on the receipt, an OCR extractor for
extracting text from the receipt’s body, and a bounding box
mapper that maps the boundary boxes to the areas identified by
the OCR model. The PICK deep learning model is specifically
designed to extract four key pieces of information from a
receipt: the issuing company, the company address, the date
of issuance, and the total payment made. The OCR model
extracts two additional important details, namely the product
and price. Initially, the receipt is processed by the PICK deep
learning model to extract the four main pieces of information.
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Fig. 3. Example of a bounding box file from the SROIE2019 dataset with ID
“000”.

Fig. 4. Entities for the SROIE2019 dataset with the ID “000”.

Afterwards, the receipt is cropped and focused solely on the
body section to extract information related to the product,
quantity, and product price. This technique simplifies the
complex post-processing of text by narrowing the focus to
the body section, which is crucial since receipts are generally
divided into three main sections: header, body, and footer.

2) PICK extraction: Simultaneously, the PICK extractor
module processes the original receipt image to extract key
information. During this process, the encoded feature maps
generated by the CNNs are analysed by the graph module to
understand the spatial layout of the receipt. The graph module
identifies and models the relationships between different text
regions, such as the connection between the header (e.g., com-
pany name) and the footer (e.g., total amount). The BiLSTM
networks within the decoder then analyse the sequence of text
regions to maintain logical consistency. At the same time, the
CRF layer finalises the structured output, accurately extracting
fields such as the company name, address, date, and total
amount.

3) Bounding box mapping: The bounding box mapper
module examines the extracted results, visually mapping the
identified text areas on the receipt. This step ensures accurate
identification and localisation of information.

C. Output Fusion

Following the extraction process, the Output Fusion module
merges the data from the PICK and OCR models into a single,

coherent output. This fusion process is essential for integrating
the structured data extracted by the PICK model with the
textual information extracted by the OCR model. The module
aligns and combines the different data points to create a unified
dataset that is both comprehensive and easy to interpret. The
result is a complete and accurate representation of the receipt’s
content, ready for further processing or display.

D. Post-Processing and AlphaOCR Web Application Deploy-
ment

The post-processing phase is crucial in refining the fused
output to ensure the extracted information is accurate and user-
friendly. This final, polished data is presented to users through
a web-based application, the primary interface for interacting
with the processed information.

In the Output Matching and Feedback stage, the system
presents the extracted data via the web application’s output
matching module. Users are encouraged to review and correct
the extracted text, especially for crucial details such as the
company name, address, date, amount paid, and product infor-
mation. This feedback mechanism is essential for continuously
improving the system’s accuracy.

The refined data is then displayed on an Analysis Dash-
board within the web application, allowing users to download
the extracted information. The dashboard includes interactive
features such as filtering, sorting, and exporting, allowing users
to manipulate the data according to their needs.

In terms of Data Storage and Access, all extracted and
refined information is consolidated and securely stored in a
singular log file. This file is accessible to the administrator
through the application’s backend, ensuring the data is archived
securely and available for future reference or analysis.

The AlphaOCR web application consists of seven main
modules: the input module, which receives receipt images; the
image cropper, which trims the body section of the receipt; the
output fusion module, which integrates the extraction results
from both OCR and PICK into a single output; the output
matching module, which corrects and aligns the extracted text
with its appropriate category (such as company name, company
address, date, total amount paid, product, or product price);
the dashboard, which displays an analysis of the extraction
results; the report module, which allows users to download
the processed information; and the log module, which stores
cumulative extraction data accessible by the admin through the
application’s backend.

The AlphaOCR web-based application was developed us-
ing Python, leveraging key modules such as Streamlit, which
is particularly effective in presenting a deep learning model
as a user-friendly web application. Fig. 5 illustrates the design
of the AlphaOCR User Guide interface, offering users clear
instructions and guidance on using the application. Fig. 6
displays the design of the AlphaOCR Home interface, where
users can upload receipt images and initiate the extraction
process. Finally, Fig. 7 showcases the design of the AlphaOCR
Extractor interface, where users can view, review, and interact
with the extracted data.
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Fig. 5. Design of the AlphaOCR user guide interface.

Fig. 6. Design of the AlphaOCR home interface.

Fig. 7. Design of the AlphaOCR extractor interface.

E. AlphaOCR System Evaluation

The deep learning component of AlphaOCR was evaluated
by comparing PICK-1 and PICK-2 using four entity-level
metrics: mean Entity Precision (mEP), mean Entity Recall
(mER), mean Entity F1-score (mEF), and mean Entity Accu-
racy (mEA). These metrics were examined across the extracted
entities and during both the training and testing phases. In
addition to the descriptive comparison, a paired t-test was
applied to the paired entity-level mEF values to assess whether
the observed difference between PICK-1 and PICK-2 was sta-
tistically significant. Because statistical significance does not
by itself indicate the practical magnitude of an improvement,
the absolute difference in mEF between the two models was
also reported and interpreted together with the loss values and
the consistency between training and testing performance.

The OCR comparison was conducted using 20 selected
phrases from one standardised receipt image. The same phrases
were processed using TesseractOCR, KerasOCR, and Easy-
OCR to provide a consistent within-image comparison. This
controlled evaluation was intended to support OCR-engine
selection for the AlphaOCR prototype rather than to serve as
a general benchmark across diverse receipt collections.
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TABLE II. EVALUATION PHASES AND MODELS

Component Evaluation Phase Model
Deep Learning
Model

Evaluating the performance of two
PICK models through multiple as-
sessment metrics.

PICK-1,
PICK-2

OCR Model Controlled phrase-level compari-
son for OCR-engine selection.

TesseractOCR,
KerasOCR,
EasyOCR

Web-based
Application

Conducting usability testing on the
developed application.

AlphaOCR

In addition to the technical evaluations, a formative usabil-
ity assessment was conducted to identify interface, navigation,
and interaction issues in the AlphaOCR web application. The
assessment involved 15 participants organised into three groups
of five. The small-group evaluation was intended to support
prototype refinement. It was not designed to provide a statisti-
cally representative estimate of usability or satisfaction for the
broader population of intended users. The resulting evaluation
design examined the structured extractor, the OCR engines, the
integrated configurations, and the formative user interaction.
The next section reports the corresponding experimental and
usability results.

IV. RESULTS

The evaluation phase was crucial for assessing the ef-
fectiveness of the AlphaOCR system. This phase involved
evaluating the performance of the PICK models, comparing
different OCR models, and conducting usability testing for
the web-based application, as summarised in Table II. Table II
outlines the evaluation phase of a system consisting of three
key components: a deep learning model, an OCR model, and
a web-based application. During the evaluation of the deep
learning model, the performance of two models, PICK-1 and
PICK-2, was assessed using multiple metrics to determine
their effectiveness in tasks such as entity recognition and
information extraction. In the OCR model evaluation, The
three OCR engines were compared using the controlled phrase-
level evaluation protocol described in Section III-E. This phase
focused on measuring the accuracy and efficiency of these
models in text extraction. Lastly, the web-based application
was subjected to usability testing to evaluate its interface,
user experience, and overall functionality, with AlphaOCR
being the specific application under review. This comprehen-
sive evaluation process ensured that each system component
was thoroughly tested for performance, accuracy, and user-
friendliness.

A. Deep Learning Model PICK

The deep learning component of the AlphaOCR system
was tested using two versions of the PICK model. The first
version, PICK-1, is the original model developed by Yu et
al., which served as the baseline for comparison. The second
version, PICK-2, is a modified iteration of the original model,
incorporating hyperparameter tuning designed to enhance per-
formance.

As summarised in Table III, the two versions of the PICK
model differ in backbone depth and activation function while

TABLE III. PARAMETER SETTINGS FOR PICK-1 AND PICK-2

Model ResNet Optimizer Activation Function
PICK-1 ResNet-50 Adam ReLU
PICK-2 ResNet-152 Adam Leaky ReLU

sharing the same optimiser. PICK-1, which uses the ResNet-
50 architecture, the Adam optimiser, and the ReLU activa-
tion function, served as the baseline model for performance
comparison. PICK-2, the enhanced version, utilises the deeper
ResNet-152 backbone, still employs the Adam optimiser, but
incorporates the Leaky ReLU activation function with the
aim of improving model performance. These variations in
architecture and activation functions were intended to optimise
the model’s accuracy and effectiveness in the deep learning
tasks of the AlphaOCR system.

Fig. 8 shows a comparison of four key evaluation metrics,
including mean Entity Precision (mEP), mean Entity Recall
(mER), mean Entity F1-score (mEF) and mean Entity Accu-
racy (mEA) across different entities for the PICK-1 and PICK-
2 models, divided into training and testing phases. The green
colour scheme represents the PICK-1 model, with darker green
indicating training results and a lighter green for testing results.
Similarly, the orange scheme is used for the PICK-2 model,
with darker orange for training and lighter orange for testing.

The observations from Fig. 8 reveal that PICK-1 gen-
erally exhibits higher precision during training, particularly
in the “Date” entity. However, PICK-2 demonstrates more
consistent precision during testing, notably in “Company” and
“Total.” Both models maintain stable values across entities
when examining recall, with PICK-1 showing slightly higher
recall during training. In the testing phase, PICK-2 matches
or surpasses PICK-1 in recall for the “Date” and “Company”
entities, indicating better generalisation. The F1-score trends
align with precision and recall, where PICK-1 performs better
during training, especially for “Date,” but PICK-2 displays
a more balanced F1-score during testing. Accuracy remains
high for both models across all entities, with PICK-1 showing
slightly better accuracy during training. However, PICK-2
demonstrates less variability between training and testing,
suggesting it may generalise better in real-world scenarios.
Fig. 9 compares GL Loss, CRF Loss, and Total Loss values
between the PICK-1 and PICK-2 models across both training
and testing phases. The colour scheme remains consistent, with
green representing PICK-1 and orange representing PICK-2,
using lighter shades for testing results. The GL Loss remains
nearly identical between training and testing for both models,
indicating consistent global loss minimisation. However, when
examining CRF Loss, PICK-2 consistently shows lower values
than PICK-1 in both phases, with a slight increase observed
during testing, suggesting greater efficiency in handling the
conditional random fields (CRF) component.

The Total Loss comparison highlights a significant dis-
tinction between the two models, with PICK-2 consistently
achieving lower Total Loss during the training and testing
phases. The increase in Total Loss from training to testing
is more pronounced in PICK-1, indicating that PICK-2 is
better at maintaining performance when transitioning from
training to testing. Overall, the analysis of both figures suggests
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Fig. 8. Comparison of mEP, mER, mEF, and mEA for PICK-1 and PICK-2
during training and testing.

Fig. 9. Comparison of GL loss, CRF loss, and total loss for PICK-1 and
PICK-2 during training and testing.

that while PICK-1 may have a slight edge in some training
metrics, PICK-2 demonstrates more consistent and reliable
performance, particularly during the testing phase. These re-
sults suggest that PICK-2 achieved more stable optimisation
under the present experimental setting. However, evaluation
on independent receipt datasets is required before drawing

conclusions about its suitability for real-world deployment.

To assess the statistical significance of the difference
between PICK-1 and PICK-2, a paired t-test was conducted
using the paired entity-level mEF values produced by the two
models. The test yielded a p-value of 0.042, indicating that
the observed difference was statistically significant at the 5%
level. Nevertheless, the mEF increased from 83.32% for PICK-
1 to 83.88% for PICK-2, representing an absolute improvement
of only 0.56 percentage points. Therefore, the result indicates
a statistically detectable but practically modest improvement.
It should not be interpreted as a large increase in extraction
performance. The main observed benefit of PICK-2 was its
more consistent testing behaviour and lower CRF and total
loss values, rather than a substantial increase in mEF alone.

B. Optical Character Recognition (OCR) Model

The OCR models were evaluated based on their accuracy
in correctly extracting twenty selected phrases from a stan-
dardised receipt image. The performance of TesseractOCR,
KerasOCR, and EasyOCR was assessed using the Character
Accuracy Rate (CAR) metric. The phrase extraction accuracy
values are calculated by determining the ratio of correctly
extracted characters to the total number of characters in the
tested phrase. The average phrase extraction accuracy value
can be obtained by calculating the ratio of phrase extraction
accuracy to the total number of tested phrases. These values
can be converted into percentages by multiplying the obtained
value by one hundred. This method is known as the CAR.
The two equations below show the calculation method for
both values, considering symbols but not white spaces or case
sensitivity.

• Phrase Extraction Accuracy: For each tested phrase i,
the Character Accuracy Rate was calculated as:

CARi =
Ci

Ni
, (1)

where, Ci is the number of correctly recognised characters
and Ni is the total number of characters in the correspond-
ing reference phrase. Symbols were included, whereas white
spaces and letter case were excluded from the comparison.

• Average Phrase Extraction Accuracy: The average
Character Accuracy Rate across the M tested phrases
was calculated as:

CAR =
1

M

M∑
i=1

CARi. (2)

Fig. 10 shows that TesseractOCR achieved the high-
est character-level accuracy, followed closely by EasyOCR,
whereas KerasOCR obtained a substantially lower CAR un-
der the present evaluation setting. Although TesseractOCR
achieved the highest CAR, its output more frequently sepa-
rated words belonging to the same product phrase. EasyOCR
achieved comparable character-level accuracy while preserving
phrase grouping more consistently. Because phrase continuity
was important for matching product descriptions with their
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Fig. 10. Comparison of Character Accuracy Rate (CAR) of OCR models.

corresponding prices, EasyOCR was selected for downstream
integration with PICK-2. This selection reflects compatibility
with the AlphaOCR processing workflow and should not be
interpreted as a general claim that EasyOCR outperforms all
other OCR engines across different receipt types and image
conditions.

Paired t-tests were conducted using the phrase-level CAR
values to examine differences among the three OCR en-
gines under the same controlled input condition. The results
indicated that TesseractOCR and EasyOCR produced simi-
lar character-level performance, whereas KerasOCR obtained
lower accuracy. Because the observations were derived from
the same receipt image, the statistical comparisons describe
within-image differences and do not establish population-level
superiority across independent receipt collections. Further-
more, Fig. 11 presents the performance of three Optical Char-
acter Recognition (OCR) models—TesseractOCR, KerasOCR,
and EasyOCR—by comparing their Accuracy (%) and Error
Rate (%).

The blue bars represent accuracy, indicating the percentage
of correctly recognised characters by each model. Higher Ac-
curacy values signify better character recognition performance.
The red line, marked with data points, represents the Error
Rate, which denotes the percentage of characters each model
failed to recognise accurately. A lower Error Rate is preferable,
as it reflects fewer recognition errors by the model.

TesseractOCR and EasyOCR demonstrate high accuracy
rates, exceeding 90%, corresponding to relatively low Error
Rates. TesseractOCR exhibits an Error Rate just above 7%,
while EasyOCR’s Error Rate is slightly higher, though still
under 8%. These results suggest that both models are highly
effective in character recognition, with minimal errors. In
contrast, KerasOCR shows a significantly lower accuracy rate,
around 75%, coupled with an Error Rate of approximately
25%. This indicates that KerasOCR is less reliable than the
other two models, making more frequent mistakes in character
recognition.

Overall, Fig. 11 illustrates the expected inverse relation-
ship between character accuracy and error rate. The results
were used to support OCR-engine selection for the current
AlphaOCR prototype. Broader conclusions require evaluation

Fig. 11. Comparison of OCR model accuracy and error rates.

Fig. 12. Comparative performance metrics of PICK-2 with different OCR
models.

using independent receipts with greater variation in layout,
font, language, and image quality.

C. Combined Performance of PICK-2 with OCR Models

To evaluate the effectiveness of the AlphaOCR system, the
PICK-2 model was combined with each OCR method to assess
accuracy in processing receipts. Fig. 12 shows that PICK-
2 combined with EasyOCR achieved the highest accuracy,
precision, and recall among the three evaluated configurations,
with values of 87.96%, 88.10%, and 87.80%, respectively.
PICK-2 combined with TesseractOCR ranked second, while
the KerasOCR configuration obtained the lowest values across
the three metrics. These findings indicate that the choice of
OCR engine influenced the performance of the integrated Al-
phaOCR configuration under the present experimental setting.

The combination of PICK-2 with EasyOCR achieved the
highest accuracy at 87.96%, indicating that this pairing was
the most effective in correctly extracting information from
receipts. This configuration also demonstrated a strong balance
between precision (88.10%) and recall (87.80%), reflecting
its ability to make accurate predictions and capture a high
proportion of the relevant information in the dataset.

In comparison, the combination of PICK-2 with Tesserac-
tOCR achieved a slightly lower accuracy of 85.72%. Its recall
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of 86.30% was also lower than the 87.80% achieved by the
EasyOCR configuration, while its precision was 84.50%.

The pairing of PICK-2 with KerasOCR performed the
least effectively, with an accuracy of 78.34%. Both precision
(76.80%) and recall (79.90%) were significantly lower than
those achieved by the other combinations, suggesting that
KerasOCR struggled to accurately and consistently extract the
correct information.

Overall, PICK-2 combined with EasyOCR was the best-
performing configuration among the three combinations eval-
uated under the present experimental setting. This result sup-
ports its selection for the AlphaOCR prototype but does not
establish that it is the most reliable configuration across all
receipt layouts and image-quality conditions.

To determine whether these differences in accuracy were
statistically significant, paired t-tests were conducted compar-
ing the performance of PICK-2 combined with each OCR
model. The t-test between PICK-2 with TesseractOCR and
PICK-2 with EasyOCR resulted in a p-value of 0.045, indi-
cating that the improvement in accuracy with EasyOCR is sta-
tistically significant at the 5% level. The comparison between
PICK-2 with KerasOCR and PICK-2 with EasyOCR yielded a
p-value of 0.001, confirming a highly significant difference in
favour of EasyOCR. Lastly, the comparison between PICK-2
with TesseractOCR and PICK-2 with KerasOCR produced a
p-value of 0.003, demonstrating that TesseractOCR performs
significantly better than KerasOCR when paired with PICK-
2. These t-test results support the conclusion that PICK-2
combined with EasyOCR is the most effective configuration
for the AlphaOCR system.

D. Web-Based Application Usability Testing

The usability evaluation of the AlphaOCR web application
was designed as a formative assessment of the developed
prototype. A total of 15 participants were divided into three
groups of five. The small-group design was used to expose the
prototype to users with different technical backgrounds and
age profiles and to identify prominent interface, navigation,
and interaction issues.

The evaluation was not designed to provide a statistically
representative estimate of usability or user satisfaction for
the broader population of receipt-processing users. Therefore,
the findings were interpreted as preliminary feedback for
prototype refinement rather than population-level validation of
the application.

The usability sessions were conducted on July 3 and July
4, 2023. Group 1 consisted of Generation Z participants with
programming experience. Group 2 consisted of participants
without programming experience, while Group 3 consisted
of Generation Y participants with programming experience.
These groups enabled the prototype to be examined from
different user perspectives; however, no population-level infer-
ence was made from the differences among the three groups.

During each 30-minute session, participants explored the
application, completed a receipt-processing task, and re-
sponded to a questionnaire concerning the interface, instruc-
tions, navigation, layout, task-completion experience, and ex-
traction errors. The collected responses were used to identify

TABLE IV. REPRESENTATIVE FEEDBACK FROM THE FORMATIVE
USABILITY GROUPS

Question Feedback Analysis
What do you think as
you view web-based AI?

“The web interface
is simple, attractive,
and accessible.”

Most respondents highlighted
the cosmetic aspects of the
application.

How was the experience
of using the product to
complete this task?

“Simple and easy to
use.”

Four out of five respondents
found the application easy to
use.

What are your thoughts
on the instructions pro-
vided?

“Clear and
straightforward
instructions.”

All respondents agreed that
the instructions were clear and
easy to understand.

How easy or difficult was
it to navigate?

“Easy to navigate.” All respondents found the
navigation process easy and
logical.

What are your thoughts
on the design and layout?

“Minimalistic
design and well-
structured layout.”

The design and layout were
seen as strengths of the appli-
cation.

How long did it take
the user to complete this
task?

“Less than 5 min-
utes to complete the
task for one re-
ceipt.”

Most respondents completed
the task in under 6 minutes.

How would you describe
your overall experience
with the product?

“Refreshing and
easy to use.”

All respondents described the
application as easy to use and
a refreshing experience.

What did you like the
most about using this
product?

“The simplicity and
clean layout.”

Three respondents highlighted
the application’s ability to
extract information from re-
ceipts.

What did you like the
least?

“The errors encoun-
tered during extrac-
tion.”

Two respondents faced errors
during extraction.

What, if anything, sur-
prised you about the ex-
perience?

“The AI’s ability to
read various fonts.”

All respondents appreciated
the AI’s ability to extract in-
formation.

What, if anything,
caused you frustration?

“The errors during
extraction.”

Three respondents found the
errors during extraction frus-
trating.

practical usability issues and areas requiring interface refine-
ment.

The feedback summarised in Table IV indicates that par-
ticipants in the tested sample generally expressed positive
views regarding the interface, instructions, and navigation.
However, extraction errors were identified as a source of
frustration for several participants. These observations should
not be generalised to the wider intended user population.
Broader usability validation would require a larger and more
representative sample that includes users who routinely process
receipts, such as accounting personnel, expense-management
staff, and business administrators.

V. DISCUSSION

The comparison between PICK-1 and PICK-2 showed that
the architectural and activation-function modifications applied
to PICK-2 produced a statistically significant but modest
improvement in entity-level performance. The mEF increased
from 83.32% to 83.88%, representing an absolute gain of 0.56
percentage points. Accordingly, the result does not demonstrate
a substantial increase in extraction accuracy. The more notable
benefit of PICK-2 was its comparatively consistent behaviour
between training and testing and its lower CRF and total
loss values. These observations suggest that the modified
configuration may provide more stable optimisation under the
present experimental setting. However, additional evaluation
on independent and more diverse receipt datasets is required
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before stronger conclusions regarding generalisation can be
drawn.

Although the overall accuracy of the PICK-2–EasyOCR
configuration was 87.96%, this value should not be directly
ranked against the 93.26% reported for TRIE or the 99.39%
reported for YOLOv4-s. The studies differ in dataset com-
position, document type, extracted fields, task formulation,
and evaluation metric. The present study therefore does not
claim that AlphaOCR outperforms these external methods.
Its contribution lies instead in combining structured entity
extraction, item-level OCR, output fusion, and user-assisted
verification within an integrated receipt-processing application.

The OCR comparison showed that TesseractOCR and
EasyOCR achieved similar character-level performance, while
KerasOCR obtained a lower CAR. EasyOCR was selected be-
cause its phrase grouping was more compatible with the down-
stream product-and-price matching process, despite Tesserac-
tOCR achieving a slightly higher character-level score. Be-
cause the OCR evaluation was based on phrases obtained from
a single receipt image, these findings should be interpreted as
preliminary and specific to the present experimental setting.
Future work should evaluate the OCR engines using multiple
independent receipts with different layouts, fonts, languages,
resolutions, and image-degradation levels.

When combining the PICK-2 model with the various OCR
models, the results showed that PICK-2 paired with EasyOCR
achieved the highest accuracy of 87.96%. Within the config-
urations evaluated in this study, the PICK-2–EasyOCR com-
bination achieved the highest overall accuracy. This finding
supports its selection for the AlphaOCR prototype but does not
establish superiority across other receipt datasets, layouts, or
image-quality conditions. These results indicate that the choice
of OCR engine affected the performance of the integrated
system. In the present evaluation, EasyOCR provided phrase
grouping that was more compatible with the downstream
product-and-price extraction process. The formative usability
evaluation provided preliminary feedback on the interface
and identified extraction errors as a source of frustration for
several participants. Within the configurations evaluated in this
study, the PICK-2–EasyOCR combination achieved the highest
overall accuracy. This finding supports its selection for the
AlphaOCR prototype but does not establish superiority across
other receipt datasets, layouts, or image-quality conditions. The
results also indicate that OCR phrase grouping influenced the
performance of the downstream product-and-price extraction
process. The formative usability evaluation identified gener-
ally positive perceptions of the interface, instructions, and
navigation among the tested participants. It also showed that
extraction errors caused frustration for several users. These
findings provide preliminary guidance for interface refinement
rather than population-level validation.

Overall, AlphaOCR achieved an accuracy of 87.96% under
the experimental setting used in this study. This result demon-
strates the feasibility of the integrated workflow but does not
establish general performance across broader receipt layouts
and image conditions. While the combination of the PICK-
2 model and EasyOCR proved to be highly effective, there
remains potential for further enhancements. Future research
should focus on expanding the system’s capabilities to include
additional fields, integrating advanced Natural Language Pro-

cessing (NLP) techniques to handle text variations better, and
improving the system’s scalability to process larger and more
diverse datasets across different industries and regions.

A. Limitations and Failure Modes

Several limitations constrain the interpretation and general-
isability of the reported results. First, PICK-1 and PICK-2 were
evaluated using the SROIE2019 receipt collection. Although
this dataset contains Malaysian receipts with different layouts,
performance on the same dataset does not establish generali-
sation to receipts from other countries, languages, vendors, or
acquisition devices. The 0.56-percentage-point improvement in
mEF was also modest, indicating that the deeper ResNet-152
backbone and Leaky ReLU activation did not produce a large
increase in entity-level extraction accuracy.

Second, the OCR comparison was limited to phrases ob-
tained from one standardised receipt image. The evaluation
therefore did not systematically measure performance across
different blur levels, font sizes, languages, lighting conditions,
receipt layouts, or physical degradation patterns. Phrase frag-
mentation was observed in the TesseractOCR output, while the
lower CAR obtained by KerasOCR indicated greater character-
recognition difficulty under the tested condition. EasyOCR was
selected because its phrase grouping was more compatible with
the downstream workflow, not because it was established as
universally superior.

Third, errors in the OCR stage can propagate into line-item
construction. Incorrect characters, fragmented phrases, missed
prices, or incorrect body-region selection can prevent a product
description from being associated with the correct price. The
current verification interface reduces this risk by allowing users
to correct the output, but this also means that the final workflow
is not fully automatic and its reliability partly depends on user
review.

Fourth, the formative usability assessment involved only
15 participants and was intended to identify interface and
interaction issues. It cannot provide a population-level estimate
of usability or satisfaction. Extraction errors reported during
the usability sessions further indicate that recognition quality
directly influences user confidence and task experience.

Finally, the study did not systematically evaluate inference
latency, computational cost, concurrent-user capacity, or large-
scale deployment performance. Future work should therefore
include external datasets, controlled image-degradation tests,
multilingual receipts, automatic product–price association,
confidence-aware output fusion, and system-level scalability
measurements. Taken together, these findings and limitations
support a cautious interpretation of AlphaOCR as a modular
proof of concept rather than a universally validated receipt-
processing solution. The Conclusion summarises the broader
insights derived from this integration.

VI. CONCLUSION

This study examined how graph-based structured informa-
tion extraction and OCR-based line-item recognition can be
combined within a verified receipt-processing workflow. The
results show that extending a structured KIE model with an
OCR branch can broaden the output schema beyond receipt-
level fields such as company, address, date, and total to include
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product-and-price information. However, successful integration
depends not only on character recognition accuracy but also
on phrase continuity, spatial organisation, and the ability to
verify uncertain output.

The comparison between PICK-1 and PICK-2 provides
a second insight. Increasing backbone depth and changing
the activation function produced more stable optimisation and
lower loss values, but only a modest improvement in mEF. This
suggests that greater architectural complexity alone may not
substantially improve receipt understanding when the remain-
ing errors originate from layout variation, OCR uncertainty,
field association, or dataset limitations.

The OCR comparison further indicates that the engine with
the highest character-level score is not necessarily the most
suitable component for an integrated document-intelligence
system. EasyOCR was selected because its phrase group-
ing was more compatible with downstream product-and-price
processing, whereas TesseractOCR achieved a slightly higher
CAR but more frequently fragmented product phrases. This
finding highlights the importance of evaluating OCR engines
according to downstream structural requirements rather than
character accuracy alone.

AlphaOCR therefore contributes a modular design prin-
ciple for document intelligence: specialised structured-field
extraction, line-item recognition, output fusion, and human
verification can be combined without treating any single model
as sufficient for the complete task. The verification layer is
particularly important when residual recognition errors can
affect business-relevant fields.

The current findings remain limited by the modest PICK-2
gain, the controlled single-image OCR comparison, the small
formative usability sample, and the absence of external and
scalability evaluation. Future document-intelligence systems
should investigate confidence-aware fusion, automatic product
which price association, multilingual and degraded receipts,
external datasets, and end-to-end architectures that preserve
both character accuracy and document structure while reducing
the need for manual correction.
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