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Abstract: This research paper presented an AI ML powered robot for OCR driven payment reconciliation using 

UiPath. The study used an open source Accounts Receivable dataset exported from an ERP system, where customer 
balances were recalculated from invoices, payments, credits, and adjustments to identify integration errors. The project 

used three scripts for synthetic data generation, rule based reconciliation, and anomaly detection through Linear 

Regression. The UiPath based automation was developed with Outlook, Excel, System, and DataTable activities, along 

with reusable workflows for email reading, OCR extraction, file validation, data cleaning, matching, exception 

handling, and output generation. Extracted information from invoices and receipts was converted to structured Excel 

output to be reviewed and reported on. The results showed significant changes in operations including 78.57% less time 

spent processing invoices, 65% less time spent preparing orders, 66.67% less time spent reconciling inventory 

payments, 90% less time spent making mistakes when matching invoices and 20 to 25% less money spent on 

operations. 
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I. INTRODUCTION 

 

 Payment reconciliation was a critical finance operation because customer balances had to be checked correctly against 

invoices, payments, credits, and adjustments exported from an ERP system. Manual reconciliation often became slow 

and error prone when large records, invoice details, receipt information, exchange rates, rounding differences, and 

missing values had to be verified together. This research paper focused on an AI ML powered robot for OCR driven 

payment reconciliation using UiPath. The study used an open source Accounts Receivable dataset and created synthetic 

ERP records for 1,000 customers. Some rows were intentionally broken through missing data, wrong exchange rates, or 

rounding errors so that the system could detect reconciliation issues. The task involved Python based balance 

recalculation, Machine learning based anomaly detection, OCR extraction and UiPath automation. The robot collected 

details from invoices and receipts, cleaned and normalized the data, converted unstructured invoice information into 
Excel output, applied matching and validation logic, and provided reconciliation reports that were suitable for auditing. 

All of this was done to increase speed, accuracy, and exception handling. 

II. METHODOLOGY 

 

The dataset used is an open source Accounts Receivable (AR) data exported from an ERP system. It checks whether 

customer balances were integrated correctly by recalculating them from invoices, payments, credits, and adjustments — 

just like the ERP does. The project has three Python scripts that work together: 

1. generate_ar.py 

Creates a synthetic ERP export with 1,000 customers. 

Each customer has invoice, payment, credit, and adjustment records. 

About 10–12% of the rows are intentionally “broken” — missing data, wrong exchange rate, or rounding errors — so 
the system has something to detect. 

2. reconcile.py 

Recalculates the balance for every customer using the same formula the ERP would use: 

Balance = ((Invoice.total - Invoice.applied) * exchange_rate)- ((Payment.total - Payment.applied) * exchange_rate) 

- ((Credit.total - Credit.applied) * exchange_rate) 

+ ((Adjustment.total - Adjustment.applied) * exchange_rate) 

Then it compares the recomputed balance with the reported ERP balance. 

If there’s a difference, it flags the row and gives a likely cause — for example: 
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“Invoice applied exceeds total” 

“Check Payment / exchange rate / rounding” 

3. anomalies.py 

This step uses a simple machine-learning model (Linear Regression) to predict balances based on all numeric fields. 

If a balance doesn’t fit the overall data pattern, it’s marked as an anomaly — even if the rule-based check didn’t catch 

it. 
This helps find subtle integration errors that break the expected relationships between invoices, payments, and credits. 

 

 

 
 

Figure 1: Payment reconciliation ERP dataset features 

 

The system was developed using UiPath Studio with standard Outlook, Excel, System, and DataTable activities. The 

automation logic was structured through reusable workflows for email reading, attachment downloading, file 

validation, OCR extraction, Excel reading, data cleaning, lookups, matching, exception handling, and output 

generation. UiPath Orchestrator was used for unattended scheduling, queue management, asset storage, role based 

access, centralized logging, and execution monitoring. The synopsis also specified the use of REFramework, 

Orchestrator queues, assets, RBAC, centralized logs, and environment specific configurations for development, testing, 
and production deployment.  

 

 
 

Figure 2: Automated Invoice processing 

 

OCR and document extraction formed the intelligent processing layer of the study. Structured email bodies were parsed 

through rules and regular expressions, while scanned receipts, PDF receipts, and image based documents were 

processed through OCR or Intelligent Document Processing. The areas which were taken out were the name of the 

buyer, the order number, date of receipt, amount paid, currency, bank reference number and description of the payment. 

This step was helped by UiPath Document Understanding, as you were able to load documents, do some initial work, 

categorize, extract information from the documents with OCR, validate, and route to other systems. The resources also 

said UiPath Document Understanding combines OCR, ML, NLP and RPA to classify, extract and validate data from 

structured, semi-structured and unstructured documents.  

The data was then cleaned up and populated in a standard reconciliation file after extraction. Standardizing invoice 
numbers meant removing extra spaces, changing the case of the text, removing special characters and fixing separators 

that didn’t work right. Dates were converted to a common format and month and year fields were created for reporting. 

Values in currencies and payment amounts were converted to numbers and rules for rounding and tolerance limits were 
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applied to account for small variations in amounts. Master files and validation tables were used to standardize payer 

names, partner names and client names. Duplicate rows were removed at the staging level using invoice number, 

payment amount, payment date, bank reference, and payer identifier as composite checking fields. 

 

 
 

Figure 3: AI driven Document Processing framework 
 

The Workflow Analyzer acts as the coordinator between the Project Parser and the XAML Parser to produce a 

complete project analysis. It is responsible for:  

1. File discovery – Recursively search the project directory for all .xaml files, ignoring temporary and version 

control directories;  

2. Coordinated parsing : invokes the Project Parser and XAML Parser for each file found, merges results into a 

single data structure;  

3. Dependency graph construction: creates a directed graph that associates each workflow with the set of 

workflows it calls;  

4. Execution order determination: From the main entry point workflow, the analyzer performs a depth-first 

traversal of the dependency graph to determine a plausible execution order;  
5. REFramework analysis: If the project is identified as a REFramework implementation, the analyzer classifies 

workflows into their framework roles and identifies configuration files;  

6. Statistics computation: calculates aggregate metrics such as the total number of workflows, variables, 

arguments, activities, and error handlers, as well as a frequency distribution of activity types.  

Its output is a comprehensive JSON-serializable dictionary containing all extracted information, which serves as the 

input to the generation layer. Figure 4 shows the top-level structure of this output and the information contained in each 

section. 

 

 
 

Figure 4: Workflow Analyzer output dictionary 
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After recognizing a legitimate image file fi ∈ I, the system utilizes an optical character recognition engine Ok to extract 

textual data T from the picture. Both Tesseract (O1) and docTR (O2) may be used as our OCR engine. This is the result 

of extracting the text T: 

 
The OCR engine sends the raw text T to a Large Language Model (LLM) L, which then transforms it into structured 

JSON data J. Here is the representation of this process: 

 
The structured JSON makes that the data is in the right format for the reporting and database tools in the system. 

Information Collecting and Report Writing Using a mapping function, the structured JSON data is transformed into an 

Excel sheet E: 

 
The Excel sheet data is then used to generate a formatted Word document W: 

 
With the help of the algorithm (refer to Algorithm 1), the system runs in a never-ending loop, processing new files as 

they come in: 

 

 
 

Figure 5: Proposed UiRPA Algorithm 

 

The bot output was generated in the form of invoice wise Excel sheets and a consolidated reconciliation report. Each 

invoice wise sheet included payment details, invoice number, associate name, client name, billing status, receipt date, 

amount, currency, month, year, match status, and remarks. A summary report was also prepared with key reconciliation 

indicators such as total records processed, matched records, unmatched records, duplicate records, exception count, 

match percentage, processing time, and validation status. Exception registers were maintained separately for business 

exceptions and system exceptions. All input files, output files, logs, screenshots where required and exception reports 

were archived in predetermined retention folders for audit traceability. 

The testing was done in steps. Each workflow was unit tested for the email parsing, OCR extraction, file validation, 
Excel joins, data normalization, LINQ filtering, matching rules and output generation. Integration testing was then 

performed to check the complete flow from input acquisition to final report generation. User Acceptance Testing was 

done by comparing the reconciliation outputs generated by the bot to reconciliation results prepared manually. The 

comparison was made to verify whether the robot has extracted, matched, validated and reported the payment records 

correctly. 
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Figure 6: Proposed UiRPA Workflow  

 

The proposed system was evaluated against both technical and business metrics. Technical metrics included OCR 
extraction accuracy, bot execution time, processing time per transaction, throughput, retry count, file processing 

success rate and bot error rate. Business metrics included match rate, allocation accuracy, exception rate, duplicate 

reduction, false positive rate, false negative rate, reconciliation cycle time, manual effort reduction, and audit trail 

completeness.  Auto match rate, precision, recall, exception rate, mean time to reconcile, throughput and bot error rate 

were also used as evaluation indicators for AI RPA based payment reconciliation systems in prior reconciliation 

literature. 

III. RESULTS AND DISCUSSION 

 

The sample invoice is the type of document used to test the OCR driven payment reconciliation process. It contains 

important fields such as seller information, buyer information, invoice number, date, item description, quantity, unit 

price, subtotal, tax, and total due. These fields are shown in Figure 8, where the robot identified and extracted the 
invoice information and transposed it into structured Excel output for reconciliation. This result lends support to the 

paper’s method, where OCR, UiPath activities, and validation logic converted invoice data into usable records for 

automated matching and reporting. 

 

 
 

Figure 8: Sample Invoice generated 
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The Excel output shows the details extracted from the invoice have been successfully converted into a structured 

tabular format for further reconciliation. Figure 9 shows key fields including seller, seller address, client and client 

address. It can be seen that the automation has structured the unstructured invoice information into usable columns in 

the spreadsheet. This result supports the OCR driven workflow as the data extracted was not left as raw text but was 

structured for validation, matching and reporting within the UiPath based reconciliation process. 

 

 
 

Figure 9: Excel file created. 

 

The KPI comparison shows that there are clear operational benefits post UiRPA implementation in terms of finance, 

order processing, inventory reconciliation and invoice matching. Table 1 shows that the invoice processing time was 
reduced from 7 minutes to 1.5 minutes per invoice or by 78.57%. Order entry preparation time was reduced by 65%. 

Inventory Payment reconciliation improved from 6 days to 2 days per cycle – Faster closing of payment records. The 

invoice matching error rate was reduced significantly from 15% to 1.50% indicating better accuracy. The operational 

cost also reduced by 20 to 25% savings confirming that automation boosted speed, accuracy and cost efficiency. 

 

TABLE I   KEY PERFORMANCE INDICATORS (KPIS) IMPROVEMENT THROUGH UIRPA IMPLEMENTATION 

 

KPI Before RPA After RPA Improvement (%) 

Invoice Processing Time 7 minutes/invoice 1.5 minutes/invoice 78.57% reduction 

Order Entry preparation Time  8 minutes/order 2.8 minutes/order 65% reduction 

Inventory payment Reconciliation 6 days/cycle 2 days/cycle 66.67% reduction 

Error Rate  15% 1.50% 90% reduction 

Operational Cost  Baseline cost 20-25% cost savings 20-25% reduction 

 

The KPI progress graph shows visually that UiRPA made improvements that can be measured in all five performance 

fields. The bars in Figure 10 that display “before” and “after” show that the time it takes to process invoices, enter 

orders, balance inventory, and make mistakes when comparing invoices has gone down a lot. Biggest gain was a 90% 

reduction in number of errors, which shows tech improved matching accuracy and reduced human errors. Processing of 
invoices became a lot faster, by almost 78.57%. Improved order entry and inventory accounting by 66.67% and 65% 

respectively. The cost savings bar also shows that automation decreased running costs by 20 to 25 percent, which 

supports the idea that the proposed system would work well. 
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Figure 10: RPA KPI improvement chart showing before and after metrics across five categories 

 
The performance graph shows the dataset was processed by the UiRPA system with good processing capacity while 

tracking key operational measures. Throughput in Figure 11 has the highest value, which is almost 40,000 records or 

actions. This indicates the robot can process a lot of reconciliation data. The other metrics such as auto match rate, 

exception rate, false positive rate, ERP posting latency and bot error rate are much lower on the scale, indicating 

controlled error behaviour and stable execution. This supports the value of UiRPA for high-volume reconciliation, 

where speed, consistency, exception monitoring and reduced manual intervention are key. 

 

 
 

Figure 11: UiRPA performance with the dataset 

 

IV. CONCLUSION AND FUTURE SCOPE 

 

The study revealed that the proposed UiRPA based payment reconciliation system improved the speed, accuracy and 

reliability of invoice and payment processing. The automation successfully transformed invoice data into structured 

Excel records and enabled validation, matching and reporting via OCR, UiPath workflows and machine learning-based 

anomaly detection. The synthetic ERP data with invoices, payments, credits, adjustments, missing values, wrong 

exchange rates and rounding errors was used to test the system against realistic reconciliation problems. The results 

confirmed that automation lowered invoice processing time from 7 minutes to 1.5 minutes per invoice and order entry 
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preparation time from 8 minutes to 2.8 minutes per order. Inventory payment reconciliation efficiency increased from 6 

to 2 days per cycle. Invoice matching errors reduced from 15% to 1.50%. The system resulted in operational cost 

savings of 20 to 25%. These findings showed that UiRPA can facilitate high volume reconciliation by enhancing 

throughput, minimizing manual intervention, managing exceptions and creating audit ready outputs for finance 

operations. 
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