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 Shopping is a transaction that generates a record as a payment receipt. 

Typically, a receipt is given as a small piece of paper that can be easily lost. 

It is essential to store the transaction information in the receipt digitally. 

Keeping the information in a digital form will make it easily accessible and 

will overcome the problem of easily lost receipts. Currently, the process of 

transferring receipt information into digital form is still being done 

manually. Having a system that can extract this information helps speed up 

the digitalization process tremendously. This research proposes a method 

that applies finetuning to the LayoutLMv3 model and with the help of 

optical character recognition (OCR) from Google Vision, can be used to 

extract transaction information contained in the receipt. The system works 

by using Google Vision to parse and segment every word contained within 

the receipt and its bounding box The LayoutLMv3 model will then assign 

labels to each word, and important words will be extracted. The finetuned 

LayoutLMv3 model successfully achieved an accuracy of 97.98% on 

training data and 90% accuracy on real-time test scenarios for extracting 

information on receipts written in the Indonesian. 
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1. INTRODUCTION 

Nowadays, nearly every transaction generates a payment receipt, whether from shopping at 

minimarkets, restaurants, malls, hardware stores, or other establishments. These receipts are typically issued 

as small pieces of paper that contain summaries of transaction details. It is important to keep records in the 

form of receipts or receipts so that the expenditure of funds can be clearly seen. The best way to store the 

shopping receipts or receipts is in digital form to ensure that they are not easily lost. 

Currently, the extraction process is done manually for each transaction, which takes a lot of time [1]. 

The existence of a system that can extract information from receipts and save it in a digital format 

automatically will increase work efficiency. Storing it in digital form also makes it easier to see expenditure 

information for a certain period. One method that can be used to extract text information is optical character 

recognition (OCR).  

OCR is the process of converting text in an image into machine-readable text format. The image 

used for text conversion can come from printed text or handwritten characters [2], [3]. OCR technology is a 

part of artificial intelligence (AI) widely used in automation fields such as document and questionnaire 

scanning, license plate reading, and document verification, among others [4]. Several model architectures 

that can be used as a basis for OCR are the long short term memory (LSTM) model and convolutional neural 

network (CNN). The OCR model is often combined with the natural language processing (NLP) model to 

improve text reading accuracy [5]. The NLP architecture frequently used in this context is bidirectional 

https://creativecommons.org/licenses/by-sa/4.0/
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encoder representations from transformers (BERT) [6]. The application of OCR Technology can 

automatically extract information from receipts and receipts. While some stores currently offer digital 

receipts, not all do. Furthermore, this application can store expenditure transactions from scanned receipts. 

Research into creating an automatic receipt extraction system has been conducted using various 

methods to detect and localize key information from receipts. Raoui-Outach et al. [7] used localization and 

deep convolution neural networks (DCNN) to segment store signs. Lin et al. [8] and Shi et al. [9] and used 

template matching based on prior knowledge and specific signs of a given receipt to locate receipt 

information. Meng et al. [10] used a YOLOv3 model to segment key information on an invoice image with a 

standardized template. However, some of these systems rely on receipts having a standardized form, which is 

only sometimes the case, and assume the receipt never changes its template.   

Recently, progress in document extraction AI has been significant with the rise of a new topic: 

Document AI. Document AI is a field of study that aims to provide techniques for understanding, extracting, 

and classifying documents [11]. Essentially it is an object detection task for document images. An early 

iteration of the Document AI task is the faster R-CNN model by Schreiber et al. [12], which achieved SOTA 

performance in the ICDAR 2013 Dataset. In recent years progresses on Document AI have been remarkable 

with the rise of models such as graph convolution network [13] and LayoutLM [14], [15] as well as datasets 

for benchmarking such as PubLayNet [16] and TableBank [17]. With these new models, we hope to build a 

system to extract information from a receipt without the need to recognize the exact template of the receipt. 

The novelty of this research aims to create a system that can extract information without relying on 

the receipts template. This research contributes to making it easier for people to store expenditure data from 

stored receipts. The proposed system uses Google Vision OCR to segment and extract words within the 

receipt and uses a fine-tuned LayoutLMv3 model to recognize the content of the receipt and extract 

meaningful information. 

 

 

2. METHOD  

2.1.  Finetuning process model LayoutLM  

The fine-tuning workflow for LayoutLM, as shown in Figure 1, begins with the collection of an 

Indonesian Receipt Dataset, followed by preprocessing steps including region of interest (ROI) segmentation, 

information extraction, and annotation. The training phase involves loading the dataset and extracting both 

layout and label information from each word in the receipts. This data is input into the LayoutLM Model’s 

autoencoder to ensure consistency with the original pre-training data format. The encoded data is then used to 

fine-tune the LayoutLM Model. The optimal model identified during training is saved for subsequent receipt 

detection tasks. System testing is performed by deploying the trained model on a web server. An Android 

application transmits receipt images to the web server via an application programming interface (API) call, 

enabling the model to process and extract information from the receipts. System performance is assessed 

across multiple test scenarios, including various receipt types and differing lighting conditions. 
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Figure 1. Finetuning process model diagram 

 

 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Fine-tuned LayoutLMv3 for Indonesian receipts extraction (Oka Sudana) 

1129 

2.1.  Data collection 

The primary dataset was created through the manual collection and photography of 100 shopping 

receipts from various minimarkets and restaurants. This dataset size was selected because the base LayoutLM 

Model was fine-tuned using the receipt dataset format adopted in this study to achieve the desired inference 

results. The collected receipts were subsequently processed for use in model training. The dataset creation 

process generates a .json file containing information for each word, including its bounding box and the 

associated label within a receipt. 

 

2.2.  Region of interest segmentation 

The ROI segmentation process is shown in Figure 2. This segmentation process on receipt images to 

obtain images that resemble the scan results. This process begins by converting the image to grayscale and 

applying Gaussian blur to the receipt image. The next step is to apply dilation to the blurred image to prevent 

the writing on the receipt from being visible as edges to be segmented. The dilated image is then detected 

using the Canny method to identify the receipt's edges. The Canny edge detection lines are used to separate 

the receipt image from the background, making the resulting ROI segmentation image resemble a scanned 

image. The process is shown in Figure 2(a). Figure 2(b) shows an example of the resulting receipt after 

undergoing ROI segmentation. This image will then be resized to a maximum size of 1000×1000 pixels. 

 

 

  
(a) (b) 

 

Figure 2. The ROI segmentation process; (a) data processing: original (top left), grayscale (top right), blur 

and dilated (bottom left), contour edge (bottom right) and (b) ROI cropping result 

 

 

2.3.  Information extraction and data annotation 

The information extraction process involves detecting each word in the receipt using the Layout 

Parser tool shown in Figure 3. Each detected word and its position are retrieved and temporarily stored before 

being processed in the annotation process. The annotation process is the process of labeling the primary 

dataset read by Google Vision. Google Vision API is a machine learning model trained to perform OCR 

through representational state transfer (REST) and remote procedure call (RPC) APIs. Google Vision API 

can annotate images and provide labels for each category detected in the image. This annotation process is 

called automatic image annotation [18]. The automatic image annotation from Google Vision API can extract 

content from an image to obtain visual information such as labeling images, detecting facial landmarks, and 

OCR [19]. Data annotation involves the use of the Layout Parser library to extract and segment every word 

within a receipt using the Google Vision API. The result of information extraction shown in Figure 3(a), 

where this result is obtained from Figure 3(b) which is the original receipt. The results are then manually 

annotated by assigning the corresponding labels listed in Table 1.  

The information extraction process results in a list of bounding box coordinates and the detected 

word sequence within the image. These boxes and words then get labeled and saved for finetuning the 

LayoutLM Model. The product extraction process checks for whether a product name, quantity, and price 

labels exist in a single line. The products will be extracted if all three are found in a single line. If at least one 

of the corresponding labels is missing, the system will check for the missing label on the alternate line for 

receipts that uses multiple lines for each product item. 
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(a) (b) 

 

Figure 3. Receipt information extraction process; (a) information extraction result and (b) original receipt 

 

 

Table 1. Receipt annotation code 
Label name Label code 

Ignore 0 

Store_name_value 1 
Date_value 2 

Time_value 3 

Prod_item_key 4 
Prod_item_value 5 

Prod_quantity_key 6 

Prod_quantity_value 7 
Prod_price_key 8 

Prod_price_value 9 

Subtotal_key 10 
Subtotal_value 11 

Total_key 12 

Total_value 13 
Others 14 

 

 

Table 1 consists of all the labels used in the annotation process. Eight important labels are going to 

be extracted, which are Store_name_value, Date_value, Time_value, Prod_item_value, Prod_quantity_value, 

Prod_price_value, Subtotal_value, and Total_value with the other six labels acting as an anchor point to 

helps determined each important label from the rest. The result of the manually labeled. 

Figure 4 shows the results of the annotation process. The figure displays labels for all the words 

detected Table 1. The fine-tuned model will later be trained to predict labels on various receipts and assign 

labels accordingly. 

 

 

 
 

Figure 4. Results of data manually labeled using Table 1 as a reference 
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2.4.  Finetuning LayoutLM Model 

The next stage is finetuning of the LayoutLM Model uses the version LayoutLMv3 as the base 

model. LayoutLM is a document understanding model designed to comprehend the structure of a document. 

It was developed by considering the developments in NLP, where every NLP model always focuses on text-

level manipulation [14], [15]. LayoutLM is created by utilizing the interaction between the text information 

within a document and its layout using BERT as a reference. This model was developed using data from 

scanned documents from various categories, such as letters, memos, emails, invoices, news, articles, 

questionnaires, and resumes [6]. With the recent development of the LayoutLMv3 model aims to analyze 

visually-rich document understanding (VrDU) where structured information can be automatically extracted. 

LayoutLMv3 improves upon the original model by integrating masked image modeling (MIM) from 

bidirectional encoder representation from image Transformers (BEiT) [20] to interpret visual content in the 

document. Inspired by Vision Transformer (ViT) [21] and vision-and-language Transformer (ViLT) [22], 

LayoutLMv3 [15] uses linear projection features of image patches before feeding them into the multimodal 

transformer to remove the need to extract CNN grid features [14], [23] or rely on an object detector like 

Faster region-based (R-CNN) [24] to extract region features [11], [25]-[27] for image embeddings which 

require heavy computation bottleneck or region supervision making LayoutLMv3 the first multimodal model 

in Document AI that does not rely on CNNs to extract image features. The architecture of LayoutLMv3 is 

shown in Figure 5.  

Finetuning is a process similar to transfer learning in convolutional models, where the same model 

architecture can be used to solve various problems. Finetuning the LayoutLM Model is performed by training 

the base model with new data from collected receipt. Firstly, the previously gathered data are combined with 

the wild receipt dataset and split using 80% data for training and 20% for validation, with the total combined 

data used for training being 1,348, and 492 is used for validation, the detail data is shown in Table 2. The 

data is then processed using LayoutLMv3 auto processor to obtain the embedding and used for finetuning the 

base model. The dataset was divided into 80% for training and 20% for testing to ensure that the model had 

sufficient data to learn representative patterns while still providing an adequate portion of unseen data for an 

unbiased performance evaluation. 

 

 

 
 

Figure 5. LayoutLMv3 architecture overview [16] 

 

 

Table 2. Dataset split value 
Dataset Training Validation 

WildReceipt 1268 472 

Indonesian receipt (gathered data) 80 20 
Total 1348 492 
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2.5.  Model evaluation 

The model’s performance is evaluated using standard classification evaluation metrics, as shown in 

the confusion matrix Table 3. 
  
 

Table 3. Confusion matrix 
 Predicted 

Actual  Negative Positive 

Negative TN FP 

Positive FN TP 

 

 

True positive (TP) is a positive label that is successfully predicted as positive, false positive (FP) is a 

negative label that is incorrectly predicted as positive, false negative (FN) is a positive label that is 

incorrectly predicted as negative and true negative (TN) is a negative label that is successfully predicted as 

negative. In this research, the confusion matrix illustrates the detection performance for each label, where 

correct predictions are represented along the main diagonal. The model is required to distinguish nine labels: 

Store_name_value, Date_value, Time_value, Prod_item_value, Prod_quantity_value, Prod_price_value, 

Total_key, and Total_value. 

Based on the confusion matrix, accuracy, precision, recall, and F1-score are calculated for each label 

to assess the model’s performance [28]. Precision and recall are other important metrics that provide valuable 

information regarding how well the model performs [29]. Precision measures how accurate the model is in 

predicting positive values, while recall measures its strength in predicting positive values. 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
  (1) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
  (2) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (3) 

 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑟𝑒𝑐𝑎𝑙𝑙
  (4) 

 

F-measure is calculated using a weighted harmonic mean between precision and recall. F-measure helps to 

further understand the tradeoff between improving recall and its effect on precision [29]. 

 

2.6.  System deployment and testing  

The system deployment evaluates the model's performance and testing the models in a real-time 

scenario. Firstly, the finetuned model will be deployed on a web server that takes an image as input from a 

smartphone. The image will then be processed, and important information will be extracted using the labels 

assigned by the LayoutLM Model as a reference. Finally, the extracted information is returned to the 

smartphone, and the results will be evaluated. The overview system shown in Figure 6. 
 
 

 
 

Figure 6. Receipt detection system using mobile 
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3. RESULTS AND DISCUSSION 

3.1.  The finetuning model result evaluation 

The initial finetuning process on the LayoutLMv3 model shows promising results for classifying 

important labels on a given receipt. The model is able to differentiate which word is important information 

and which word should be ignored. 

Figures 7 and 8 shows the result of finetuning the LayoutLMv3 base model. The finetuning process 

on the combined data achieves a training accuracy of 99.2% and an evaluation accuracy of 97.98% with 110 

epochs. The publicly available WildReceipt Dataset, which includes receipts written in multiple languages, 

proves to help improve the model's accuracy for extracting information from Indonesian Receipts compared 

to using only 100 Indonesian receipts, as shown in Table 4. 

 

 

 
 

Figure 7. LayoutLMv3 evaluation accuracy with 110 epochs 

 

 

 
 

Figure 8. LayoutLMv3 evaluation loss with 110 epochs 
 
 

Table 4. Training comparison 
Model Precision Recall F1-score 

Indonesian 0.8889 0.9276 0.9064 
Combined 0.9799 0.9798 0.9797 

 

 

Table 4 compares the result of training with 110 epochs. Based on the results, combined data from 

100 gathered Indonesian Receipts combined with the WildReceipt Dataset performed better on all three 

weighted evaluation categories. 
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Table 5 presents the model’s accuracy in detecting labels under real-time conditions using various 

receipts captured in optimal lighting environments that shown in Figure 9. The receipts used in this test were 

obtained from a more diverse set than those used for training and validation. In addition, the test includes the 

normal condition with receipt templates that the model has never encountered before that shown in  

Figure 9(a). The Store ID refers to a unique store, while the sample size indicates the number of receipts 

collected as samples from that store. Several significant issues identified during this test include:  

a. The model sometimes incorrectly identifies farewell messages (e.g., “Goodbye,” “Thank you”) and 

receipt coupons at the receipt edges as the store name. 

b. Part of the receipts identification code is labeled as date information, with a serial number format that 

resembles date and time information. 

c. The model detects total payment twice on some receipts with a non standard total key name such as 

“Due,” “Net Sales,” and “Total Sale”. 

 

 

Table 5. Receipt variation test 
Store id Sample size Average extraction accuracy (%) 

1 5 91.7 

2 3 93.3 

3 3 86.9 
4 3 90.9 

5 2 100 

6 2 94.4 
7 4 90.9 

8 4 86 

9 5 88 
10 1 88.3 

 

 

The results suggest that although the model can accurately detect key information on receipts with 

moderate spacing between items, it still struggles to extract information from receipts with varying layouts, 

designs, and fonts. Nevertheless, the proposed system achieves an average extraction accuracy of 90%. 

Table 6 shows the model's performance in detecting under different lighting conditions. The result 

suggests that lighting condition affects the system's segmentation process. Some items cannot be 

appropriately segmented, which does affect the system's overall accuracy. After further inspection, it is later 

found that the problem lies in the OCR system rather than the LayoutLM Model. Specifically, the word and 

bounding box extraction using Vision API sometimes failed to extract information in a dimly lit environment 

and shaded region. The Figure 9(b) shown the application testing with under different lighting conditions 

such as normal condition, 30% shade and 80% shade.  
 

 

Table 6. Various lighting condition test 
Store id Label name Optimal condition 30% shade 80% shade 

1 Store name Detected Detected Detected 
Date Detected Detected Detected 

Time Detected Detected Detected 

Products Partially detected Partially detected Partially detected 
Total Detected Detected Detected 

2 Store name Detected Detected Detected 

Date Detected Detected Detected 
Time Detected Detected Detected 

Products Detected Detected Partially detected 

Total Detected Detected Detected 
3 Store name Detected Detected Detected 

Date Not detected Not detected Not detected 

Time Detected Detected Detected 
Products Detected Detected Detected 

Total Not detected Not detected Not detected 

4 Store name Detected Detected Detected 
Date Detected Detected Detected 

Time Detected Detected Detected 

Products Detected Detected Partially detected 
Total Detected Detected Detected 

5 Store name Not detected Not detected Not detected 

Date Detected Detected Detected 
Time Detected Detected Detected 

Products Detected Partially detected Partially detected 

Total Detected Detected Detected 
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(a) 

 

 
(b) 

 

Figure 9. Receipt variation tests sample; (a) normal condition and (b) lighting condition tests sample 

 

 

3.2.  Mobile system testing 

The system testing process was conducted using an Android application. The application has several 

menus that support the inference process on the server receipt shows in Figure 10. The process for receipt 

inference is as follows. Figure 10(a) shows the scan menu, which contains options for loading images into the 

system. Selecting the camera menu will launch the camera, which will then forward the results to the 

cropping process that shows in Figure 10(b). The results then be forwarded to a web server for receipt 

reading. Figure 10(c) shows the results and information received from reading the receipt via the web server. 

This display the store name, transaction date, transaction time, total purchase amount, and information about 

each product purchased. This information can then be reviewed before being saved to the system. 

The implications of this research are that the system can read various receipts from minimarkets and 

restaurants quite well, the system can tolerate crumpled and crossed out receipts when reading receipts quite 

well, the system provides a cropping feature and selects a gallery that makes users do not need to crop the 

receipt image with the help of other tools, the system can save the results of reading receipts that can be 

viewed digitally in the history menu, the storage carried out on the system is in the form of digital 

information which means that the total shopping within a certain period of time can be seen by applying a 

filter to the system. The future benefits are for digitizing receipts and recording purchases from receipts, both 

from supermarkets, minimarkets and restaurants. 

A receipt detection system using the LayoutLM Model with Google Vision's OCR successfully 

extracted information from receipt without needing to recognize the template of each receipt. The application 

of the LayoutLM Model can replace the rough estimation process used in Lin's automatic receipt recognition 

system research [8]. Based on the tests conducted, the model's accuracy during the initial evaluation, which 

was 97.98%, fluctuated during real-time testing. The model still failed to perform optimally on several 

receipt variations with closely spaced information and too small fonts. These variations caused the system's 

test accuracy to drop to 90%.  
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 (a) (b) (c) 

     
Figure 10. Receipt mobile system application; (a) image source menu view, (b) cropping process, and  

(c) preview display of receipt reading results 

 

 

4. CONCLUSION 

The fine-tuning process applied to LayoutLMv3 results in enhanced efficacy when it comes to 

spotting and deciphering receipts written in Indonesian. The system underwent training utilizing gathered 

Indonesian Receipts alongside the readily accessible WildReceipt Dataset, which encompasses receipts 

composed in a variety of different languages. Using the combined dataset proves to be significant in 

increasing the accuracy of the model for extracting information from Indonesian Receipts compared to using 

100 Indonesian Receipts. The best-performing model is able to achieve an accuracy of 97.98% for predicting 

keywords on Indonesian Receipts after being trained for 110 epochs. Despite the promising results, there are 

limitations that affect the system’s accuracy. The problem found during the system testing is that the system 

has not been able to detect receipt optimally in dark conditions or covered by shadows. This problem is 

caused by the OCR extraction process through Google Vision, which sometimes fails to extract important 

information from notes. As future work, this research aims to facilitate receipt information extraction, 

enabling users to more easily split bills when making payments at restaurants or in other transactional 

scenarios. 
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