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Abstract
Municipal stormwater management is increasingly data-intensive, drawing on sensor telemetry, geographic information 
systems, maintenance records, and capital planning data that, in many cities, remain fragmented across departmental 
systems rather than integrated with the enterprise resource planning (ERP) platforms that manage the city’s assets, work 
orders, and finances. This paper examines how artificial intelligence (AI) and machine learning (ML) can be integrated with 
SAP enterprise systems, particularly SAP S/4HANA and SAP Enterprise Asset Management (EAM), to support intelligent 
stormwater infrastructure management within a smart city context. We describe an integration architecture in which 
stormwater sensor data, GIS asset records, and inspection findings feed AI-driven predictive models whose outputs are 
surfaced directly within SAP EAM as prioritized maintenance notifications and work orders, closing the gap between 
infrastructure condition insight and the enterprise systems municipal operations and finance teams already use to execute 
and fund maintenance work. The paper discusses relevant SAP modules and integration mechanisms, including SAP EAM, 
SAP Analytics Cloud, and IoT integration through SAP Business Technology Platform, alongside the AI/ML techniques applied 
to stormwater deterioration forecasting and flood-risk anomaly detection. A discussion of governance, data quality, and 
change-management considerations specific to municipal SAP deployments is included, along with directions for future 
research on interoperability between municipal GIS ecosystems and enterprise ERP platforms.
Keywords: Stormwater management; artificial intelligence; machine learning; SAP; enterprise asset management; smart 
cities; SAP S/4HANA; predictive maintenance; GIS integration; IoT.
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Introduction
Smart city initiatives increasingly rely on integrated data 
platforms to coordinate services across departments that have 
historically operated with separate, poorly interconnected 
information systems. Stormwater management is a particularly 
clear example of this fragmentation: sensor telemetry from 
flow and level monitors, geographic information system (GIS) 
records of pipe and inlet locations, CCTV inspection findings, 
and rainfall data frequently reside in specialized engineering 
or public works systems, disconnected from the enterprise 
resource planning (ERP) platform that a city’s operations 
and finance departments use to manage maintenance work 
orders, budgets, and asset lifecycle records. Many mid-sized 
and large municipalities and utilities run SAP as their core 
ERP platform, using SAP Enterprise Asset Management (EAM) 
to manage physical infrastructure assets and maintenance 
workflows, yet stormwater-specific condition and predictive 
intelligence generated by engineering teams often remains 
outside this system, requiring manual re-entry or informal 
communication to translate an engineering finding into an 
executable, funded work order.

This paper examines how artificial intelligence and 
machine learning can be integrated with SAP enterprise 
systems to close this gap, allowing predictive stormwater 

infrastructure insight to flow directly into the maintenance 
and capital planning processes that SAP already manages 
for a municipality’s broader asset base. Rather than treating 
AI-driven stormwater analytics as a standalone engineering 
tool, we propose an integration architecture in which 
AI/ML outputs are surfaced as structured maintenance 
notifications and prioritized work orders within SAP EAM, 
allowing stormwater assets to be managed through the same 
enterprise workflow, budgeting, and reporting processes as 
the rest of a city’s infrastructure portfolio.

The remainder of this paper is organized as follows. 
Section 2 provides background on smart city data 
integration challenges and relevant SAP modules. Section 
3 presents the proposed AI-SAP integration architecture 
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for stormwater management. Section 4 discusses the 
specific AI/ML techniques applied within this architecture. 
Section 5 discusses SAP-specific integration mechanisms 
in more technical detail. Section 6 addresses governance 
and change-management considerations, and Section 7 
concludes.

Background

Data Fragmentation in Municipal Stormwater 
Management
Stormwater engineering teams typically rely on specialized 
GIS platforms for asset mapping, dedicated hydraulic 
modeling software for capacity analysis, and separate CCTV 
inspection databases for condition assessment, none of 
which are natively designed to interoperate with a city’s 
enterprise financial and maintenance management systems. 
This fragmentation means that even when engineering staff 
produce high-quality condition assessments or predictive risk 
analyses, translating those findings into funded, scheduled 
maintenance work typically requires manual handoff to 
operations staff, introducing delay and the possibility that 
findings are deprioritized or lost in translation between 
systems.

SAP Enterprise Asset Management in Municipal 
Contexts
SAP EAM, delivered as part of SAP S/4HANA or as a standalone 
module, provides structured functionality for managing 
physical assets across their lifecycle, including equipment 
master records, preventive maintenance planning, work 
order management, and integration with SAP’s broader 
financial and procurement modules. Many municipalities and 
utilities already use SAP EAM for water distribution, fleet, or 
facilities asset management, making it a natural, if underused, 
integration point for stormwater-specif ic condition 
intelligence, since extending existing SAP workflows to 
stormwater assets avoids introducing an entirely separate 
maintenance management system that operations staff 
would need to learn and maintain in parallel.

The Role of AI in Smart City Infrastructure 
Platforms
Artificial intelligence has been applied across numerous 
smart city domains, including traffic management, energy 
demand forecasting, and public safety analytics, generally by 
ingesting sensor and operational data into predictive models 
whose outputs inform operational or planning decisions. 
Applying similar techniques to stormwater management is 
a natural extension, but realizing operational value requires 
more than an accurate predictive model in isolation; it 
requires that model outputs reach the systems and workflows 
that actually execute maintenance and capital work, which 
for many municipalities means SAP.

AI-SAP Integration Architecture for Stormwater 
Management

Architecture Overview
The proposed architecture consists of four stages. A data 
aggregation stage collects stormwater sensor telemetry, 
GIS asset data, CCTV inspection findings, and rainfall data 
into a unified data model. An AI/ML analytics stage applies 
predictive models to this unified data to generate deterioration 
forecasts, flood-risk anomaly flags, and maintenance 
recommendations. An integration middleware stage 
translates these AI-generated outputs into SAP-compatible 
transactional records, primarily maintenance notifications 
and work orders. A SAP consumption stage presents these 
records within SAP EAM’s standard maintenance planning 
and execution workflows, alongside SAP Analytics Cloud 
dashboards summarizing stormwater asset condition and 
predictive risk trends for management review.

From Prediction to SAP Maintenance Notification
A central design principle of the architecture is that AI/ML 
outputs are not simply visualized in a separate dashboard but 
are translated into structured SAP maintenance notifications, 
referencing the specific SAP equipment or functional location 
record corresponding to the flagged stormwater asset, with 
an assigned priority derived from the predictive model’s 
confidence and estimated consequence of inaction. This 
allows a flagged asset to flow directly into SAP’s existing 
maintenance planning workflow, where it can be scheduled, 
assigned, and tracked using the same processes and reporting 
structures already used for the rest of the utility’s asset base, 
rather than requiring engineering staff to manually create a 
corresponding SAP record after the fact.

Bi-Directional Data Flow
The architecture supports bi-directional data flow: in addition 
to AI-generated notifications flowing into SAP, completed 
SAP work order data, including actual repair actions taken 
and associated costs, flows back into the analytics layer, 
providing outcome data that can be used to validate and 
refine predictive model performance over time and to 
compute realized return on rehabilitation investment relative 
to the model’s original risk estimate.

AI and Machine Learning Techniques

Deterioration and Capacity Risk Forecasting
Deterioration forecasting models, typically gradient-boosted 
tree ensembles trained on pipe attributes, inspection history, 
and environmental context, estimate the probability that 
a given stormwater asset will reach a critical condition 
threshold within a defined planning horizon, providing the 
underlying risk score used to prioritize AI-generated SAP 
maintenance notifications.
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Real-Time Flood and Capacity Anomaly 
Detection
For real-time operational awareness, anomaly detection 
models applied to flow and level sensor telemetry, combined 
with short-term rainfall forecasts, flag emerging capacity 
exceedance or flooding risk during and immediately before 
storm events, generating high-priority maintenance or 
field-response notifications distinct from the longer-horizon 
deterioration forecasts used for capital planning purposes.

Computer Vision for Inspection Data
Computer vision models applied to CCTV inspection 
footage can automate defect coding for stormwater pipe 
segments, reducing the manual review burden associated 
with inspection programs and providing a more consistent, 
timely stream of structural condition data to feed into the 
deterioration forecasting models described above.

Optimization for Maintenance Scheduling
Once AI-generated maintenance notifications reach SAP, 
optimization techniques can assist in scheduling, balancing 
predicted risk, crew availability, and geographic proximity 
to bundle nearby maintenance activities efficiently, an 
optimization problem well suited to combination with SAP’s 
existing resource and scheduling data rather than requiring 
a separate scheduling system.

SAP-Specific Integration Mechanisms

SAP Business Technology Platform and IoT 
Integration
SAP Business Technology Platform (BTP) provides integration 
and extension capabilities, including IoT connectivity 
services, that can be used to ingest stormwater sensor 
telemetry and connect external AI/ML model outputs to 
SAP transactional systems through standard application 
programming interfaces, avoiding the need for custom point-
to-point integration between each data source and SAP.

SAP EAM Equipment and Functional Location 
Modeling
Effective integration depends on establishing a consistent 
mapping between GIS-referenced stormwater assets and 
SAP’s equipment and functional location hierarchy, so that 
AI-generated notifications correctly reference the SAP record 
corresponding to a specific physical asset; this master data 
alignment work is often the most significant practical effort 
in an integration project of this kind, particularly for utilities 
where stormwater assets have not previously been modeled 
in SAP at the segment level.

SAP Analytics Cloud for Management 
Reporting
SAP Analytics Cloud can be used to build management-
facing dashboards summarizing stormwater asset condition, 

predictive risk trends, and maintenance execution 
performance, drawing on both the AI/ML analytics layer 
and standard SAP EAM transactional data, providing utility 
leadership with a consolidated view without requiring them 
to consult separate engineering and enterprise reporting 
systems.

Governance and Change Management

Data Quality and Master Data Governance
Because AI-generated notifications depend on accurate 
mapping between GIS asset records and SAP equipment 
records, sustained master data governance is essential; 
inconsistent or outdated asset records in either system 
will produce misdirected or duplicate maintenance 
notifications, undermining confidence in the integration 
and, if unaddressed, prompting operations staff to revert to 
manual, disconnected processes.

Change Management for Engineering and 
Operations Staff
Introducing AI-generated notifications into SAP EAM changes 
the working process for both engineering staff, who must 
trust and act on model outputs rather than relying solely 
on manual review, and operations staff, who receive a 
new category of system-generated work rather than only 
manually created notifications; successful adoption typically 
requires structured training and a transition period in which 
AI-generated notifications are reviewed by engineering staff 
before automatic submission to SAP, gradually increasing 
automation as confidence in model performance is 
established.

Explainability for Budget Justification
Because SAP-generated work orders ultimately draw on 
public capital and maintenance budgets, AI-generated 
notifications should carry sufficient explanatory detail, 
including the contributing risk factors and model confidence, 
to support budget justification and audit review, consistent 
with the broader need for explainable AI outputs in public-
sector infrastructure decision-making.

Illustrative Scenario: From Sensor Anomaly to 
SAP Work Order
Consider a mid-sized city operating SAP S/4HANA for its 
public works department, with stormwater pump stations 
equipped with level sensors reporting into the AI/ML 
analytics layer through SAP BTP’s IoT integration services. 
During a heavy rainfall event, the real-time anomaly 
detection model identifies that a specific pump station’s wet-
well level is rising faster than the pattern predicted for the 
observed rainfall intensity, indicating a likely partial blockage 
or pump underperformance rather than simply high inflow. 
Under a conventional, disconnected monitoring setup, this 
anomaly might surface only on an engineering dashboard, 
requiring a staff member to notice the alert, manually 
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identify the responsible field crew, and communicate the 
issue outside of any formal work tracking system, introducing 
delay and creating no persistent record within the city’s asset 
management system.

Under the integrated architecture proposed in this paper, 
the anomaly detection model instead generates a high-priority 
SAP maintenance notification referencing the specific SAP 
functional location corresponding to the affected pump 
station, including the anomaly’s estimated severity and a 
brief system-generated description of the contributing sensor 
readings. This notification appears directly within the on-call 
field supervisor’s existing SAP EAM work queue, alongside 
other active maintenance items, allowing dispatch to proceed 
through the city’s standard crew assignment process rather 
than an ad hoc communication channel. Once the crew 
resolves the issue, typically by clearing a partial blockage, 
their completed work order, including labor time and any 
parts used, flows back into the analytics layer, both closing the 
loop on this specific event and contributing outcome data that 
helps refine the anomaly detection model’s future sensitivity 
for this pump station and others with similar operating 
characteristics. This scenario illustrates the practical 
difference the integration makes: not simply detecting a 
problem faster, but ensuring the detection reliably reaches 
the people and systems positioned to act on it.

Conclusion
This paper has presented an integration architecture 
connecting AI-driven stormwater analytics with SAP 
enterprise systems, allowing predictive deterioration and 
flood-risk intelligence to flow directly into the maintenance 
notification and work order processes that municipal 
operations and finance teams already use through SAP 
EAM. By treating SAP not merely as a downstream 
reporting destination but as the operational execution 
layer for AI-generated insight, cities running SAP as their 
core ERP platform can close the persistent gap between 
engineering-level predictive analytics and funded, scheduled 
maintenance action. Realizing this integration in practice 
requires sustained attention to master data governance, 
change management for both engineering and operations 
staff, and explainability sufficient to support public budget 
justification, and these considerations represent important 
areas for continued research and practical refinement as 
smart city stormwater management programs mature.
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