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Abstract

Real estate developers in India face stringent financial compliance requirements under the Real Estate
(Regulation and Development) Act (RERA), including the need to reconcile multiple financial data
sources such as escrow accounts, CRM records, loan ledgers, and customer-submitted proofs. Manual
reconciliation is time-consuming, error-prone, and unsustainable at scale. This paper presents an Al-
powered framework for automating revenue reconciliation using machine learning (ML), optical
character recognition (OCR), natural language processing (NLP), and anomaly detection techniques.
The system extracts and standardizes data from diverse formats-including PDFs, emails, spreadsheets,
and images-performs intelligent matching of transactions across sources, flags anomalies, and provides
real-time dashboards and audit-ready reports. Through case studies and empirical data, the paper
demonstrates significant improvements in reconciliation speed, accuracy, regulatory compliance, and
operational efficiency. This research highlights how Al-driven reconciliation enhances financial
governance, supports real-time cash flow visibility, and ensures robust compliance with RERA
mandates in complex real estate ecosystems.

Keywords: Revenue reconciliation, ai in real estate finance, financial automation, intelligent document
processing (IDP), anomaly detection, machine learning in accounting, bank statement reconciliation,
fintech, regulatory technology (RegTech), compliance, risk management.

Introduction

Real estate developers operate under stringent financial regulations, especially in
jurisdictions like India with the Real Estate (Regulation and Development) Act, 2016
(RERA). RERA mandates that 70% of funds collected from homebuyers be deposited in a
dedicated project escrow account and used only for that project’s construction and land costs.
Developers must often maintain separate RERA escrow accounts for each project, alongside
general and loan accounts, and provide periodic reports and annual audits to regulators. They
also track customer payments and schedules through CRM systems, and buyers submit
payment proofs (receipts, bank UTR numbers, etc.) that need verification. Ensuring that all
these disparate records - RERA escrow account statements, loan account ledgers, CRM
receivables, and user-provided payment proofs - match each other is critical for compliance
and financial accuracy. This reconciliation process is vital to protect homebuyers’ funds and
ensure developers utilize money as legally intended.

However, traditional reconciliation is often a tedious, manual affair. Accountants might
export data into spreadsheets and manually compare bank statements to CRM records line by
line, or cross-check customer emails for proof of transfers M. This manual workflow is error-
prone, time-consuming, and not scalable. According to a PwC report, finance teams spend
around 30% of their time on manual reconciliation tasks, even in well-run companies.
Another survey by EY found that up to 59% of finance department resources are consumed
by managing transaction-intensive processes. The high effort and complexity mean
discrepancies may be discovered late or missed entirely. Indeed, 45% of CFOs report
payment delays caused by invoice or remittance errors and mismatches, highlighting how
common reconciliation issues can impact cash flow. In the RERA context, failure to
promptly reconcile and allocate funds correctly can lead to regulatory penalties - RERA
imposes fines up to 10% of project cost or even imprisonment for misuse of escrow funds. A
real-world example occurred in Haryana, where authorities found that lenders had
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improperly swept money from a RERA escrow to loan
repayment, violating the 70% rule; regulators intervened
with legal action. This underscores the need for vigilant
monitoring and reconciliation of RERA accounts against
loan drawdowns and other outflows.

Automating the reconciliation workflow with Al and ML
offers a powerful solution to these challenges. An Al-
powered reconciliation system can extract, match, and
verify data across multiple sources - bank statements, loan
account statements, CRM databases, emails, PDFs, images -
far faster and more accurately than manual methods 2. This
paper explores how such a system can be designed and how
it addresses the specific problem of revenue reconciliation
for real estate developers under RERA. We discuss the data
formats and Al techniques for processing them, the
machine-learning approaches for matching transactions and
identifying discrepancies, and the overall benefits of
automating financial reconciliations. We also include case
studies and data from industry to quantify the
improvements. By leveraging AI/ML, developers can ensure
RERA compliance, detect issues early, reduce human error,
and gain real-time visibility into cash flows, ultimately
speeding up financial close cycles and strengthening trust
with stakeholders.

RERA Regulations and Reconciliation Challenges in
Real Estate:

India’s RERA regulations have introduced strict financial
discipline for developers. Under RERA Section 4(2)(1)(D),
70% of the money realized from homebuyers for a project
must be deposited in a separate project bank account and
used only for that project’s construction and land expense.
Withdrawals from this RERA escrow account are only
permitted in proportion to construction progress and must be
certified by an engineer, architect, and chartered accountant
Bl The remaining 30% of funds can be used for other
purposes (like overhead or loan repayment) only after
meeting specified conditions, ensuring that buyers’ money
isn’t diverted elsewhere. Each project thus has its own
designated escrow account, and larger developers may
juggle dozens of such accounts. RERA also requires
developers to get these project accounts audited annually
and report the utilization of funds to the regulator. This
means finance teams must regularly reconcile the amounts
collected from customers against deposits in the RERA
account (ensuring 70% went in), and track that withdrawals
align with construction progress certificates.

On top of that, developers often have one or more loan
accounts for project financing. Banks providing construction
finance monitor the project’s sales and cash flows - in fact,
recent regulatory actions noted instances of banks
unilaterally pulling funds from escrow to set off loans,
which is disallowed. Thus, developers need to reconcile
escrow account balances with loan account statements and
ensure that any loan repayments do not violate RERA’s
fund allocation rules. Another layer is the CRM or sales
accounting system: this records every instalment due from
each buyer, the amount collected, and outstanding
receivables. Under RERA, developers must update
regulatory portals with sold units and money collected, so
the data in CRM (or ERP) should match what’s in the bank.
Finally, there are customer-provided payment proofs -
buyers often email UTR transaction IDs, screenshots of
NEFT/RTGS receipts, or copies of checks. These need to be
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verified against bank credits (to confirm the money indeed
arrived) and matched to the correct customer’s ledger [l
Each data source - bank, loan, CRM, emails - might be in a
different format (e.g. PDF statements, Excel exports, plain
text email), complicating reconciliation.

Performing these reconciliations manually is cumbersome.
Accountants might download bank statements as PDFs or
CSVs and manually cross-check each entry against an
internal collection register. They update spreadsheets to
ensure that, say, ¥70 lakh out of a %1 crore collection went
into the escrow and not elsewhere - a process RERA
auditors explicitly require. They must also verify that any
withdrawal from the escrow has the required certificates and
corresponds to actual construction expense. In parallel, they
have to compare the bank credits with CRM records to catch
any buyer payments that didn’t reflect or any recording
errors. If a buyer claims payment but it’s not seen in the
bank, someone must comb through emails for proof and
possibly liaise with the bank. Multiple stakeholders (internal
finance, project managers, external auditors, lenders, and
regulators) demand reports, so consistency across all records
is critical 1. This manual process is not only slow but also
prone to human error and timing mismatches - for example,
a delay in cheque clearance might temporarily throw off
reconciliation.

The cost of these inefficiencies is high. Surveys show that
finance professionals waste significant time on transaction
matching and data gathering instead of analysis. One study
found 30%-40% of finance teams’ time is spent on manual
reconciliations and data consolidation. Even top-performing
companies’ analysts spend about 40% of their time just
collecting data rather than analyzing it. In the context of
year-end, RERA compliance checks require detailed
reconciliation of project financials with statutory filings
(GST, income tax) and with RERA filings, making the
closing process quite laborious. Manual processes also lead
to errors: a survey of treasurers found 70% of them
encountered problems in AR collections and reconciliations
(e.g. missing or mis-applied payments). Such errors can
cascade into misreported figures, compliance breaches, or
customer disputes [, Clearly, there is a compelling need to
streamline and automate reconciliation across these diverse
accounts.

Al-powered reconciliation directly targets these pain points.
By automatically consolidating data from all sources and
cross-verifying transactions, Al can ensure that funds are
properly accounted for across RERA escrow, loan
repayments, and revenue records, with much less manual
effort. Before delving into the AI/ML solution, let us
consider the scale of improvement possible: Studies have
shown that automation can reduce reconciliation time by
over 50%, eliminate the majority of errors, and free up
finance staff for higher-value tasks In the next sections, we
explore how Al techniques can handle the variety of input
formats involved in this problem and perform the complex
matching and verification needed for robust financial
reconciliation under RERA.

Multi-Format Data Extraction with Al (Excel, PDF,
Emails, Images)

A major challenge in automating revenue reconciliation is
dealing with heterogeneous data formats. In our scenario,
relevant data comes in forms including: bank statements
(often PDFs or scanned images, sometimes CSVs), loan
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account statements (PDFs/CSVs), CRM exports or
accounting system reports (Excel spreadsheets or database
queries), emails and text communications (unstructured text
where customers or banks provide payment confirmations),
and images/PDFs of payment proofs (e.g. screenshots of
online transfer receipts, scanned cheques). Traditional
software struggles to ingest and normalize such varied
inputs [, This is where advances in Al for document
understanding - often termed Intelligent Document
Processing (IDP) - play a key role.

Optical Character Recognition (OCR) combined with
computer vision can convert scanned documents and images
into machine-readable text. Modern Al-based OCR engines,
enhanced by deep learning, achieve very high accuracy even
on semi-structured documents like bank statements. For
example, specialized Al tools can accurately extract key
fields (dates, descriptions, amounts, balances) from bank
statements in PDF or image form, with claimed accuracy as
high as 95-99%. This means a PDF bank statement that once
required an employee to manually re-type or copy-paste
transactions can now be processed in seconds by an Al
parser Bl Many financial Al platforms (e.g. AlgoDocs,
Parseur, Docsumo, Veryfi, etc.) offer pre-trained models for
bank statement extraction. These models not only perform
OCR but also understand the layout and context - for
instance, recognizing columns in a table, or identifying page
headers/footers to ignore them. With such tools, an
automated system can ingest monthly escrow account
statements (which may be emailed as PDFs by the bank)
and convert them into structured data ready for
reconciliation ©l,

Unstructured textual data, like emails or free-form text, can
be handled with Natural Language Processing (NLP)
techniques. Consider that a buyer’s email might say: “Dear
team, please find attached the NEFT payment screenshot for
flat A102, amount %5,00,000 paid on S5th Oct via HDFC
Bank UTR#123456789.” An Al system can use NLP to
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parse such an email and extract entities: the flat/unit
identifier, the amount, date, bank, and transaction reference.
Techniques like Named Entity Recognition (NER) can
identify monetary amounts, dates, names, etc., in text. By
training on examples of payment confirmation emails, an
ML model can learn to locate the payment metadata reliably
1191, Similarly, when dealing with the narratives/descriptions
in bank statements, NLP can help interpret them - e.g.
linking a bank reference NEFT-123456-HDFC to a
particular customer or invoice. This becomes crucial when
exact matches (like unique IDs) are missing and contextual
cues are needed.

Structured files like CSV or Excel (which might come from
CRM or ERP systems) are relatively straightforward to
import, but even there Al can assist in mapping fields and
cleaning data. For instance, if column names or formats vary
(111 a simple ML classifier can learn to map Buyer Name vs
Customer vs “Client” columns to a standard schema.
Moreover, Al can identify anomalies or outliers in
structured data that might indicate data entry errors (e.g. an
unusually large instalment amount).

Another important Al capability is image analysis for
embedded text. Payment proofs could be images
(JPEG/PNG screenshots). OCR can handle these as well -
for example, an Al can read a screenshot of an online
banking confirmation and extract the transaction ID,
amount, and date. If the image is low-resolution or has
artifacts, modern deep learning OCR (such as Google’s
Tesseract with LSTM or newer Transformer-based OCR
models) can still often decode the text by using learned
features, outperforming legacy template-based methods.
One case study noted that Al-based OCR was able to
capture data from scanned documents with 99% accuracy,
even handling faint text and complex table structures 4,

To illustrate, consider Table 1 below, which outlines key
data sources and how Al/ML handles their ingestion:

Table 1: Data sources in reconciliation and Al techniques for extraction

Data Source Format & Challenges

Al/ML Solution

RERA Escrow PDF or Image (scanned); tabular
Bank Statement | transactions, stamps or seals on pages

OCR with table detection & parsing. Pre-trained bank statement models extract

date, description, debit/credit, balance.

Loan Account [PDF from bank; mostly tabular but may

OCR plus NLP to classify transaction types (e.g. classify “interest debit” vs

Payment Info | possibly with attachment (image/PDF)

Statement use different terms (principal, interest) “principal”). Map fields via ML model or config.
Excel/CSV; structured ledger of Direct data import. Schema mapping using Al if needed (e.g. recognize
CRM/ERP Export S . . . -
invoices/payments per customer columns). Anomaly detection to flag missing or duplicate entries.
Emails with Unstructured text (plain or HTML) [NLP to extract entities (payer, amount, date, UTR). If attachment, apply OCR on

attachment. Pattern matching ML to link email text to transaction records.

Customer Payment|  Images/PDF (screenshots of bank
Proofs transfer confirmations, cheque scans)

Computer vision OCR to read text in image. Possibly image classification to
detect document type. Extract transaction ID, amount, date via template-free

OCR (Al finds key-value pairs like “Amount: IX”).

By deploying these Al extraction techniques, the
reconciliation system can create a unified, structured dataset
of all relevant financial flows. For example, it might
produce a table where each row is a payment transaction,
with columns indicating the source (escrow account
statement, CRM record, etc.), the date, amount, payer
details, and any reference IDs 3, This standardization is
done automatically: one component of the Al system
handles ingesting and normalizing data from each source.
Notably, Al can do in seconds what might take a human
hours - for instance, parsing a 50-page bank statement with
hundreds of entries, or sifting through dozens of emails for

relevant info. This accelerates the preparation phase of
reconciliation drastically, which is often cited as the most
time-consuming part of the process 4],

Moreover, Al improves accuracy by reducing manual data
entry errors. Automation ensures that figures are transcribed
correctly (no transcription typos), and if a field is
unreadable (say, a smudged cheque image), the system can
flag it for human review rather than silently introduce an
error. As a result, companies have reported significant
improvements in data quality - Deloitte found that adopting
Al for accounting tasks led to 70% fewer data inaccuracies
351 In reconciliation specifically, a Gartner study noted a
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35% decrease in reconciliation errors after implementing
automated reconciliation software.

In summary, Al and ML provide the eyes and ears for our
reconciliation automation: they can read any document or
message in the financial workflow and convert it into
reliable data. With the data from RERA accounts, loan
accounts, CRM, and proof documents all digitally captured,
the next step is for Al to actually match and reconcile these
datasets.

Intelligent Matching and Verification using Machine
Learning (APPROACH)

Once financial data from various sources is extracted into a
structured form, the core reconciliation task is to match
transactions and identify discrepancies. In our use case, this
means: do the deposits recorded in the RERA escrow
account correspond to the amounts customers paid (as per
CRM and customer proofs)? Were any required deposits
missed or delayed? Were withdrawals from the escrow
properly accounted for (e.g. used to pay project expenses or
loans with authorization)? Did the loan account debits align
with permitted uses of funds? And so on. Traditionally,
reconciliation uses deterministic rules or manual judgement
to match records - for example, matching by exact amount
and date, or by a reference number. But in practice, data
from different systems might not line up perfectly. For
instance, a buyer’s bank transfer might appear on the
statement two days later; the reference text might be slightly
different or truncated; or multiple small payments could
collectively correspond to one invoice. Machine Learning
(ML) is extremely useful in handling these complexities, by
learning patterns of matching and by tolerating minor
variances that would stump rigid rules.

One approach is to treat transaction matching as a
classification or clustering problem. For each payment in
one dataset (say, a bank credit entry), we want to find the
corresponding record in another dataset (say, the CRM
ledger of customer instalments) [6. ML models can be
trained on historical reconciliation data (if available) or
plausible synthetic data to recognize matches. A recent
project demonstrated using ML algorithms like Random
Forests and Gradient Boosting to automate bank
reconciliation: the model took features such as amount, date
difference, description similarity, etc., and learned to predict
whether a bank transaction and an internal record belong to
the same event [7l. This ML approach significantly
improved matching accuracy and reduced manual
intervention. For example, if a bank statement says Rs
500000 NEFT from Shyam Verma and the CRM shows
Shyam V - 500,000 - expected on Oct 5, an ML model
would learn that this is a likely match even if the names are
not identical strings. It might also learn common patterns
(like certain banks truncating references, or common timing
lags) and adjust accordingly. In contrast, a simple rule-based
system might flag this as an exception if, say, the date
differs by two days.

ML can also assist in aggregating or breaking down
transactions logically. Suppose RERA regulations led a
developer (in MahaRERA’s new directive) to maintain three
accounts per project - a master collection account, a 70%
escrow (separate) account, and a 30% transaction account
for the remainder Funds flow in a chain: buyer pays —
collection account — auto-sweep 70/30 into escrow and
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transaction accounts Reconciliation here might require
matching one customer payment to three linked entries (one
in each account). A rule-based approach would be
complicated, but an ML model could be trained to recognize
that pattern (e.g. whenever there’s an entry of X in
collection, look for 0.7X in escrow and 0.3X in transaction
on the same date). The model could then automatically
verify that the splits occurred correctly, flagging if, say,
only 60% went to escrow instead of 70%.

Another critical function is anomaly detection. Not only do
we want to match known transactions, we also want to spot
anything that doesn’t match - potential errors or
unauthorized movements. Al excels at this by modeling
what “normal” looks like and highlighting deviations. A
reconciliation Al can employ techniques like clustering or
neural networks to establish baseline patterns of payments
(amount ranges, frequencies, etc.). If a strange entry appears
- e.g. an unexpectedly large withdrawal from the escrow, or
a payment that doesn’t correspond to any scheduled invoice
- the system will flag it as an exception for review.
HighRadius reports using predictive anomaly detection in its
reconciliation solution, where the Al learns from past data
and flags anomalies in real time - long before they become
audit issues. In one scenario, their Al detected recurring
vendor mismatches mid-cycle and proactively resolved
them, reducing audit adjustments by 60%. For a developer,
an anomaly might be something like a bank charge or
interest credit in the escrow account that wasn’t expected -
the Al would surface it so it’s not overlooked 8. ML-based
anomaly detection can also help catch fraud or
misappropriation, a key concern RERA aims to address. As
an example, if someone attempted to withdraw more than
30% of funds for non-project use, the pattern would break
the learned rule and trigger an alert [,

A significant advantage of Al/ML reconciliation is handling
the sheer volume and speed of transactions. Many
developers now collect payments digitally (online transfers,
payment gateways), resulting in a high volume of bank
entries. Manual reconciliation often lags behind - sometimes
done weekly or monthly. Al can perform continuous
reconciliation. As soon as new data arrives (e.g. a daily bank
statement or real-time bank feed), the Al system can match
and verify it against internal records. This provides near
real-time monitoring of cash flow. Osfin, a fintech
company, describes a real-time reconciliation dashboard that
“brings together data from multiple sources (banks, ERP,
etc.) into one view” and shows which transactions are
matched vs pending, so teams can resolve issues faster and
shorten close cycles. In our context, this means a finance
manager could see by end-of-day which customer payments
are still not allocated or which withdrawals lack a matching
expense record, rather than finding out weeks later. The end
result is much tighter control of finances and the ability to
address discrepancies while they’re fresh (for instance,
immediately contacting a customer whose payment didn’t
go through, rather than discovering it at quarter-end).
Machine learning can also optimize the workflow. Beyond
matching, consider the approval and exception resolution
process. A common bottleneck in manual reconciliation is
waiting for people to address discrepancies. An Al-driven
system can incorporate a rules-based workflow with Al
assistance - for example, automatically route an unmatched
payment to the responsible project accountant with
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suggestions on possible matches (or reasons it’s
unmatched). HighRadius refers to this as “dynamic
workflow orchestration”, where the Al triggers escalations
and assigns tasks so that nothing falls through the cracks.
They found that by doing so, month-end reconciliation
delays (caused by waiting on approvals or info) dropped
over 60%, and resolution time for exceptions fell 40%. In a
real estate company, this might manifest as the Al emailing
the site engineer if a withdrawal lacks the required
certification document, or alerting management if a large
variance is unresolved for over 48 hours.

A critical consideration in financial processes s
explainability. Accountants and auditors need to trust the
Al’s matching decisions. Thus, modern Al reconciliation
tools provide explanations and audit trails for every match
and adjustment. For example, the system might log:
“Payment of 500,000 on 05/10 matched to Flat A102
installment due 04/10 (Ref: UTR123456) with 98%
confidence.” If it auto-adjusts something (like writing off a
%5 rounding difference), it notes that. This aligns with the
concept of Explainable Al - HighRadius calls it “end-to-end
visibility with explainable Al outputs” such that every
match or resolution is accompanied by the logic behind it. In
practice, our Al system will maintain a clear record: a
unified reconciliation register showing for each transaction
whether it’s matched or not, and if matched, to what (with
identifiers from each source). If a regulator or auditor asks,
“how do you know this withdrawal was only 70% of
funds?”, the system can produce a report demonstrating the
linkage of funds from collection to escrow to usage, with
timestamps and approvals.

To summarize, Al and ML techniques transform
reconciliation from a static, after-the-fact control to a
dynamic, intelligent process. ML-based matching improves
accuracy (reducing false mismatches and oversight).
Automated anomaly detection provides additional assurance
that irregularities won’t go unnoticed. Combined with real-
time processing and smart workflows, this means a
developer’s finance team can ensure at any given moment
that every rupee is accounted for across all systems - an
essential capability for RERA compliance and prudent
project management %, In the next section, we highlight
the tangible benefits experienced and reported by
organizations that have implemented Al-powered
reconciliation, using data points from studies and industry
cases.
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Benefits of Al-Powered Reconciliation: Accuracy, Speed,
and Insights
Adopting AI/ML  for revenue reconciliation yields
significant improvements in efficiency, accuracy, and
insight. Many organizations have documented the impact
through metrics, which are relevant to real estate developers
facing heavy reconciliation workloads. Below we compile
key benefits and data points:

o Dramatically Faster Reconciliation Cycles: Al
automation can perform in minutes tasks that took
humans days or weeks. For example, an automated
system can complete a reconciliation process 10 times
faster than manual methods. One survey found
companies using automated reconciliation software
closed their books 30% faster on average. In terms of
day-to-day work, another study noted that when
payments processes were automated, the average Days
Sales Outstanding (DSO) improved from 47 days to 40
days (a clear cash flow benefit) and 87% of firms
reported faster processing overall. In our context, this
could mean reducing a month-end reconciliation that
normally takes a week of frantic effort down to a day or
two - or even enabling continuous reconciliation so that
month-end is no longer a fire-drill.

¢ Significant Labor and Time Savings: By eliminating
manual data entry and matching, Al frees up finance
staff for higher-value tasks. Finance teams can redirect
a substantial portion of their time - remember that up to
59% of finance effort was spent on transaction
processing - back to analysis and strategic work. A
survey by EY in 2023 indicated that organizations using
automated reconciliation saw a 40% reduction in
reconciliation-related labor costs. Another analysis by
Deloitte found Al adoption improved finance process
effectiveness by 40% and cut process costs by 46%.
Figure 1 below illustrates this benefit, comparing a
hypothetical manual vs. Al-driven reconciliation
process for a month’s transactions. The manual process
might consume ~100 person-hours (spread across
collecting statements, verifying each entry, chasing
down issues) and still result in errors; the Al-driven
process might need only ~5 hours of human oversight
(95% time saved) and produce a nearly error-free
outcome U, This is consistent with a Kosh.ai case
study where automated daily reconciliation reports
reduced reconciliation time by 95% compared to
manual methods.

Reconciliation Time vs Number of Records

Manual Process
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Fig 1: Manual vs. Al-Automated Reconciliation - Estimated Time
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In this illustrative comparison, an Al-powered approach
drastically reduces the required person-hours and lowers
error rates, aligning with reported improvements (95% time
reduction, ~60% fewer errors).

Higher Accuracy and Fewer Errors: Automation
improves accuracy in two ways - by removing human
transcription errors and by systematically catching
inconsistencies that humans might overlook. Gartner
reported that firms implementing modern reconciliation
tools saw a 35% decrease in errors in financial
reconciliations. KPMG’s 2023 survey of finance teams
found that among those using Al for bank reconciliation,
82% reported at least a 60% reduction in reconciliation
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errors. In other words, if manual reconciliation historically
had, say, 50 errors per month (small discrepancies, mis-
postings, etc.), automation might cut that to 20 or fewer. For
developers, this means fewer instances of “unreconciled”
amounts that need investigation, and greater confidence that
the RERA account balances and reports are correct.
Accurate reconciliation also enhances financial reporting -
one case noted a company achieved 100% accuracy in high-
volume reconciliation after deploying Al, virtually
eliminating reconciliation-related adjustments in their
financial statements %2, This level of precision is invaluable
when every rupee must be accounted to regulators and
auditors.

o Error Rates in Reconciliation
Manual
- Al
8..
‘5 5%
o
S af
o
2r 1.5%
0 Error Rate

Fig 2: Manual vs. Al-Automated Reconciliation - Estimated Error Rates.

Real-Time Monitoring and Anomaly Detection: An
automated solution can provide real-time dashboards that
give stakeholders immediate insight into cash flow and
reconciliation status %l For instance, the reconciliation
dashboard can show at a glance which customer payments
are matched and which are pending, across all projects. It
can also highlight anomalies instantly (e.g., an overdraft in a
RERA account, or a customer payment received without an
invoice). Businesses that adopted such real-time visibility

management. Association for Financial Professionals
research found that using real-time treasury dashboards and
automation led to a 55% improvement in cash forecasting
accuracy and a 20% reduction in financial risk exposure.
For a developer, real-time insight might mean immediately
seeing if a particular project’s collections are slowing (and
thus taking action to nudge buyers or adjust cash planning)
rather than finding out at month-end. Moreover, automated
alerts for policy violations (like non-compliant fund

report more proactive decision-making and  risk transfers) act as a continuous compliance guardrail.
Real-Time Reconciliation Dashboard Metrics by Project
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Fig 3: Metrics after Automated Reconciliation (Each Project is associated with a different RERA account).
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Better Compliance and Audit Readiness: With
comprehensive, automated reconciliation, maintaining
compliance with RERA and other regulations becomes
easier. The system produces a complete audit trail - every
transaction is traceable from source to books. Auditors can
be given read-only access to the reconciliation dashboard or
exports, saving time in evidence gathering. In the case of
RERA, developers must file quarterly updates and annual
reports reconciling project funds; an Al system can generate
these reports with one click, backed by up-to-date data.
Castler, an escrow services provider, notes that real-time
monitoring and automated fund tracking greatly simplify
RERA compliance reporting, providing transparency to both
developers and homebuyers. Additionally, by catching
errors and issues early, Al reduces the risk of compliance
breaches that could lead to penalties. From a governance
perspective, companies using Al reconciliation have
“cleaner audits.” For example, HighRadius documented that
a client was able to reduce audit adjustments by 60% after
Al anomaly detection addressed issues before the auditors
arrived. Another benefit is segregation of duties and control:
automated workflows ensure that approvals and reviews
happen systematically (with digital logs), which is
something regulators favor. MahaRERA’s latest guidelines
require meticulous maintenance of multiple bank accounts
with no lien and detailed disclosures - an Al system can
enforce these by monitoring the accounts and flagging any
prohibited transactions (e.g., a lien or encumbrance placed
on the escrow account, which the rules disallow). Overall,
companies find that implementing such solutions increases
stakeholder trust. In fact, financial transparency and
accuracy improved so much that some firms saw their
investor confidence improve - e.g., reliable reconciliations
contribute to timely financial closes, which investors and
lenders view as a sign of strong management.

Quantifiable ROI: The investment in Al reconciliation
technology tends to pay back quickly. IDC found that
organizations using Al-driven reconciliation achieved on
average a 45% increase in reconciliation speed and 35%
improvement in data accuracy, translating to tangible cost
savings and better working capital management. Accenture
estimated that Al-based automation could save the global
banking industry over $1 trillion by 2030, largely by
streamlining processes like reconciliation and reporting.
While a developer’s scale is smaller, even saving a few FTE
hours each day and avoiding interest or penalty costs from
mistakes can be significant. Many companies report the
payback period of such automation projects is under a year
due to labor savings and avoidance of costly errors. As a
side benefit, reducing drudge work also improves team
morale and reduces burnout - one finance team member
described manually reconciling until 3am during closes, a
scenario that automation can alleviate.

https://www.theeconomicsjournal.com

To put some of these improvements into perspective for a
hypothetical real estate developer, consider before vs. after
automation:

Before: The finance team spends countless hours gathering
bank statements, updating spreadsheets, chasing project
managers for clarification on transactions. Perhaps 100+
hours a month are devoted to reconciliation across all
projects, with each project reconciliation finishing weeks
after month-end. A few lakhs of rupees might routinely
remain unreconciled or “suspended” while investigating.
Errors slip through, leading to occasional qualified audit
findings or regulator queries. The company risks non-
compliance if any fund diversion isn’t caught early. Cash
flow visibility is limited; the CFO only learns of a shortfall
or surplus well after the fact.

After (with AI/ML automation): Bank statements from all
accounts are imported or streamed daily. The Al
automatically matches 90-95% of transactions to CRM
records or known categories in real-time. The remaining
exceptions (perhaps <10 transactions a month) are flagged
with likely reasons (e.g., “payment received with no
matching invoice - possible advance?”). The finance team
reviews these via a dashboard each morning, often resolving
them in minutes. The monthly reconciliation work that took
100 hours is now done continually, with maybe 5-10 hours
of human oversight for exceptions - a ~90% reduction in
effort. By the 1st of the next month, management already
has final reconciled figures. Error rates plummet; internal
audits find almost no reconciliation discrepancies.
Developers can instantly generate RERA compliance
reports showing that exactly 70% of funds went into each
escrow (with references) and was used appropriately. If a
violation is about to occur (say someone tries to withdraw
more than allowed), the system catches it and alerts
management, preventing non-compliance. Overall, the
organization achieves near-real-time financial accuracy,
greater regulatory confidence, and much faster decision
cycles.

The benefits above are not just theoretical - they have been
observed across many industries. In finance and accounting,
Al is being embraced precisely for these reasons: a 2024
survey by Rightworks noted firms advanced in Al adoption
had 39% higher revenue per employee, partly because their
back-office processes (like reconciliation) are far more
efficient. In the next section, we shift from the “what” to the
“how”: outlining a high-level architecture of an Al-powered
reconciliation system and discussing considerations in
deploying it in a real estate developer’s environment. The
table below summarizes key performance indicators (KPIs)
contrasting manual versus Al-automated financial
reconciliation, based on recent studies and case examples in
India and globally:

Performance KPI Manual Process Al-Automated Process Improvement with Automation
-~ 1 - 0, -
Reconciliation Time (monthly) 80 hours (typical for manual ~22 hours (with automation) 72% faster cycle time (monthly
closes) close)
~6009 i
Processing Cost per cycle %100 (baseline index) %40 (with automation) 60% cos;srt?gqua(igf n (I0FM
~05-090, i
Error Rate (transaction errors) |~5% error rate (human processes) | ~0.1% error rate (near-100% accuracy) 95-99% givgj:air;;) rs (higher
~B00 1
Compliance/Audit Effort ~50 hours audit prep (manual) ~20 hours (automated audit trails) 60% Ieizljc(;)irpgrl;r)]ce effort
Manual Workforce Effort | 100% human effort (full manual) | ~5% human effort (95% automated) | ~95% reduction in manual work
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Actual case studies and reports (Muthoot Finance, Max
Healthcare, Gartner, IOFM, etc.) [ % 31 jllustrate these
gains. The bar chart below visualizes the typical
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improvement percentages for each KPI when moving from
manual to automated reconciliation:

Typical Improvements with Automated Reconciliation
1001 95% 95%
g
=
)
£
[
8
a
E
Fig 4: Improvements with Automated Reconciliation
System Architecture and Implementation

Considerations

An Al-driven reconciliation system integrates multiple
technologies and must be designed with scalability, security,
and usability in mind. Figure 2 illustrates a typical
architecture for such a system tailored to revenue
reconciliation under RERA:

1. Data Ingestion Layer: This layer connects to all relevant
data sources. For bank accounts, it may use APIs or
automated downloads to fetch statements (many banks now
provide APIs for account statements, or at least daily
emailed statements which can be pulled from an inbox). It
handles file inputs like PDFs (e.g., monthly loan statements)
and monitors an email inbox for incoming customer
communications. If the developer has a centralized database
or ERP, the system pulls customer and invoice records from
there (or accepts CSV exports). Key technologies here
include connectors/RPA bots for logging into bank portals,
and pipeline tools to bring data into the Al system in a
scheduled or triggered manner. This layer should normalize
different date formats, number formats (e.g., ensure % and
comma separators are handled) and perform basic
validations (e.g., check that statement balances carry over
correctly, flagging any obvious bank errors early).

2. Al Extraction & Processing Layer: Once data is
ingested, it flows to the Al engines discussed earlier. An
OCR service processes any scanned documents or images
(bank statements, cheque scans, etc.), turning them into text.
A document parser then analyzes the structure - for
example, splitting a bank statement text into transactions
(using cues like line breaks, dates). Table extraction
algorithms (often based on convolutional neural nets or
Transformers that understand document layout) are applied
to structured documents. Concurrently, an NLP processor
handles unstructured text: parsing emails or free text fields.
For instance, it might use a pre-trained language model to
extract the amount and transaction ID from an email saying
“Attached is payment of Rs 1,00,000 via NEFT, ref no
1234XYZ.” This layer might leverage cloud Al services or
libraries (like Amazon Textract, Google Vision for OCR,

spaCy or transformers for NLP) possibly fine-tuned on the
company’s data for higher accuracy. The output of this layer
is a standardized set of records: all transactions from all
sources, each labeled with source and attributes (date,
amount, party, reference, etc.). It also enriches data where
possible - e.g., converting all dates to a standard format,
tagging transactions with probable project or account codes
(maybe based on description, using ML classification).
Importantly, confidence scores are attached to each
extracted field so the system knows what it’s fairly certain
about vs. what might need verification (e.g., low confidence
OCR results could be routed for human review in
exceptional cases).

3. Matching & Reconciliation Engine: This is the heart of
the system where ML algorithms perform matching. It likely
contains multiple components:

e A Rules Engine for straightforward matches (e.g., exact
matches on unique payment IDs, or enforcing the 70/30
split rule for escrow accounts as a deterministic rule).

e A Machine Learning Matcher for fuzzy matching and
complex correlation. This could be a trained model (as
discussed, perhaps a Random Forest or an ensemble)
that outputs a match probability for any given pair of
records from two sources. It might also involve a
clustering algorithm that groups together records across
sources that likely represent the same event (e.g. group:
{CRM invoice, bank receipt, escrow deposit, loan
payment} as one cluster).

e A Transaction Classifier to categorize unmatched
transactions (for example, identify that a particular
debit is “Bank Charge” vs “Fund Transfer” - which
might explain why it doesn’t match anything in CRM
but still needs recording).

e An Anomaly Detector that scans for things like
duplicate entries, amounts that don’t sum correctly
(e.g., escrow withdrawal without corresponding
expense entry), or unusual patterns compared to
historical data (out-of-trend payments, etc.). Techniques
could include statistical thresholds or more advanced
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ML like autoencoders for anomaly detection.

e A Reconciliation Logic specific to RERA. For instance,
it will automatically check the ratio of funds in the
escrow Vvs. transaction accounts, ensuring compliance
with the mandated percentages. It will validate that no
withdrawal exceeded the project cost percentage
complete. If the developer is using multiple promoters
with a master account, the engine verifies that
distributions to each promoter’s sub-accounts were as
per the agreement (this can be rule-based with ML
verifying patterns over time).

The output of this engine is the matched pairs/transactions
and an exception list. Each bank transaction will be marked
“matched to X” or “exception: no match found/required”.
Likewise, each CRM record of expected payment is marked
reconciled or not. Any regulatory computation (like
confirming 70% deposits) is also produced here.

4. Workflow & User Interface Layer: The exceptions
identified by the engine are routed through a workflow
system. For example, if a customer payment is unmatched,
the system could create a task for a collections officer to
review the customer’s account. If an escrow withdrawal is
flagged for missing a CA certificate, a task goes to the
finance manager. The Al can prioritize these by risk
(amount, compliance impact) and even suggest resolutions
(e.g., “Payment of 350,000 on 1 Nov could relate to Invoice
#INV100 which is 250,000 due 30 Oct”). Users interact
with these via a Dashboard Ul. The dashboard shows real-
time reconciliation status detailed drill-downs for each
exception. Users can approve matches or manually
match/unmatch items if needed (the system learns from this
feedback). The Ul also provides reporting: generating
RERA compliance reports, audit trails, and management
reports (like cash flow summaries by project). Charting
components visualize trends - e.g., a timeline of daily
collections vs deposits, or aging of unreconciled items.
Secure role-based access ensures, for instance, that a project
manager can view their project’s reconciliation but not
others, while the CFO can see everything.

A nice feature at this layer is the real-time dashboard
capability noted earlier. For example, a controller could
have a screen showing all projects’ escrow account balances
vs. expected (from CRM) in real-time, with color coding if
any discrepancy arises. Filters allow drilling into a specific
project or account. Each transaction can be clicked to reveal
its matching details across systems (this satisfies audit
transparency). This layer might also integrate notifications:
sending email/SMS/Teams alerts for critical issues (e.g.,
“Alert: 210 lakhs in escrow account unaccounted for more
than 48 hours.”).

5. Security and Audit Layer: Given the sensitive financial
data, robust security is built in at every level. Data is
encrypted at rest and in transit. Access to bank APIs or
email accounts is via secure credentials (with encryption
and proper key management). The system maintains an
audit log of all actions - both automated and manual
interventions. For instance, if a user manually matches a
transaction or overrides an Al suggestion, it’s logged with
user and timestamp. This is crucial for both internal control
and regulatory audit trails. The system should also have
authorization controls - e.g., one user might prepare
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reconciliation and another user must approve exceptions
over a certain threshold (to mimic maker-checker controls).
Since RERA data is highly sensitive (homebuyer payments,
etc.), the deployment might be on-premises or a secure
cloud with compliance to standards (like 1SO 27001 or
SOC2).

Matching complexity ranges from
simple rules to advanced learning.

Complex

)

Machine Learning

(_@ Matcher

( Fuzay matching and complex
correlation

r&& Anomaly Detector

(B & Detects unusual patterns and

— ]
duplicates

? Transaction Classifier

Q Categorizes unmatched transactions

Reconciliation Logic

A
000

Specific rules with ML verification

Rules Engine
Straightforward, deterministic
matching

Simple

Fig 5: Complexity of Matching Engine

Implementation considerations: Rolling out such an Al

system requires addressing a few practical factors:

e Data availability and quality: Training ML models
(for matching or anomaly detection) may need
historical data. If the developer has never systematically
reconciled, historical mismatches might not be labeled.
In such cases, a combination of unsupervised learning
and expert input can bootstrap the model. It’s wise to
start with a pilot on one or two projects to gather
training data and refine the ML rules gradually. Data
cleansing is an important first step: standardizing
naming conventions (e.g., ensure “HDFC Bank Ltd”
and “HDFC Bank” are treated the same entity),
updating any missing references in the CRM if
possible, etc., to improve initial results.

e Customization of rules: Every business might have
unique reconciliation rules. The system should be
configurable - for instance, if a company’s policy is that
maintenance charges collected go to a separate account,
the reconciliation engine should be tuned to expect that
distribution 261, A flexible rules engine or even the use
of a domain-specific language for writing reconciliation
rules can help fine-tune the automation to the
developer’s processes [24

e Human-in-the-loop: Despite high automation rates,
some exceptions will require human judgment
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(especially early on or for novel events). It’s important
to design the workflow so that humans can easily
correct the Al and that the Al learns from those
corrections 71, For example, if the Al flags a certain
transaction as anomaly but the finance team marks it as
“expected - justified by X”, the system should
incorporate that feedback (maybe lower the anomaly
score next time a similar event occurs). Many Al
reconciliation tools incorporate continuous learning -
HighRadius mentions “self-learning AI” that observes
how users resolve exceptions and uses that to improve
future auto-matching. Over time, the need for manual
fixes should drop as the Al model becomes more
seasoned with the organization’s data patterns.

e Change management and training: Introducing Al
into a finance process requires bringing the team on
board. Some accountants may distrust an “Al black
box” initially. Emphasizing the explainability features
(as discussed) and providing training on how to
interpret the AI’s suggestions is crucial 28, The team
should be involved in setting up validation checks and
thresholds they are comfortable with. Early phases
might use Al in a recommendation mode (where it
suggests matches, but humans approve them) to build
trust. As confidence grows, it can move to a more
autonomous mode with oversight. Notably, a Gartner
survey in late 2023 found that 60% of finance teams
were still not using Al in their processes, often due to
lack of familiarity or uncertainty about outcomes. But
those who do adopt it tend to see the value quickly,
which helps in change management (success stories
internally will create buy-in).

e Scalability: As the developer grows (more projects,
more transactions), the system should handle the scale
251 Cloud-based Al services can scale processing on
peak days (like if a lot of payments come in on a
deadline). The architecture can be made modular - e.g.,
adding a new bank account or project should be as
simple as configuring a new data source, rather than
altering code. A multi-entity reconciliation engine
should handle consolidation as well - for example, at
corporate level, the CFO might reconcile across all
projects to ensure total cash flow matches the sum of
project cash flows (this is more straightforward once
each project is reconciled, but the system can roll-up
the data).

In implementation, it’s often wise to use an iterative
approach: automate the low-hanging fruits first (like
straightforward 1-1 matches and data imports), then
incrementally apply ML to the harder cases.Early wins (like
“we automated 80% of matching in Project X this month”)
will provide momentum to tackle the trickier parts (like
parsing every type of email or implementing full anomaly
detection).

By carefully addressing these considerations, a real estate
developer can successfully deploy an Al-powered
reconciliation system that integrates smoothly with their
operations. The end result is a robust, real-time financial
control mechanism that not only saves cost and time but
also fortifies governance. The finance team transitions from
spending most of their time on rote tasks to focusing on
exceptions and strategic analysis - effectively becoming
custodians of insight rather than data janitors.
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Conclusion

Automating financial reconciliation with Al and ML can be
a game-changer for real estate developers, especially under
stringent frameworks like RERA. This research has
highlighted how an Al-powered solution can extract data
from any format, intelligently match transactions across
accounts, and continuously verify compliance with
regulations - all with minimal human intervention. By
replacing spreadsheets and ad-hoc manual checks with an
integrated intelligent  system, developers gain a
comprehensive, real-time view of their project finances.
Discrepancies that once took weeks of detective work to
find can now be spotted and resolved immediately, before
they snowball into bigger issues. “Al-powered revenue
reconciliation” is not just a catchphrase but a tangible
solution n to long-standing problems. It automates the grunt
work of gathering and comparing data from bank
statements, CRMs, emails, and PDFs - no matter the format,
as we set out to demonstrate. It extracts, matches, and
verifies transactions with a level of speed and precision
humans cannot achieve at scale. It identifies discrepancies
and potential frauds in real-time, helping developers fix
issues proactively. And it provides customizable workflows
and dashboards so that each organization can tailor the
system to its operations and monitor what matters to it. In
the process, it reduces manual errors, accelerates cash flow
insights, and strengthens financial control. The message is
clear: for real estate developers looking to future-proof their
finance operations and meet strict regulatory obligations,
embracing Al-driven reconciliation is a wise move. It
marries cutting-edge technology with robust financial
practices, turning a once-painful reconciliation process into
a streamlined, intelligent workflow that adds value across
the organization.
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