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Abstract

Housing affordability is one of the main aspects required for sustainable development and
society. However, the timely delivery of new homes is often constrained by the need to upgrade
and expand essential infrastructure such as water and electricity networks. For water utilities,
responses to growth typically involve intensive hydraulic analysis to assess water distribution
systems (WDS) capacity, identify upgrade needs and evaluate options for system extensions.
This process becomes significantly complex and resource-intensive under high growth condi-
tions, where a higher volume of faster answers is required to address a wide range of uncertain
future scenarios. This paper presents a concept of using generative artificial intelligence (Gen AI)
integrating with hydraulic models to form an AI Agent to support WDS design. Specific features
of Gen Al used within the hydraulic agent are discussed. A real-life case study demonstrated that
the AT agent can analyse land development requests, trigger hydraulic simulations and identify
augmentation needed, significantly reducing manual tasks. This offers a breakthrough strategy
for water distribution system design and planning to enable sustainable water infrastructure
development.

Impact statement

This paper introduces an innovative approach that combines generative artificial intelligence
with hydraulic models to transform how water utilities respond to rapid urban growth. By
automating capacity assessments and infrastructure augmentation planning, the integrated Gen
Al-hydraulic tool significantly reduces manual workload while maintaining engineering and
water utility standards. This proposes a significant step-change in how water utilities implement
the modelling and design of water distribution systems.

Background of WDS planning and design

Water distribution systems (WDS) are a fundamental component of urban infrastructure. It is
designed to ensure communities have access to clean water with adequate pressure. For most
developed countries, water infrastructure is well established since the nineteenth century
(Fletcher et al., 2017) and continues to reliably supply customers. Planning and design of water
systems to support sustainable development (i.e. housing affordability (United Nations Eco-
nomic Commission for Europe (2021)) and future growth in the current time, therefore, mostly
focuses on identifying solutions for water network expansion. These activities primarily involve
extensive use of a calibrated steady-state hydraulic model. The steady-state hydraulic model is the
mathematical approximation of a real WDS, which simulates the steady condition of the flows in
the network at a specific point of time (i.e. steady-state simulation) or over a period (i.e., extended
period simulation) (Do, 2017). Based on two physics principles (the mass and energy conserva-
tion), the hydraulic model can estimate relatively accurately the pressure and flow of the piping
network and provide insight into the WDS hydraulic conditions. Some well-known open-source
steady-state hydraulic models commonly used for research purposes are the EPANET model
(Rossman, 2000) and Water Network Tool for Resilience (WNTR) (Klise et al., 2017).

Three main types of water distribution planning and design were identified in Walski (2015),
including master planning, capital planning and land development. The master planning and
capital planning are internal studies conducted to provide long-term planning (for master plan)
and short-term consideration (for capital plan) of water infrastructure upgrade. On the other
hand, the land development projects are the exercises conducted to answer external requests from
private developers or land rezoning authority. The level of assessment required for an individual
request varies from a simple hydraulic modelling task to demonstrate the requirement of small
main extension to complex modelling works aimed at providing practical and feasible solutions
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to the developers while maintaining service levels for existing
customers. Under high growth conditions, water utilities often face
a large volume of development proposals. This creates significant
scaling challenges for the planning team with constrained staff and
resources because planning engineers must manually configure
multiple scenarios, execute hydraulic simulations and interpret
results for each request. These manual steps limit efficiency and
consistency in delivering timely responses. Therefore, there is a
clear need for tools that enable automated interaction between
planners, hydraulic models, engineering standards and utility gov-
ernance requirements to support scalable planning workflows.
Generative artificial intelligence (Gen Al), particularly large lan-
guage models (LLM), offers a pathway to address this gap by
enabling natural language interaction with engineering tools.

Advances of Al in WDS modelling and challenges in practical
application

Artificial intelligence (AI) and machine learning (ML) are gaining
attraction in the WDS modelling domain. Most of these works
focus on improving the computational time and accuracy of
hydraulic models. For example, Bonilla et al. (2022) used a graph
convolutional network for pump speed estimation. Kerimov et al.
(2024) proposed a data-driven metamodel concept using edge-
based graph neural network (GNN) as a surrogate for a physical-
based hydraulic model. Truong et al. (2024) used GNN to improve
the estimate of pressure in WDSs. Ye et al (2022) and Yeetal. (2024)
introduced a physics-informed ML concept for reconstructing
transient pressures in pipe networks from pressure data. Although
these studies demonstrated the capability of using AI to improve
some specific aspects of hydraulic models within the range of
training datasets, the applicability to real-world hydraulic networks
with complex operational components (e.g., booster pump stations,
pressure reducing valves, pressure sustaining valve, flow control
valves, etc.) of these ML tools in water utilities to answer practical
hydraulic questions remain challenging.

Gen Al represented by LLMs, is a significant advancement in the
Alfield. Trained on vast datasets from reliable data sources, Gen Al is
capable of providing general answers as well as fundamental engin-
eering knowledge. In addition, the LLM tools, such as ChatGPT or
Google Gemini, allow users to interact with specific domain know-
ledge by natural language, making interaction with complex systems
more intuitive. Sela et al. (2025) outlined the potential benefits of Gen
Al to water utilities in data analysis, preserving system knowledge
and enhancing training and operational efficiency. However, the
study also highlighted the uncertainty in the accuracy and reliability
of LLMs in answering complicated tasks due to limited feeding
context, empirical metrics and evaluation methods. Given a strict
cybersecurity requirement in the water utility to protect confidential
data and information, third-party LLM models are unlikely to gain
access to sensitive databases or be retrained for water utility-specific
applications. This poses the need for alternative approaches to
incorporate LLMs into the daily WDS planning and design work
within the utility environment.

Hydraulic Al agent concept for WDS planning and design

Figure 1 presents a conceptual framework of an LLM-based Al
hydraulic agent that enables the automation of some WDS plan-
ning and design processes, while allowing integration with water
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utility systems. The concept demonstrates the interaction between
four components: the user, LLM, function collections and utility
databases, which can be assessed from the function collection.
Unlike publicly available Gen Al tools that generate invalidated
functions, the proposed approach relies on a curated library of
internally developed hydraulic functions aligned with the water
utility design standards and service criteria. All model calculations
remain on secured utility systems, which ensures protection of
sensitive WDS data while leveraging LLMs purely for automation
of function selection, visualisation and hydraulic result extraction
and interpretation.

The user is responsible for initiating requests in natural language
and providing additional contexts to ensure the Al receives suffi-
cient information to perform the task. For example, required inputs
for an assessment of a land division request may include the site
location, land use type, proposed number of allotments or metre
sizes. Additionally, the user is also responsible for verifying the
agent’s outputs or directing the Al to implement further analyses to
correct the outputs.

The core of the Al agent is the LLM, which is accountable for
interpreting the user request, acquiring additional data and imple-
menting actions. It utilises two built-in features of the LLM: reason-
ing and planning and function calling. The LLM “reasoning and
planning” feature typically involves partitioning natural language
questions into chains of immediate steps and subsequently gener-
ating a series of actions to achieve the request (Huang et al., 2022;
Hao etal., 2023). The “Function calling” mechanism, introduced by
Kim et al. (2024), within the context of LLM refers to its capacity to
identify and execute predefined functions to deliver precise and
structured outputs. This feature allows the LLM to handle complex
inquiries and enables the LLM to integrate with a wide range of
external systems (Wang et al., 2025).

User-defined function collection is the engine of the Al agent for
implementing WDS planning and design tasks. Each function is a
predefined block of programming script or computational tools
that takes parameters as inputs to simulate a designated result.
Function collection ranges from a simple trigger to run the
hydraulic solver, a script to direct where the data should be
extracted, to complex programs such as tracing the hydraulic grade
line (HGL) from a given node to its source at a defined time step or
an optimisation tool to determine optimal augmentation. These
functions require domain expertise and engineering technical
knowledge to develop. In addition, as the utility databases can be
assessed by the user predefined functions, this minimises the direct
exposure of water utility sensitive information to the LLMs, there-
fore, reducing the security risk concerns.

Demonstration of an Al hydraulic agent

The agent is programmed in Python language and available from
GitHub. For the LLM component, we adopted the “gpt-40-mini-
2024-2107-18” module from OpenAl via the OpenAl application
programming interface. Hydraulic simulations are performed
using the WNTR Python package as the hydraulic engine.

Case study 1: We used a land development service request as the
first case study to demonstrate the capabilities of the Al agent. A
collection of functions (listed in Table 1) was developed to assist the
Al in performing land development requests. To identify if the
existing system has enough capacity or which sections of the piping
network need to be augmented to support future water users, a
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Figure 1. Conceptual framework of the Gen Al-based hydraulic agent.
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Table 1. Example of a function collection enabling WDS planning and design tasks in the Al hydraulic agent

Function Programmed name Description

Run hydraulic simulation run_simulation() Executes hydraulic simulation and extracts results

Add demand add_demand_to_existing_node() Assigns demand value to a specific node

Hydraulic assessment identify_constraint_violation() Evaluate pressure and velocity constraints and identify
nodes and pipes that violate the constraints

Identify hydraulic profile trace_high_gradient_backpath_by_flow() Traces HGL from the demand-added node to the source

plot_HGL_comparison()

at peak demand, using graph search along the highest
gradient path

Identify pipe candidates for augmentation identify_critical_pipes_for_augmentation() Rank pipes along the HGL profile based on increase in

pressure drop from base to future scenarios or based on
head loss gradient. Select top N pipes as candidate for
augmentation

Perform augmentation augmentation_existing_network() Iteratively simulates different pipe diameters for

selected pipe(s) until performance criteria are met

hydraulic simulation triggered by the “Run hydraulic simulation”
function must be performed for two scenarios:

o The base scenario, representing the current hydraulic system
conditions, and

o The future scenario, where additional water demand from the
development is added by the “Add demand” function, repre-
sents the future system demand when the development is
supplied from the network.

https://doi.org/10.1017/wat.2025.10012 Published online by Cambridge University Press

Hydraulic performance, such as nodal pressure drop, pipe vel-
ocity, tank level, upstream and downstream pressure of a PRV, is
then compared between the base and future scenarios by the
Hydraulic assessment function. If any performance criteria are
violated, the AI will simulate possible augmentation options and
inform the user of necessary upgrades. In order to implement this
process, additional advanced tools are programmed, including
“Identify hydraulic profile,” “Identify pipe candidates for
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Figure 2. Hydraulic network model and development location in Case study 1.

augmentation,” and “Perform augmentation.” Detailed descrip-
tions of these functions are provided in Table 1.

The performance of the AI agent is demonstrated through a
real-world network example of a land division request in a subur-
ban area in South Australia, Australia. The WDS network model is
depicted in Figure 2, which consists of 28,985 nodes, 33,200 pipes,
and supplies from multiple water sources. For this demonstration, it
is assumed that 20 L/s is requested from the customer near node ID
15064 of the network. For hydraulic assessment, the following
criteria are applied:

https://doi.org/10.1017/wat.2025.10012 Published online by Cambridge University Press

e Minimum service pressure = 20 mH,

o Maximum pipe velocity < 2.5 m/s,

o DPressure drop due to the new demand must not exceed 10% of
the minimum base scenario pressure (to avoid negative impacts
on existing customers).

Figure 3 depicts the interaction between the user and the Al agent. As
can be seen from the figure, a request is raised by the user in plain
language: “Please add demand to node.” The LLM’s reasoning and
planning capabilities identify that the demanded information is
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& Welcome to the Hydraulic GPT Multi-Task Assistant &
& You: Please add demand to node 15064

® GPT: Could you please specify the amount of additional demand (in liters per second) you would like to add to node 150647
& You: 20L/s

Adding 20 L/s to node 15864...
kdded demand ©.02000 m*/s

Function: add_demand_to_existing_node
‘status’': "success', "message’: 'Added 20 L/s to node 15864.\n\nMinimum pressure in base = 33.22 m.\n\nMinimum pressure after demand = 27.65 m.\n\nPressure drop = 5.57 m (16.77%)

= GPT: I have successfully added an additional demand of 2@ L/s to node 15864. Here are the results:

—e— Base Scenario HGL
—s— Future Scenario HGL

- **Minimum pressure in base:** 33.22 m ### Next Steps
. **Minimum pressure after demand:** 27.65 m Would you like to plot the Head Grade Line (MGL) comparison between the source and node 15864, or do you want to simulate an augmentation option
L T*Prassure drop:®* 5.57 m (16.77%) & You: plot hydraulic grade line first

### Nodes Violating Pressure Constraints: Hydraulic Grade Line (HGL) Comparison

| Node ID | Base Min Pressure | Future Min Pressure | Pressure Drop (m) | Pressure Drop (¥) | 50 4

] T L [-=e e |

| 4s85 | 33.9713 | 29.1097 | 4.8616 | 14.31 |

| 4586 | 33.9587 | 29.0571 | 4.8616 | 14.32 |

| 9959 | 34.515 | 29.6735 | 4.8415 | 14.03 | a8 4

| 9960 | 34.5176 | 20.6764 | 4.8412 | 14.03 |

| 10154 | 33.9753 | 29.1138 | 4.8616 | 14.31 | z

| 14399 | 33.2993 | 28.4205 | 4.8698 | 14.62 | £

| 14300 | 33.2871 | 28.4514 | 4.8357 | 14.53 | gﬁ_

| 15864 | 33.2186 | 27.6478 | 5.57@9 | 16.77 | ]

| 227106 | 33.3127 | 28.4432 | 4.8604 | 14.62 | B

| 36014 | 34.4249 | 29.5855 | 4.8394 | 14.86 | 2

| 45754 | 34.2569 | 20.4101 | 4.8468 | 14.15 | 3]

| 66398 | 45.8046 | 48.3411 | 5.4635 | 11.93 | s

ks

®= GPT: The Hydraulic Grade Line (HGL) profile has been successfully plotted from node 15064.
You can find the HGL graph in the attached image: ![HGL Profile](hgl_profile.png).

### Next Steps

& You: show me an augmentation option
® GPT: The simulation for an augmentation option of the existing network has been successfully completed. Here are the results:
### Pipe Upgrade Summary:

| Pipe ID | Old Diameter (mm) | New Diameter (mm) |

| 66734 | 113 | 160 |
- All constraint violations have been resolved in 2 iterations.

### Next Steps
If you need further modifications, additional analysis, or have any other requests, please let me know!

Would you like to proceed with simulating an augmentation option for the existing network to supply additional demand, or is there anything else you would like to do?

Figure 3. Case study 1: Demonstration of the Al agent responding to a land-division request.

SWSlid 9bpLIquID)
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& You: download data from logger 1308882 from 15/2/2025 to 16/2/2025

®= GPT: The data from logger 1308882 has been successfully downloaded for the specified date range (15/02/2025 to 16/02/2025). The file has been saved at the following location:
**[Download Link: data.csv](content/drive/MyDrive/Colab%2@Notebooks/Inputs/data.csv)**

Here are some preview rows of the data:

| Timestamp | value | Channel Name | Serial Number |
R | oo en e [ e e oo |
| 2025-02-15 00:00:00 | 45.0244789123535 | FP: 7614541 | 13e8882 |
| 2025-02-15 ©0:05:00 | 44.9037178410156 | FP: 7614541 | 13e8882 |
| 2025-02-15 00:10:00 | 44.9640960693359 | FP: 7614541 | 1308882 |
| 2025-02-15 ©0:15:00 | 44.9640960693359 | FP: 7614541 | 13es882 |
| 2025-02-15 00:20:00 | 45.0244789123535 | FP: 7614541 | 1308882 |
| 2025-02-15 ©0:25:00 | 44.9648960693359 | FP: 7614541 | 13es882 |
| 2025-02-15 ©0:30:00 | 45.0244789123535 | FP: 7614541 | 1308882 |
| 2025-02-15 90:35:00 | 44.9640960693359 | FP: 7614541 | 1308882 |
| 2025-82-15 ©0:40:00 | 45.1452407836914 | FP: 7614541 | 13e8882 |
| 2025-02-15 00:45:00 | 45.2056198120117 | FP: 7614541 | 1308882 |

If you need any further assistance, feel free to ask!

& You: plot field vs model data at node "7751"

&= GPT: The plot of field vs model data at node "7751" has been successfully generated. Here are the details:

- **plot Image Path:** [field model_7751_oneday Smin.png](field model_7751_oneday_Smin.png)
- ®=Scenario:** Base

### Statistics:
- **Field Statistics (m)**:
- Count: 288

- Min: 44.60 Pressure + Field vs Model on 0-24 h (single_day)

- Median: 45.02
- Mean: 45.18 46.0 1
- Max: 46.11
- Standard Deviation: ©.38 45.5 1

- **Model Statistics (m)**: 45.0 -
- Count: 288
- Min: 42.39
- Median: 43.7@
- Mean: 43.80
- Max: 44.96
- Standard Deviation: @.75

44.5 1

44.0

Pressure head (m)

43.5
- **Comparison®**:
- Bias: -1.38 m 43.04
- Mean Absolute Error: 1.38 m .
- Root Mean Square Error: 1.51m 4254 Field data
- Pearson Correlation Coefficient: 9.61 — Model (7751, base)

0 6 12 18
If you need any further analysis or actions, let me know! Hour of day

Figure 4. Case study 2: Demonstration of the Al agent downloading and comparing data.
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missing and respond accordingly. Once the user provides the required
demand (20 L/s), the AI agent automatically executes a sequence of
actions: adding the demand, running the simulation, performing a
hydraulic assessment, and identifying pressure violations. In this case,
the Al identified 12 nodes with pressure drops exceeding the 10%
threshold. It correctly plotted the HGL profiles for both base and
future scenarios at the peak demand time and identified the correct
augmentation: upsizing approximately 196 m of DN100 ductile iron
pipe (internal diameter 113 mm) to DNI150 (internal diameter
160 mm). This result well matches the outcome of an independent
assessment by a hydraulic engineer. It is noted that one of the most
common reasons a system requires augmentation is excessive pres-
sure drop caused by additional demand. Changes in minimum HGL,
which is computed as ground elevation (unchanged with the
increased demand) plus system pressure, and the related magnitude
of headloss gradient (metres of pressure loss over the length of the
pipe) indicate where the system no longer meets performance criteria
and which pipes would benefit most from a diameter upsize. Increas-
ing pipe diameter would lower flow velocity and frictional losses,
thereby improving minimum service pressure at downstream nodes.
Although maintaining minimum pressure is a key operational con-
straint, the practical output of the assessment is the required pipe
augmentation (e.g., upgraded diameter and length), from which cost
estimates can be derived and communicated to developers.

Case study 2: This second example demonstrates the agent’s role
in handling field data. We provided the agent with the logger number
of a pressure device and a defined time range and instructed it to
download the data and compare the results with the model at a node
corresponding to the logger site. As seen in Figure 4, the agent was
able to retrieve and save the logger data into a specified location. In
addition, the agent was also able to generate both visual and statistical
comparisons between the observed data and the simulated pressure
at the requested node.

Further exploration in natural language prompts, such as asking
the AT agent to execute individual tasks (e.g., adding demand at a
different node, running a simulation, or plotting a hydraulic profile
at a specified time), was implemented. In all cases, the agent
responded accurately, highlighting the potential of LLM-based
automation for WDS planning and design.

Conclusions

The application of generative Al has the potential to transform WDS
planning and design by enabling automation in hydraulic model
simulations and performance assessments. This is not intended to
replace human expertise, rather a tool that can help save time, assist
workflow scaling, improve consistency and enable engineers to focus
on higher-level decision-making. The function-calling mechanism
significantly enhances the capabilities of large language models,
allowing them to deliver complicated, accurate outputs while inter-
acting with external tools and data sources and is adaptable to meet
the water utility’s criteria. Unlike other AI approaches that rely on
statistical features or patterns from historical data, the effectiveness of
this approach relies on the development of user-defined functions,
which require domain-specific knowledge to ensure accurate ana-
lyses. While this work demonstrated some of the potential of gen-
erative Al in WDS applications, further work is required to quantify
the benefits of using this approach on a large scale, its limitations and
its potential benefits of analysing multiple scenarios to improve
decision-making under uncertainty.

Open peer review. To view the open peer review materials for this article,
please visit http://doi.org/10.1017/wat.2025.10012.
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