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 Handwritten notes remain widely used as transaction proofs, yet extracting 

information from them automatically is challenging due to variations in handwriting 

styles, layouts, and image qualities. This research aims to develop a transaction 

information extraction method for handwritten notes by integrating Optical 
Character Recognition (OCR) and Named Entity Recognition (NER). The research 

stages include image preprocessing using grayscale conversion, denoising, and 

Contrast Limited Adaptive Histogram Equalization (CLAHE), text recognition using 

EasyOCR across multiple image orientations, and transaction entity identification 

using IndoBERT with the BIO scheme. OCR performance is evaluated using 

Character Error Rate (CER) and Word Error Rate (WER), while NER is evaluated 

using Accuracy, Precision, Recall, and F1-score. Test results show that the NER 

model achieved an Accuracy of 0.8889, Precision of 0.7857, Recall of 0.8462, and 

F1-score of 0.8148 on the test data. However, the OCR-NER integration still exhibits 

character recognition errors and fails to completely extract all transaction attributes, 

particularly PRICE and AMOUNT. These findings indicate that the OCR-NER 

integration holds potential for supporting transaction data digitization in handwritten 
notes, though improving OCR quality and using a larger dataset are necessary to 

enhance system accuracy and generalizability. 
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I. INTRODUCTION 

Sales transactions are an important activity in various 

business sectors, especially in micro, small, and medium 

enterprises (MSMEs), which still heavily rely on the use of 

physical notes and handwritten recapitulation as transaction 

proof [1]. However, manual recording and management of 
transaction data often lead to various problems, such as input 

errors, data loss, slow recapitulation processes, and low 

efficiency in information processing, which can ultimately 

burden administrative management and cause losses [2], [3]. 

This condition indicates the need for an automated system 

capable of converting transaction data from handwritten notes 

into structured digital information. 

Advances in deep learning technology, particularly in the 

field of computer vision, have opened up opportunities for the 

automated processing and interpretation of image-based 

information [4]. The application of deep learning approaches 

to image analysis also demonstrates potential for developing 

automated systems capable of processing and analyzing 

visual information in a more structured manner [5]. One of 

the technologies widely used to convert textual information 

within images into digital data is Optical Character 

Recognition (OCR), which can be applied to both printed and 

handwritten documents [6]. In practice, OCR can be used to 

recognize text in handwritten notes; however, variations in 

handwriting styles, layout and tilt angles, image quality, and 

lighting conditions can affect recognition results [7]. 

Therefore, advanced stages are needed so that the text 
resulting from OCR can be understood and classified 

according to its informational meaning. 

One of the widely used approaches to understanding text 

information is Named Entity Recognition (NER). NER is a 

Natural Language Processing (NLP) technique that aims to 
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identify entity names in text and classify them into predefined 

categories, such as names, locations, organizations, or other 

categories such as monetary amounts on receipts [8]. In the 

context of transaction receipts, NER can be utilized to 

automatically extract important information such as product 

names, purchase quantities, unit prices, total transactions, and 

purchase dates. Through a comprehensive two-stage 

workflow, the integration between OCR and NER enables 

end-to-end automated information extraction; starting from 
text segmentation on unstructured document images to the 

identification of key entities, resulting in structured financial 

data ready to be used for analysis or integration into 

information systems [9]. Although printed materials have 

been successfully transformed into digital formats, most 

research related to document information extraction still 

focuses on printed documents or requires complex visual and 

computational data [6]. Recent studies have explored 

handwritten document understanding through the 

combination of handwriting recognition and semantic 

information extraction [10]. However, research on transaction 
information extraction from handwritten notes using OCR 

and NER remains relatively limited, particularly for 

Indonesian transaction notes with diverse writing 

characteristics. Recent studies have explored information 

extraction from historical handwritten records [11] and OCR 

with post-processing techniques for receipt documents [12]. 

Furthermore, other challenges lie in the scarcity of properly 

labeled data, difficulties in entity label adjustment, and the 

need to improve model accuracy in handling imperfect or 

noisy OCR-extracted text, particularly because larger and 

high-quality datasets are important for developing reliable 

and generalizable deep learning models [6], [10], [13]. 
Based on these problems, this study proposes a transaction 

information extraction method on handwritten notes using the 

integration of OCR and NER. The research stages include 

note image acquisition and preprocessing, text extraction 

using OCR, transaction entity annotation, training of a 

transformer-based NER model, and model performance 

evaluation using accuracy, precision, recall, and F1-score 

metrics [10], [14]. This approach is expected to produce a 

system capable of converting handwritten transaction 

documents into structured data automatically and efficiently. 

The scientific contributions of this research are centered on 
the application and integration of existing techniques for 

handwritten Indonesian transaction notes rather than on 

introducing a new OCR or NER architecture. First, the study 

constructs a transaction-specific handwritten note dataset 

with BIO annotations covering eight transaction entity 

categories. Second, the proposed pipeline combines image 

preprocessing with multi-orientation EasyOCR to handle 

handwritten notes captured in different orientations. Third, an 

IndoBERT-based NER model is fine-tuned using transaction-

specific BIO annotations to identify relevant entities from the 

transcribed text. Finally, these components are integrated into 

a reproducible OCR-NER workflow that transforms 
handwritten transaction notes into structured transaction 

information. 

The novelty of this study lies in the transaction-specific 

adaptation and integration of these existing components for 

Indonesian handwritten transaction notes. In particular, the 

proposed workflow combines multi-orientation OCR, 

transaction-specific BIO annotation, and IndoBERT-based 

entity recognition to transform handwritten transaction 

content into structured transaction information. 

Overall, this research investigates the feasibility of 

integrating OCR and NER to support transaction data 
management based on handwritten notes. The proposed 

approach aims to transform handwritten notes into structured 

transaction information while identifying the limitations of 

OCR and NER in handling handwritten transaction data [17]. 

 

II. METHOD 

The research methodology outlines the stages involved in 

addressing the research problem. These stages encompass the 

datasets, tools, materials, and methods employed throughout 

the research process. Each stage is carried out systematically 

to achieve results that align with the research objectives. 

A. Overview of the Proposed Framework 

This study develops a transaction information extraction 

framework specifically designed for Indonesian handwritten 

transaction notes by combining image preprocessing, multi-

orientation Optical Character Recognition (OCR), and 

transaction-specific Named Entity Recognition (NER) [18]. 

This framework converts handwritten transaction note images 

into structured transaction information through a sequential 

pipeline consisting of image preprocessing, OCR, NER, 
transaction information extraction, and evaluation [19]. It can 

be seen in Figure 1 how these stages form a processing 

pipeline starting from the handwritten note image to 

producing entity predictions and structured transaction data. 
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Figure 1. Framework for the transaction information extraction method from handwritten receipts based on OCR-NER. 

 

During the OCR stage, the note image first goes through an 

image preprocessing process as shown in the cleaning and 

image quality enhancement process before being fed into the 

OCR model which includes resizing, grayscale conversion, 

denoising, and contrast enhancement using Contrast Limited 

Adaptive Histogram Equalization (CLAHE) [20]. The 

preprocessed image serves as EasyOCR input to generate 

recognized text, bounding boxes, and confidence scores 

across multiple orientations. The quality of the text 

recognition results is evaluated using Character Error Rate 

(CER) and Word Error Rate (WER), with lower values 
indicating better OCR performance. The transaction text is 

subsequently processed using an IndoBERT-based NER 

approach, which utilizes an NER pipeline to identify and 

classify entities through fine-tuning and BIO format labeling 

stages, to identify and classify entities related to transaction 

information [21]. The text is tokenized and labeled using the 

BIO scheme, after which the token classification model is 

trained to recognize DATE, NAME, ITEM, QUANTITY, 

PRICE, AMOUNT, TOTAL, and PAYMENT_STATUS 

entities and evaluated using Accuracy, Precision, Recall, and 

F1-score. The OCR and NER results are then integrated to 
generate entity predictions per note and compile the 

transaction information into structured data. 

B. Dataset and Data Acquisition 

The research dataset consists of 10 handwritten transaction 

note images collected from transaction documents in 

Indonesian. The dataset includes 8 portrait-oriented images 

and 2 landscape-oriented images, with image widths ranging 

from 720 to 2160 pixels and heights ranging from 780 to 2874 

pixels. The notes exhibit variations in handwriting 
characteristics, including differences in letter size, stroke 

thickness, writing inclination, character spacing, and writing 

consistency. The documents also vary in printed layouts, table 

structures, and paper conditions, with some images containing 

folds, shadows, stamps, or other background artifacts. 

The image conditions also show variations in illumination 

and visual quality. The mean brightness values range from 

98.99 to 161.06, with an overall mean of 131.82, while the 

contrast values range from 28.06 to 59.02, with an average of 

42.68. The sharpness values, measured using the variance of 

the Laplacian, range from 19.47 to 1487.92, with an overall 

mean of 689.86, indicating differences in image clarity across 

the dataset.  

The number of individual writers was not explicitly 

recorded during data collection. Therefore, writer-

independent evaluation cannot be established from the current 
dataset. Nevertheless, the handwritten entries exhibit 

observable variations in writing characteristics, including 

letter formation, stroke patterns, writing size, and writing 

consistency. 

The dataset is grouped into images, annotation, and output 

directories, where the images directory is used to store note 

images, annotation for storing reference text and entity 

annotations, and output for storing OCR results, NER 

predictions, trained models, and structured transaction data. 

Before processing, each handwritten record is paired with a 

corresponding ground-truth text to ensure that every 
document has consistent reference data, allowing the 

transcribed text (hypothesis) to be accurately compared 

against the actual text [23]. The ground-truth text was 

manually transcribed from each handwritten note by referring 

directly to the original document image. The transcription 

preserves the textual content of the note and serves as the 

reference text for OCR evaluation using CER and WER. The 

same verified transcription is subsequently used as the basis 

for tokenization and entity annotation in the NER dataset. 
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TABLE 1 

CHARACTERISTICS OF THE HANDWRITTEN TRANSACTION NOTE DATASET. 

Characteristic Description 

Number of images 10 

Image orientation 8 portrait, 2 landscape 

Image width 720–2160 pixels 

Image height 780–2874 pixels 

Mean brightness 131.82 

Mean contrast 42.68 

Mean sharpness 689.86 

Handwriting 
variation 

Letter size, stroke thickness, writing 
inclination, spacing, and consistency 

Document format 
Printed transaction forms with 
different layouts and table structures 

Paper condition 
White/light-colored transaction 
forms; some contain folds, shadows, 

stamps, or background artifacts 

Paper type 
Not systematically recorded during 
data collection 

Number of writers Not explicitly recorded 

 

C. Image Preprocessing and Optical Character Recognition 
(OCR) 

The image preprocessing stage is performed by resizing the 

image if its largest dimension exceeds 2000 pixels, then 

converting it to grayscale to simplify the pixel intensity 
representation before using it as OCR input. Noise reduction 

and image contrast enhancement are carried out using Fast 

Non-Local Means Denoising and Contrast Limited Adaptive 

Histogram Equalization (CLAHE) to improve image quality 

prior to the text recognition process [24]. In the denoising 

process, a parameter of h=10, a template window of 7, and a 

search window of 21 are used, while CLAHE uses a clip limit 

of 2.0 and a tile grid size of 8×8. The image resulting from all 

these processes is used as the enhanced image which becomes 

the input at the OCR stage. 

OCR is performed using EasyOCR with Indonesian and 

English language configurations. In the OCR-NER 
integration stage, the enhanced image is processed at four 

orientations: 0°, 90°, 180°, and 270°. For each orientation, 

OCR generates recognized text and confidence scores, and the 

result with the highest average confidence score is selected as 

the final OCR output [25]. A minimum confidence threshold 

of 0.20 is applied to filter low-confidence detections. The 

recognized text from detections that meet the confidence 

threshold is combined into a single text sequence for 

subsequent processing. 

To handle OCR inconsistencies, detected text segments are 

retained together with their bounding boxes and confidence 
scores, while detections below the minimum confidence 

threshold are excluded from the resulting transaction text. 

Text segments from the same document are subsequently 

combined and normalized to reduce inconsistencies caused by 

separated or merged tokens. However, no rule-based 

correction is applied to incorrectly recognized characters or 

numerical values; therefore, errors in handwritten numbers 

and symbols may remain in the OCR output and propagate to 

the NER stage, particularly affecting PRICE and AMOUNT 

entities. 

EasyOCR was selected as the primary OCR engine because 

it provides an end-to-end text detection and recognition 

pipeline, supports Indonesian and English language 

configurations, and produces bounding boxes and confidence 

scores that can be used to select the most reliable recognition 

result. These characteristics are relevant to the handwritten 
transaction notes in this study, where text orientation and 

recognition confidence vary across documents. To assess the 

suitability of EasyOCR, its performance was compared with 

Tesseract OCR using the same preprocessed handwritten note 

images and the same ground-truth transcriptions. 

D. OCR Evaluation 

OCR evaluation is conducted by comparing the text 

resulting from OCR recognition with the ground truth. 

Character Error Rate (CER) and Word Error Rate (WER) are 
used to measure the error rates of the text recognition results 

at the character and word levels [26]. Both metrics are 

employed in the evaluation of handwritten text recognition by 

comparing recognition results against reference text (ground 

truth) to measure the recognition error rate. 

1) Character Error Rate 

CER (Character Error Rate) measures the OCR error rate 

at the character level based on the number of substitution, 

deletion, and insertion operations. CER is formulated as: 

 

𝐸𝑅 =
(𝑆𝑐 + 𝐷𝑐 + 𝐼𝑐)

𝑁𝑐

                   (1) 

 

where Sc, Dc, and Ic represent the number of characters that 

undergo substitution, deletion, and insertion, respectively, 

while Nc is the total number of characters in the ground truth. 

A smaller CER value indicates a lower character error rate in 

the OCR results. 
 

2) Word Error Rate 

Makalah WER (Word Error Rate) measures the OCR error 

rate at the word level based on the number of substitution, 

deletion, and insertion operations. WER is formulated as: 

 

𝑊𝐸𝑅 =
(𝑆𝑤 + 𝐷𝑤 + 𝐼𝑤)

𝑁𝑤

                   (2) 

 

where Sw, Dw, and Iw represent the number of words that 

undergo substitution, deletion, and insertion, respectively, 

while Nw is the total number of words in the ground truth. A 

smaller WER value indicates better word recognition results. 

The OCR evaluation is conducted independently from the 

NER evaluation. The OCR output is compared directly with 

the corresponding ground-truth transcription using CER and 

WER. Therefore, the ground-truth transcription serves as the 

reference text for measuring the recognition performance of 

the OCR component. 
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E. NER Dataset Construction and BIO Annotation 

The verified ground-truth text is used to construct the NER 
dataset by first tokenizing each transaction text into individual 

tokens. Each token is then manually assigned to one of the 

predefined transaction entity categories based on its semantic 

role in the note. The annotations follow the Beginning–

Inside–Outside (BIO) scheme, where B- denotes the first 

token of an entity, I- denotes a subsequent token belonging to 

the same entity, and O denotes a token that does not belong to 

any entity [27]. For example, in the transaction text “26-04-

2025 KAYLA 2 Abon Sapi Ratu 17.000 34.000”, “26-04-

2025” is labeled B-DATE, “KAYLA” is labeled B-NAME, 

“Abon” is labeled B-ITEM, “Sapi” and “Ratu” are labeled I-

ITEM, “17.000” is labeled B-PRICE, and “34.000” is labeled 
B-AMOUNT. This annotation process is applied consistently 

to the ground-truth text of all transaction notes to form the 

labeled NER dataset. The transaction entities used consist of 

DATE, NAME, ITEM, QUANTITY, PRICE, AMOUNT, 

TOTAL, and PAYMENT_STATUS, enabling the NER 

process to not only recognize text on the notes but also 

identify the informational function of each token. 

 

TABLE 2 

EXAMPLE OF BIO ANNOTATION. 

Token Label Entity 

26-04-2025 B-DATE DATE 

KAYLA B-NAME NAME 

2 B-QUANTITY QUANTITY 

Abon B-ITEM ITEM 

Sapi I-ITEM  ITEM 

Ratu I-ITEM  ITEM 

Rp O None 

17.000 B-PRICE PRICE 

34.000 B-AMOUNT AMOUNT 

1 B-QUANTITY QUANTITY 

kg I-QUANTITY QUANTITY 

Gula B-ITEM ITEM 

Merah I-ITEM  ITEM 

25.000 B-PRICE PRICE 

59.000 B-TOTAL TOTAL 

 

F. IndoBERT-Based NER Model and Training 

The NER model uses IndoBERT base-p1 as the base 

transformer model and is fine-tuned for token classification 

on the transaction-specific BIO-annotated handwritten note 

dataset. The model performs token classification after 

aligning the BIO labels with the subword tokens generated by 

the IndoBERT tokenizer [28]. The dataset is split at the note 

level into 80% training, 10% validation, and 10% testing data 

using a random state of 42. Tokenization is performed with a 

maximum sequence length of 256 tokens. Fine-tuning is 

conducted using the Hugging Face Trainer and 
DataCollatorForTokenClassification for 10 epochs, with a 

learning rate of 2×10-5, a batch size of 2, and a weight decay 

of 0.01. The best-performing model is selected based on the 

F1-score obtained on the validation set. For evaluation, two 

evaluation settings are distinguished. First, the standalone 

NER evaluation uses the verified ground-truth transcription 

as input and the corresponding BIO entity annotations as 

reference labels. This setting measures the ability of the NER 

model to classify transaction entities without the influence of 

OCR recognition errors. Second, the integrated OCR-NER 

evaluation uses OCR-generated text as the input to the same 
NER model. The results from these two settings are analyzed 

separately to distinguish errors originating from OCR 

recognition from errors produced by the NER model. The 

token classification training process minimizes the cross-

entropy loss function as follows: 

 

 

ℒ = −
1

𝑁
∑ log 𝑃 (𝑦𝑖|𝑥𝑖)

𝑁

𝑖=1

                  (3) 

 

where N is the number of tokens used in the loss calculation, 
yi is the actual label of the i-th token, and P(yi|xi) is the model's 

probability of predicting the actual label based on the token 

representation xi. 

G. NER Evaluation and Transaction Information 
Structuring 

Accuracy, Precision, Recall, and F1-score are used to 

measure the performance of the NER model in classifying 

transaction entities. The standalone NER evaluation is 

performed using the verified ground-truth transcription and its 
corresponding BIO annotations. Therefore, the input text and 

reference labels in this evaluation are independent of OCR 

recognition errors. The confusion matrix compares the NER 

predictions with the corresponding ground-truth entity labels 

based on True Positive (TP), True Negative (TN), False 

Positive (FP), and False Negative (FN) [29]. 

Accuracy represents the proportion of tokens that are 

correctly classified by the model from all evaluated tokens. A 

value closer to 1 indicates that the model provides more 

accurate predictions across the evaluated data. 

Precision measures the proportion of correctly predicted 
entities among all entities predicted by the model. A high 

precision value indicates that most entities identified by the 

model correspond to the correct entity labels. 

Recall measures the model's ability to identify entities that 

are actually present in the ground-truth data. A high recall 

value indicates that the model is able to recognize a large 

proportion of the existing entities in the transaction receipts. 

F1-score represents the balance between Precision and 

Recall. This metric is useful for evaluating the overall 

performance of the model when both the correctness of 

predictions and the ability to identify entities need to be 
considered. A higher F1-score indicates better overall 

classification performance. 

In contrast, the integrated OCR-NER evaluation uses 

OCR-generated text as the input to the trained NER model. 
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This evaluation is performed separately from the standalone 

NER evaluation to observe the effect of OCR recognition 

errors on subsequent entity extraction. Consequently, the 

standalone NER metrics represent the classification capability 

of the NER model under verified text input, whereas the 

integrated OCR-NER results represent the performance of the 

complete processing pipeline under OCR-generated input. 

In addition to quantitative metrics, a classification report is 

used to analyze the performance of each entity label, while a 
confusion matrix is employed to identify misclassification 

patterns between labels. 

Transaction Information Structuring integrates OCR and 

NER to extract information from new receipts, using the OCR 

result with the highest confidence score as input for the NER 

process. Entity predictions are then mapped to the categories 

DATE, NAME, ITEM, QUANTITY, PRICE, AMOUNT, 

TOTAL, and PAYMENT_STATUS, with ITEM, 

QUANTITY, PRICE, and AMOUNT organized into a 

transaction table. The extraction results are saved in CSV 

format, alongside the entity predictions and the trained NER 
model. 

 

III. RESULTS AND DISCUSSION 

A. Descriptive Analysis of the Transaction Note Dataset 

The research dataset consists of 10 handwritten transaction 

note images that exhibit variations in document structure, 

handwriting styles, information layout, and image quality. 

Each note is used as input for the preprocessing, OCR, and 

information extraction stages using NER. In addition to the 

images, the research also provides ground truth in the form of 

text transcriptions used as a reference to evaluate the OCR 

results. 

The entire dataset comprises 189 tokens distributed across 

various handwritten transaction notes. The variation in the 

number of tokens reflects differences in the amount and 
complexity of information contained in each document, 

providing varied input for the OCR and NER processes. The 

annotated tokens cover eight transaction entity categories: 

DATE, NAME, ITEM, QUANTITY, PRICE, AMOUNT, 

TOTAL, and PAYMENT_STATUS. The distribution of 

these entity tokens is presented in table 3. 

 

TABLE 3 

DISTRIBUTION OF TRANSACTION ENTITY TOKENS. 

Entity Token Count Percentage (%) 

DATE 13 6.91 

NAME 16 8.51 

ITEM 71 37.77 

QUANTITY 37 19.68 

PRICE 28 14.89 

AMOUNT 14 7.45 

TOTAL 8 4.26 

PAYMENT_STATUS 1 0.53 

Total entity tokens 188 100.00 

Note: The complete annotation contains 189 tokens, including 

one token labeled O that does not belong to a transaction 

entity category. 

 

The distribution shows that ITEM is the most frequent 

entity, accounting for 71 tokens (37.77%), followed by 

QUANTITY with 37 tokens (19.68%) and PRICE with 28 
tokens (14.89%). NAME, AMOUNT, DATE, and TOTAL 

account for 16 (8.51%), 14 (7.45%), 13 (6.91%), and 8 

(4.26%) tokens, respectively, while PAYMENT_STATUS is 

the least represented entity with one token (0.53%). The 

uneven distribution reflects differences in the transaction 

information contained in the handwritten notes and should be 

considered when interpreting the NER results. 

The dataset is annotated using the BIO (Beginning-Inside-

Outside) scheme with eight transaction entity categories, 

namely DATE, NAME, ITEM, QUANTITY, PRICE, 

AMOUNT, TOTAL, and PAYMENT_STATUS, which are 
mapped into 13 class labels for the token classification 

process. Each token is assigned a BIO label according to its 

corresponding transaction entity and used as ground truth for 

NER model training and evaluation. 

B. Image Preprocessing and OCR Results 

The preprocessing stage improves image quality before 

text recognition by resizing images exceeding 2000 pixels, 

converting them to grayscale, applying Fast Non-Local 

Means Denoising, and enhancing contrast using CLAHE (clip 
limit 2.0, tile grid 8×8). These processes are applied to reduce 

background noise and improve the visibility of handwritten 

characters. The resulting enhanced image provides clearer 

text regions for the subsequent OCR process. 
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Figure 2. Comparison of original, grayscale, and enhanced representations of a handwritten transaction note. 

 

Preprocessing transforms the original image into grayscale 

and enhanced versions through denoising and CLAHE 

contrast enhancement, making characters and note structures 

clearer against varying backgrounds. As shown in Figure 2, 

the enhanced representation provides better contrast between 

the handwritten text and the document background while 

retaining the original layout of the note.  

In the OCR stage, EasyOCR is configured to use both 

Indonesian and English. Recognition is performed on four 
image orientations: 0°, 90°, 180°, and 270°. For each 

orientation, EasyOCR generates a set of detected text 

segments, bounding boxes, and confidence scores. The 

confidence score of each detected segment is used to calculate 

the average confidence score for the corresponding 

orientation. The orientation with the highest average 

confidence score is selected as the final OCR result for each 

note. Detections with confidence scores below 0.20 are 

excluded before the recognized text is combined into a single 

text sequence. Thus, the final OCR output is not obtained by 

concatenating the results from all orientations, but by 
selecting the complete OCR result from the orientation with 

the highest average confidence score. 

 
 

Figure 3. Visualization of OCR results with detected text 

regions and confidence scores. 

 
Figure 3 shows the OCR detection results, including the 

recognized text regions and their confidence scores. Although 

OCR successfully detects most information on the notes, 

recognition errors still occur especially in handwriting, 

numbers, symbols, and inconsistent writing styles making 

image quality and handwriting characteristics crucial factors 

affecting OCR accuracy. 
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C. OCR Performance Evaluation 

OCR evaluation is conducted using Character Error Rate 

(CER) and Word Error Rate (WER) by comparing the OCR 
output text against the ground truth. Lower values indicate 

better OCR performance. These metrics are used to quantify 

the accuracy of character and word-level recognition in the 

handwritten transaction notes. 

TABLE 4 

OCR PERFORMANCE ON HANDWRITTEN TRANSACTION NOTES. 

Note CER WER 

Nota 1 1.1039 2.0000 

Nota 2 2.4322 3.5556 

Nota 3 5.6563 7.8000 

Nota 4 0.8190 1.2632 

Nota 5 1.3280 2.5000 

Nota 6 2.9294 4.4000 

Nota 7 1.3482 1.9048 

Nota 8 0.7647 1.2766 

Nota 9 0.9855 1.5833 

Nota 10 3.4070 4.0625 

MEAN 2.0774 3.0346 

 

Table 4 shows that the average CER and WER are 2.0774 

and 3.0346, respectively, indicating that OCR still encounters 

errors in recognizing handwritten text. The best performance 

is achieved on note 8 with a CER of 0.7647 and a WER of 

1.2766, while the lowest performance is found on note 3 with 

a CER of 5.6563 and a WER of 7.8000. These differences 

indicate that OCR performance varies depending on the 

writing characteristics and structure of each note. 

 

TABLE 5 

COMPARISON OF OCR METHODS ON HANDWRITTEN TRANSACTION NOTES. 

OCR Method MEAN CER MEAN WER 

EasyOCR 2.0774 3.0346 

Tesseract OCR 2.5219 2.5080 

 

Table 5 compares the performance of EasyOCR and 

Tesseract OCR on the same handwritten transaction note 

dataset. EasyOCR achieved a lower mean CER of 2.0774, 
while Tesseract OCR achieved a lower mean WER of 2.5080. 

These results indicate that EasyOCR provides better 

character-level recognition, whereas Tesseract OCR provides 

better word-level recognition. EasyOCR was retained as the 

primary OCR engine because it provides bounding boxes and 

confidence scores required for the subsequent OCR-NER 

integration. 

CER and WER values greater than 1 are still possible 

because these metrics calculate substitution, deletion, and 

insertion operations, meaning the number of errors can exceed 

the total number of characters or words in the ground truth. 

Therefore, values exceeding unity indicate a high number of 
recognition errors and reflect the challenges associated with 

handwritten transaction data. These results show that OCR 

remains one of the sources of error in the information 

extraction pipeline, as recognition errors can be propagated to 

the NER stage and affect transaction entity identification. 

To distinguish the source of errors in the extraction 

pipeline, the OCR evaluation results are interpreted 

independently from the standalone NER evaluation. CER and 

WER quantify recognition errors by comparing OCR output 

with the ground-truth transcription, while the standalone NER 

metrics measure entity classification using verified text. The 

integrated OCR-NER results are subsequently used to observe 
how OCR recognition errors affect the final entity extraction. 

 

TABLE 6 

COMPARISON BEFORE AND AFTER PREPROCESSING. 

Condition CER WER 

Before Preprocessing 3.0489 3.4380 

After Preprocessing 2.9802 3.3106 

 

Table 6 compares OCR performance before and after 
image preprocessing. The results show that preprocessing 

reduced the CER from 3.0489 to 2.9802 and the WER from 

3.4380 to 3.3106. These results indicate that the applied 

preprocessing techniques provided a measurable 

improvement in OCR recognition performance on the 

handwritten transaction notes. 

 

TABLE 7 

OCR PERFORMANCE BY IMAGE ORIENTATION. 

Orientation CER WER 

0° 2.9802 3.3106 

90° 0.8497 1.5458 

180° 1.1108 1.4459 

270° 0.8812 1.7447 

 

For each note, the four orientation-specific OCR results are 
evaluated independently before the final selection. As shown 

in Table 7, OCR performance varies across orientations, with 

90° achieving the lowest CER and 180° achieving the lowest 

WER. This variation indicates that image orientation can 

substantially affect handwritten text recognition performance 

and supports the use of multi-orientation OCR to identify the 

most reliable recognition result. 

 

TABLE 8 

ABLATION STUDY OF IMAGE PREPROCESSING FOR OCR. 

Preprocessing Configuration CER WER 

Without Preprocessing 2.2287 3.2710 

Grayscale 2.2632 3.2738 

Grayscale + Denoising 2.1811 3.1879 

Grayscale + Denoising + 
CLAHE 

2.1054 3.1266 

 

The ablation study shows that grayscale conversion alone 
does not improve OCR performance, with CER and WER 

slightly increasing compared with the configuration without 

preprocessing. The addition of denoising reduces the CER 



JAIC e-ISSN: 2548-6861    4597 

 

Extraction of Transaction Information on Handwritten Notes Using Optical Character Recognition (OCR) and Named Entity 
Recognition … (Meyry Ardianti, Puguh Hiskiawan) 

from 2.2632 to 2.1811 and the WER from 3.2738 to 3.1879. 

The complete preprocessing configuration, consisting of 

grayscale conversion, denoising, and CLAHE, achieves the 

lowest CER of 2.1054 and WER of 3.1266, indicating that the 

combined preprocessing steps provide the most effective 

configuration for OCR on the handwritten transaction notes. 

D. IndoBERT-Based NER Training and Performance 

The NER model was built using a dataset containing 189 

tokens from 10 notes. The dataset was split at the note level 

into 80% training, 10% validation, and 10% testing data using 

a random state of 42. This note-level split prevents tokens 

from the same note from being distributed across different 

subsets. However, writer-level information was not available 

for the dataset; therefore, it could not be verified whether 

notes written by the same person were present in different 

subsets. Consequently, a strictly writer-independent 

evaluation could not be performed, and the current results 

should not be interpreted as a direct measure of generalization 

to unseen handwriting styles. A larger dataset containing 

multiple identified writers is required for writer-independent 
evaluation. IndoBERT base-p1 was fine-tuned for token 

classification on the handwritten transaction note dataset. The 

model was trained for 10 epochs with a learning rate of 2×10-

5, a batch size of 2, a maximum sequence length of 256 tokens, 

and a weight decay of 0.01. 

 

 
Figure 4. NER model performance across training epochs. 

 

Model performance should be evaluated quantitatively to 

assess the reliability and effectiveness of the developed deep 

learning model [5]. The NER training results show that the 

training loss decreased from 2.4103 in epoch 1 to 0.0995 in 

epoch 10, indicating that the model progressively learned the 

training data. On the validation set, the highest accuracy of 

0.8333, precision of 0.6000, recall of 0.7500, and F1-score of 

0.6667 were achieved at epochs 9 and 10. The validation loss 

also decreased from 1.8695 in epoch 1 to 0.7292 at epoch 9 
before slightly increasing to 0.7299 in epoch 10. These results 

indicate that the model's performance improved during 

training, although the validation metrics remained limited by 

the small dataset. 

 

TABLE 9 

NER MODEL PERFORMANCE. 

Evaluation Set Validation Test 

Loss 0.7292 0.3671 

Accuracy 0.8333 0.8889 

Precision 0.6000 0.7857 

Recall 0.7500 0.8462 

F1-score 0.6667 0.8148 

 

The standalone NER evaluation achieved an Accuracy of 

0.8889, Precision of 0.7857, Recall of 0.8462, and an F1-

score of 0.8148 on the test set. To provide a more detailed 

evaluation, the performance of each entity class is presented 

in Table 10. The reported NER metrics were calculated using 

the annotated ground-truth transcription and corresponding 
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entity labels rather than OCR-generated text. Therefore, these 

metrics represent the standalone NER classification 

performance under verified text input and do not measure the 

complete OCR-NER pipeline. To assess the effect of OCR 

errors on entity extraction, the OCR-generated text is 

subsequently passed to the same trained NER model in the 

integrated OCR-NER evaluation. However, the integrated 

results should be interpreted cautiously because the test set 

consists of only one handwritten note containing 18 tokens, 
resulting in limited support for several entity classes. A larger 

and more diverse dataset is required to obtain more reliable 

and generalizable NER performance [30]. 

TABLE 10 

COMPARISON OF STANDALONE NER AND INTEGRATED OCR-NER 

PERFORMANCE. 

Evaluation 

Setting 
Input Precision Recall F1-score 

Standalone 
NER 

Ground-truth 
text 

0.7857 0.8462 0.8148 

Integrated 
OCR-NER 

OCR-
generated text 

0.0190 0.0593 0.0287 

 

Table 10 compares the performance of the standalone NER 

model and the integrated OCR-NER pipeline. The standalone 

NER evaluation uses verified ground-truth transcription as 

input, thereby measuring the entity classification capability of 

the NER model independently of OCR recognition errors. In 

contrast, the integrated evaluation uses OCR-generated text as 

input to the same trained NER model. The substantial 

decrease in precision, recall, and F1-score in the integrated 
setting indicates that OCR errors substantially affect 

downstream entity extraction. However, the integrated results 

represent the combined performance of the OCR and NER 

components, and therefore the individual contribution of 

OCR errors and NER classification errors cannot be isolated 

from these results alone. This comparison demonstrates the 

difference between the NER model's performance under 

verified text input and its performance when operating on 

automatically recognized handwritten text. 

TABLE 11 

NER PERFORMANCE BY ENTITY CLASS ON THE TEST SET. 

Entity Precision Recall F1-score Support 

DATE 1.00 1.00 1.00 1 

NAME 0.00 0.00 0.00 1 

ITEM 0.80 1.00 0.89 4 

QUANTITY 1.00 1.00 1.00 4 

PRICE 1.00 1.00 1.00 2 

AMOUNT 0.00 0.00 0.00 1 

TOTAL 0.00 0.00 0.00 0 

PAYMENT_

STATUS 
0.00 0.00 0.00 0 

The class-level evaluation presented in Table 11 

demonstrates variations in NER performance across entity 

classes. DATE, QUANTITY, and PRICE achieved an F1-

score of 1.00, while ITEM obtained an F1-score of 0.89. In 

contrast, NAME and AMOUNT recorded an F1-score of 0.00, 

indicating that these entities were not correctly identified in 

the test data. These findings demonstrate that aggregate 

evaluation metrics may not fully represent the performance of 

individual entity classes, particularly for entities with limited 

representation in the test set. 

 

 
Figure 5. Token-level confusion matrix of NER entity 

classes on the test set. 

 

The confusion matrix in Figure 5 provides further insight 

into the misclassification patterns among the NER entity 

classes. Both evaluated PRICE entities were correctly 

classified, resulting in no misclassification for this entity in 

the test set. In contrast, the single AMOUNT instance was 

misclassified as TOTAL, resulting in an F1-score of 0.00 for 

AMOUNT. This error indicates that the model was unable to 

distinguish the AMOUNT entity from the TOTAL entity in 

the evaluated test sample. Nevertheless, these error patterns 
should be interpreted cautiously because the test set contains 

only one handwritten note and provides only a limited number 

of instances for each entity class. Therefore, the observed 

misclassification of AMOUNT as TOTAL cannot be 

generalized to the overall performance of the NER model. 

To further evaluate the recognition of numerical 

transaction attributes, an exact-match evaluation was 

performed for PRICE and AMOUNT after numerical 

normalization. The normalization removes formatting 

differences such as thousand separators before comparison 

with the ground truth. The results show an exact-match 
accuracy of 20.00% for PRICE and 50.00% for AMOUNT. 

These results indicate that numerical entities remain 

challenging for the NER model, particularly PRICE, where 

differences in the recognized numerical values prevented 

exact matching. 

TABLE 12 

EXACT-MATCH ACCURACY OF NUMERICAL ENTITIES. 

Entity Exact-Match Accuracy 

PRICE 20.00% 

AMOUNT 50.00% 
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E. Integrated OCR-NER Information Extraction Results 

The OCR-NER integration stage produces final outputs in 
the form of transaction entities obtained from the recognized 

text of the notes. In testing on one of the notes, OCR produced 

an average confidence score of 0.6759. The OCR text was 

then processed by the NER model to identify information 

based on predetermined entity categories. The prediction 

results indicate that several entities, particularly ITEM and 

QUANTITY, were successfully recognized by the model.  

However, the extraction results still have limitations in 

terms of information completeness and accuracy. Several 

ITEM entities contain characters that do not match the actual 

text, while the PRICE and AMOUNT information is not fully 

retrieved. This indicates that errors introduced during the 

OCR stage can propagate to the NER stage and affect entity 

identification. Such errors are particularly critical for 

numerical transaction attributes because incorrectly 

recognized or fragmented digits may alter the actual monetary 

values. The system does not apply explicit numerical 

correction or arithmetic validation to PRICE and AMOUNT 

after OCR; therefore, these fields depend directly on the 
quality of the recognized text. Consequently, errors in 

recognizing handwritten words and numerical characters may 

provide incomplete or incorrect input to the NER model, 

making OCR quality an important factor in determining the 

accuracy of the final information extraction.

 

 
 

Figure 6. Relatively successful and failed cases of the OCR-NER pipeline. 
 

Figure 6 illustrates a relatively successful case and a failed 

case of the complete OCR-NER pipeline. In the relatively 

successful case, the preprocessing stage produces a clearer 

representation of the handwritten note, allowing OCR to 

recognize the transaction text sufficiently for the NER model 

to identify relevant entities, including ITEM, QUANTITY, 

PRICE, and AMOUNT. In the failed case, OCR produces 

incorrect or incomplete characters, particularly in numerical 

information, which affects subsequent NER predictions and 

results in incomplete extraction of PRICE and AMOUNT. 
These cases demonstrate that errors introduced at the OCR 

stage can propagate to the NER stage and directly affect the 

final transaction information extraction. 

Overall, the OCR-NER pipeline has successfully 

integrated text recognition and entity identification processes 

to generate transaction information. However, the quality of 

the extraction results is still influenced by the OCR text 

quality, meaning that improving the OCR capability in 

handling variations of handwriting and numerical characters 

is necessary to enhance pipeline performance. 

IV. CONCLUSION 

This research successfully developed a transaction 

information extraction pipeline for handwritten notes by 

integrating Optical Character Recognition (OCR) and Named 

Entity Recognition (NER). The research stages included 
image preprocessing, text recognition using EasyOCR, and 

transaction entity identification using IndoBERT with the 

BIO scheme. Evaluation results showed that the NER model 

achieved an Accuracy of 0.8889, Precision of 0.7857, Recall 
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of 0.8462, and F1-score of 0.8148 on the test data. These 

results indicate that the model was able to classify the 

evaluated transaction entities, although the test set consisted 

of only one handwritten note containing 18 tokens, limiting 

the reliability of the evaluation results. Furthermore, the 

absence of a writer-independent evaluation limits the 

assessment of the model's generalization to unseen 

handwriting styles. 

The results demonstrate the feasibility of integrating OCR 
and NER for handwritten transaction information extraction 

as a proof-of-concept. In the OCR-NER integration stage, the 

system was able to generate several transaction entities, 

particularly ITEM and QUANTITY, yet OCR character 

errors and incompletely extracted PRICE and AMOUNT 

attributes were still found. The OCR results also showed an 

average confidence score of 0.6759, indicating that text 

recognition quality remains a major factor affecting the 

extraction process. Thus, the main advantage of this approach 

lies in the integration of OCR and NER into a single 

processing workflow, while the primary limitations stem from 
handwriting recognition quality and a restricted dataset size. 

Future research should focus on improving handwriting 

recognition and numerical entity extraction, using larger and 

more diverse datasets, and conducting end-to-end evaluation 

to obtain a more comprehensive assessment of the complete 

OCR-NER pipeline. 
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