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Abstract

Configuring urban hydrological models, such as the Storm Water Management Model
(SWMM), for operational use remains onerous for many modellers. We propose aiswmm,
a SWMM-specialized agentic runtime, together with an Agentic SWMM workflow that
embeds (Agent) Skills and Model Context Protocol (MCP) tools to automate QGIS pre-
processing, SWMM configuration, execution, and postprocessing. We demonstrate this
natural-language triggered workflow on the Tod Creek watershed (located on the Saanich
Peninsula, British Columbia). We also validate the proposed Agentic SWMM workflow at
three levels: (i) a QGIS-based watershed-pour-point detection that agrees with the com-
mercial PCSWMM® method to within 0.88% of the watershed perimeter (approximately
7.5 pixels in the digital elevation model); (ii) byte-identical SWMM output files (Secure
Hash Algorithm 256-bit identical) between the command-line execution and the MCP paths
across 60 paired simulations, and (iii) peak inflow at the watershed outlet matching to
three significant digits between the manual SWMM interface and Agentic SWMM work-
flows. The results confirm that Agentic SWMM workflow can produce the same outputs
with the manual SWMM interface, as they are designed to use the same computational
engine. We also propose a verification-first contract and byte-level audit chain that record
the inputs, parameters, and outputs of each run, thereby supporting the auditability and
reproducibility. The aiswmm runtime, Skills, MCP servers, and byte-level audit chain are
released as open source and remain compatible with mainstream agentic runtimes (Codex,
Claude Code, Hermes, and OpenClaw) to support reproducible SWMM modelling driven
by natural language.

Keywords: hydrological modelling; Agentic Al; SWMM; Model Context Protocol (MCP);
Agent Skills; agentic runtime; reproducible modelling workflow

1. Introduction
1.1. Hydrological Modelling Bottleneck—Physically Based Modelling

Hydrological modelling of urban stormwater systems remains operationally oner-
ous [1-3]. Currently, a major pain point in hydrological modelling is that physics-based
modelling software, such as Environmental Protection Agency (EPA) Storm Water Man-
agement Model (SWMM), PCSWMM® and MIKE+®, require extensive interaction be-
tween the user and the interface to constantly adjust various parameters during the
modelling process [4,5]. While the visualization capabilities are excellent and the built-
in physically based formulas make the process and results interpretable, the need for
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multiple scenarios and simulations can result in a tedious modelling configuration pro-
cess, especially during model calibration [3,6,7]. As well, users often need a significant
amount of time to understand and familiarize themselves with the interface and to debug
software errors [8,9].

Many useful Python packages have been developed and have made important
contributions to SWMM-based modelling research. For example, 'SWMManywhere’
supports the generation of synthetic urban drainage network models and SWMM in-
put files from publicly available geospatial data. This makes it possible to conduct
preliminary urban drainage network forecasts in scarce data areas [10]. ‘PySWMM’
provides Python-based access to the SWMM engine, enabling runtime interaction, pa-
rameter modification, optimization, control, and postprocessing [11]. Recent studies
have also coupled PySWMM with optimization libraries such as “pymoo’ [12] for auto-
matic SWMM calibration. As well, ‘swmm_api’ (Python toolkit) can support SWMM
setup, editing, analysis, visualization, sensitivity analysis, and calibration [2]. These
open-source Python packages have significantly reduced the complexity of user interface
operations, but they are primarily geared towards programmers. For normal users,
end-to-end configuration, operation, calibration, result extraction, and quality assurance
still face efficiency challenges.

1.2. Machine Learning Alternatives

Conversely, with the development of machine learning, hydrology is currently focus-
ing on various alternative models such as long short-term memory and physics-informed
neural networks, increasing their time series recognition capabilities or adding physical
constraints based on partial differential equation residuals [13-15]. This allows for the
training of data-driven models that can match physics-based models in most contexts,
thereby increasing operational efficiency. However, the defining weakness of these models
is their poor generalization ability [16]. Their near-black-box training characteristics make
accurate representation of interpretability and physical consistency very difficult, often
leading to overfitting issues in data scarce situations [17-19]. Furthermore, these surrogate
models may be hard to interpret in terms of the physical processes occurring in real engi-
neering projects, flowrate estimation and locating low-impact developments [20-22]. The
auditability and traceability are primary requirements in operational hydrology. Physically
based modelling cannot be, and should not be, fully replaced by other surrogate models,
especially for physics informed decisions [23,24]. Machine learning model training essen-
tially learns data mapping patterns rather than truly understanding the physics [21,25].
These limitations force future researchers to seek out methods that may compromise in-
tegrity of the physics being modelled. Therefore, since one single solution is not feasible, a
complementary strategy should be sought that retains the physics-based concepts, is an
easy-to-operate, interpretable, and auditable hydrological model. The modelling workflow
can potentially couple the Python tools described in Section 1.1, as well as eliminating
learning barriers.

1.3. Agentic Al, Agentic Runtime, and Model Context Protocol

Currently, various Agentic Al technologies are flourishing. Unlike conventional chat-
oriented systems (e.g., ChatGPT or Gemini) that primarily optimize for natural-language
responses, the Agentic Al differs from a chat assistant in that it can plan multi-step actions,
call external tools (e.g., web retrieval, scripts, application programming interfaces, file
operations), observe their outputs, and iteratively refine planning toward a user-specified
goal under explicit permissions [26]. More specifically, the agentic runtime is an emerg-
ing core execution layer within Agentic Al systems, and this core determines where and
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how the capabilities of Agentic Al are executed, constrained, and recorded. For example,
OpenClaw is a typical agentic runtime designed for complex goals [27]. It was released
by Peter Steinberger on 29 January 2026, in a GitHub repository [28,29]. As well, Hermes
(v0.8.0), a type of memory-augmented agentic runtime, was released by Nous Research
on 8 April 2026, in another GitHub repository [30]. The emergence of these agentic run-
times has significantly improved the generality of large language models (LLMs). With
the development of Agentic Al, some open-source software such as SWMM, can expose
communication methods to Agentic Al through Model Context Protocol (MCP), enabling
software invocation [31,32]. For example, Claude Code’s Agent Skills (hereafter, Skills) can
package workflows together that an agent can recognize; thus, achieving simple migration
of automated workflows [32]. The idea of automated workflows is not new [33]. Platforms
such as nodemation (n8n) provide a practical example of workflow automation, which aims
to create simple chatbots or trigger specific workflows at specific times [34-36]; however,
the configuration process is often highly complex.

To address the current pain points in hydrological modelling, we propose an Agen-
tic SWMM workflow based on aiswmm runtime, Skills, MCP, and the SWMM engine.
This enables the configuration of SWMM and the definition of user-defined plots us-
ing natural language. In addition, we verified the consistency of the entire workflow
using the Tod Creek watershed in Saanich, BC, Canada. The results show that SWMM
configured through natural language was consistent with the results configured man-
ually through the SWMM graphical user interface (GUI). This verified that the core
hydrological derivation process does not depend on the Agentic Al, but on the SWMM
engine that it invokes. This paper proposes a practical architecture that integrates the
following elements:

(i) aiswmm as a workflow execution runtime;

(ii) Skills as reusable workflow modules;

(iif) Model Context Protocol as a standard interface layer;

(iv) a verification-first traceability contract for each model run;

(v) equivalence verification between manual SWMM execution and Agentic SWMM execution.

Together, this architecture ensures that the Agentic SWMM workflow can operate the
SWMM engine and the QGIS (Version 4.0.2) engine as well as the downstream Python
scripts in a controlled and auditable manner via natural language.

2. Materials and Methods

The methodology is depicted in Figure 1 to indicate how the Agentic SWMM or-
chestrated tasks, starting with input Geo-layers data for the case study watershed. As
shown in Figure 1, we present a complete workflow that packages the multi-source data
(digital elevation model (DEM), land use, soil, rainfall) required for modelling into an
input package for Geographic Information System (GIS) MCP. End users can interact with
SWMM by issuing commands via natural language as shown in the Supplementary File,
Section S1 and Figure S1. In the middle layer, we packaged SWMM'’s commands as callable
tools through MCP. Since SWMM lacks the lookup table capability to transform raw data
layers into model parameters, we generated a built-in transformation lookup table through
dialogue in the GIS MCP as well.
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Figure 1. Methodology flowchart of the proposed Agentic SWMM workflow.
2.1. Study Site

The Tod Creek watershed, which spans about 17 km?, is situated on Vancouver Island’s
Saanich Peninsula in British Columbia, Canada. The covered region is mostly rural with
a few small residential villages scattered throughout the watershed’s undulating terrain
(see Figure 2a in the digital elevation model). The 1000-1200 mm of annual precipitation
is mostly concentrated between October and March of the following year. The soil types
range from poorly draining clays to well-drained soils that are rich in organic matter (see
Figure 2b). The resolution of the digital elevation model is 27 m.
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Figure 2. Tod Creek watershed case study model input datasets for Agentic SWMM workflow
(a) DEM-derived slope (%); (b) 1984 daily rainfall (mm) and observed streamflow (m3/s); (c) soil
polygons; and (d) land-use polygons.
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The Tod Creek database contained (a) DEM; (b) soil type polygons with texture at-
tributes; (c) land-use polygons (zoning-style categories used as a land-use proxy); and
(d) 1984 rainfall records (daily totals in units of mm). For demonstration purposes, a
lumped model representation of Saanich was used to validate the end-to-end workflow. The
outlet location was selected algorithmically on the DEM boundary (minimum elevation can-
didate) to obtain a consistent reference outlet or pour point for the stormwater simulation.

2.2. Methodology of Agentic SWMM System

This research compiles the SWMM command-line programme (v5.2.4) from the EPA
SWMM source code on macOS and executes simulations using the standard command
“swmmb <inp> <rpt> <out>". Our SWMM Skill workflow automatically creates a separate
run directory for each run, uniformly saving the input file (INP), report file (RPT), and
binary output (OUT), and additionally, the swmm-runner Skill, thereby generating a
manifest file as shown in the Supplementary File, Section S2 and Table S1. The biggest
difference from the traditional user interface approach is that while users can see the
modifications made in a GUI, this manifest, based on aiswmm (Version 0.6.4), is mandatory
and written into the swmm-runner Skill. The manifest records the software version, key
user configurations and parameter mappings, rainfall event information, and a summary
of key results (such as continuity error, peak flow, etc.); thus, achieving transparency,
reverse tracing, and auditability for each numerical experiment. There are two continuity
errors that are separately tracked in the SWMM report file: the percentage mass-balance
errors for runoff, and for flow routing. The magnitude of these two errors reflects the
volumetric balance of surface runoff generation and the numerical stability of the hydraulic
routing [37]. In addition, the same SWMM input file is run synchronously in the SWMM
GUI, and the consistency of key indicators and resulting statistics is used as the basis
for equivalence verification. This verification ensures that the automated command-line
process and the GUI run are consistent in terms of numerical behaviour. After establishing
this equivalence, we invoke the SWMM MCP via natural-language instructions that specify
the original locations of the required datasets, trigger automated execution and call the plot
Skill to generate the runoff comparison results shown in Section 3 of this paper.

2.2.1. aiswmm

We proposed a new agentic runtime, called aiswmm, for reproducible SWMM mod-
elling. The aiswmm is used as an orchestrator that executes commands, reads and writes
artefacts, and invokes external programmes in a controlled environment. As shown in
Figure 3a, we detail the architecture of the aiswmm runtime and its six core components
loop. The runtime loop is inspired by ReAct [38] but emits structured tool calls (OpenAl
function calling) instead of parsed text actions [39,40]. This architecture fundamentally
and strongly constrains the tool-calling capabilities of LLMs. In this runtime, we force a
five-layer execution-control harness or rule system (Figure 3b) that determines when the
agent may auto-execute and when it must pause and defer to the human modeller’s selec-
tion [41,42]. Hence, the aiswmm runtime cannot execute arbitrary commands, and is specif-
ically designed for auditable, reproducible, and traceable SWMM modelling environment.
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Figure 3. Conceptual design diagram for aiswmm runtime from structure perspective and safety con-
trol perspective for Agentic SWMM workflow. (a) The aiswmm runtime structure and (b) a five-layer
rule system illustrating how the system controls tool calls and prevents uncontrolled execution.

Within this work, aiswmm does not replace SWMM, but instead standardizes the ex-
ecution and bookkeeping around it. It is currently compatible with most LLMs through
application programming interfaces keys; thus, enabling the analysis of complex tasks. In our
case study, we use OpenAI GPT-5.5 Thinking [43], with the model identifier gpt-5.5-2026-04-23
as the primary model of aiswmm. In practice, aiswmm workflow is triggered by a natural
language prompt. This will invoke the available Skills and orchestrate the MCP service to run
the SWMM engine automatically and generate model outputs. The natural language prompt
input format we recommend is shown in the Supplemental File Figure S2.

Note that, swmm-gis, swmm-runner, and swmm-plot in the prompts are Skill modules
(tool bundles). The Skills formalize domain knowledge and modelling procedures as
standard operating procedures; therefore, the workflow does not require high quality
user prompts. The dependence on the overall prompting process is significantly reduced
because the capability boundaries, parameter structure, and output formats are all “well
designed” by the Skill/MCP interfaces. As a result, the LLM does not need to guess the
user’s meaning, which maximizes portability and reproducibility, as well as minimizes
LLM hallucination.

2.2.2. Model Context Protocol

MCP is a protocol that allows Al models to call external tools, read files, run models,
access databases, or execute certain local functions through a unified interface [44,45].
Traditional wrappers are typically designed for developers, and they mainly aim to sim-
plify the invocation of specific functions, commands, or software interfaces. Compared
with wrappers, MCP goes beyond simply encapsulating existing software functionality
one-to-one. It provides a standardized protocol layer for Agentic Al; thus, supporting not
only tool execution but also tool discovery [46,47]. The agentic runtime is able to identify
available tools, understand their functional descriptions, read the input schema, and invoke
different software capabilities through a unified interface. Under this design, SWMM, QGIS,
Python scripts, and other external utilities are wrapped as tools. Each tool is discoverable,
invokable, and orchestrable [47]. This enables cross-software communication and workflow
coordination. Note that the current MCP layer runs on JSON-RPC 2.0 over stdio [32].

In this case study, mainly three MCP servers are used: (a) swmm-gis-mcp for DEM data
preprocessing; (b) swmm-runner-mcp to generate inputs, run swmmb>, extract quantities
of interest and continuity metrics; and (c) swmm-plot-mcp to read INP/OUT artefacts
and produce figures that conform to a fixed user’s specification. Moreover, aiswmm can
orchestrate MCP services after configuring the application programming interface keys
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of any large language model. Therefore, users can use LLM to configure the required
MCP services for different analysis scenarios, such as pollutant diffusion or water quality
modules. In this study, we only encapsulated the peak flows we were interested in to
demonstrate the overall effect of Agentic SWMM. The MCP services can be customized,
recreated, and adjusted according to the needs of end users (such as adjusting quantity
of interests like water quality or any function available in any software if they have an
application programming interface). However, the current validation in Section 3 mainly
supports peakflow outputs and should not be interpreted as a complete validation of all
SWMM outputs. Table 1 shows an interface catalogue for a SWMM-focused MCP toolchain.

Table 1 lists six MCP tools designed for the entire Agentic Al workflow.

Table 1. MCP tool interface specification for the Agentic SWMM workflow.

MCP Server Tool Name Required Inputs Outputs Units/Assumptions Failure Modes
subcatchments.shp; Lavers in Required output
dem (path); flow.shp; . oye S. layer missing in
. . X . . EPSG:XXXX; outfall .
swmm-gis-mcp qgis_package_final_layers outGeojson (path); slope_percent.tif; manually selected in QGIS dir; CRS
outPng (path) outfall.shp; QGISy/ GRASS mismatch; output
overview.png; path not writable
inp (path); JSON manifest; Flow units follow SW?;H;S. Tli%?fhnflj
swmm-runner-mcp swmm_run p \path); writes INP FLOW_UNITS SEEQES, TU o
runDir (path) rpt/out/log /manifest (CMS — m3/s) writable; nonzero
pt/out/log/mantes s return code
peak in SWMM flow RPT parse mismatch;
swmm-runner-mcp swmm_peak rpt (path) JSON: node, peak, units; time in node not found and
- timeHHMM, source report timebase retu'rn r}ull;
encoding issues
JSON: runoff table; SWMM report C;T;r;uty zi‘(s)zlr(s
swmm-runner-mcp swmm_continuity rpt (path) routing table; units; continuity . ghp
continuityErrorPct in percent mismatch across
SWMM versions
Same as continuity;
SWMmM-runner-m wmm_ compar rpt (path); JSON: aErr, bErr ercent (%) different INPs/steps
urnermep s -compare rpt2 (path) (headline continuity) pere ? and return expected
differences
ouT
inp (path); . . . Rain as mm /At missing/corrupt;
swmm-plot-mcp plot_rain_runoff_si out (path); wrlteiPNtCIi,n] SON: (default 5 min); flow TS_RAIN missing;
outPng (path) oroutng m?3/s if CMS swmmtoolbox

missing; font fallback

2.2.3. Skills

Beyond MCP, Skills package scripts, configuration, and conventions for specific tasks
or workflow (e.g., SWMM input/report/binary output files Via MCP, running SWMM,
extracting outputs, and producing figures). This packaging ensures the workflow can be
repeated and shared with minimal manual setup. From the perspective of the Agentic
SWMM workflow, the Skills are an important complement to MCP, and they work as a
standard operating procedure to tells the agent what procedure should be followed. This
is because MCP primarily addresses tool discovery and invocation, rather than how the
tools are called in a specific order; for example, from SWMM execution to result extraction,
and then to plotting. Without Skills as a soft constraint, the quality of runtime results can
easily lead to a high dependence on the quality of the prompt. We adopt Skills to render
commands of “what to call, in what order, using what specifications; how to implement
quality gates; and how to produce reproducible workpieces” into a reusable methodology.
This is shown in Table 2.
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Table 2. Agentic SWMM capability Skills catalogue (selected representative Skills, and full 14 Skills
catalogue provided in the Supplementary File, Table S2).

Skill Name Purpose Key Scripts RelatedMCP Server Main Tools Outputs
GIS/DEM preprocessing
. (pour por nt/outlet . X . mcp/swmm- - . GeoJSON pour point + DEM
swmm-gis selection) for scripts/find_pour_point.py is/serveris gis_find_pour_point roview PNG
reproducible SWMM 8 J P
workflows
Run swmmb5 swmm_run, .
reproducibly and extract mcp/swmm- swmm_peak, run directory:
swmm-runner ya . scripts/swmm_runner.py . L rpt/out/stdout/stderr/
peak/continuity + write runner/server.,js swmm_continuity, e .
¢ : manifest.json; metrics JSON
manifest.json swmm_compare
Publication-grade . . . mcp/swmm- . . .
swmm-plot plotting scripts/plot_rain_runoff_si.py plot/serverjs plot_rain_runoff_si figure PNG/PDF
Swmme-experiment- Auditing the Agentic . . mcp/swmm-experiment- . . .
audit SWMM runs scripts/audit_run.py audit/serverjs audit_run experiment_provenance.json

In the Agentic SWMM scenario, the Skill layer:

= orchestrates the corresponding MCP to autogenerate the SWMM inputs (INPs) file;

» runs the swmm engine, and extracts indicators such as peaks and continuity;

= performs conservation/continuity checks and GUI with command-line interface (CLI)
equivalence comparisons;

» includes built-in plotting specifications (units, axes, fonts, and window clipping, etc.)
and automatic repair rules for common pitfalls;

«  enforces standardized run directories and manifests (version, hash, parameter map-
ping, key results, plots, etc.).

Therefore, simply relying on MCP can easily degenerate into a set of “bare tools”,
which can be called but are difficult to manage and reproduce stably over a long period
of time. This also makes it difficult to quickly port the entire workflow. Skill, however,
organizes interface capabilities into reproducible experimental packages that are auditable,
shareable, and maintainable; thus, enabling workflows to run repeatedly and be reliably
reused with minimal manual setup. As well, in the data preprocessing part, because
DEM-based preprocessing is often required for hydrologic model setup (e.g., identifying a
pour point and delineating subcatchments) and EPA SWMM does not provide these GIS
functions, we implemented a dedicated swmm-gis Skill to automate this step. We use two
methods from the DEM to find candidate outlets: one is the lowest point on the boundary,
and the other is the point with the largest flow accumulation. This Skill saves the pour
point within the coordinate system as a reproducible geographic file, which can be directly
used for SWMM configuration.

2.3. Verification, Reproducibility and Repeatability
2.3.1. Verification-First Provenance Generation

The aiswmm runtime automatically generates two complementary provenance files
via Skill during each SWMM run, as shown in Table 3: (a) a runner-level manifest.json
(written directly by the swmm-runner Skill upon SWMM execution) and (b) an audit-layer
provenance file experiment_provenance.json (written by the swmm-experiment-audit Skill
in Table 1). Together, the two files record the Secure Hash Algorithm 256-bit (SHA-256)
hashes of every input INP, binary OUT, and report RPT artefact, together with the outcome
of a deterministic quality assurance gate suite (including continuity errors, peak metric
integrity, SWMM return code, and eight SWMM-specific screening rules). This ensures
that every workflow step can be traced back to a byte-identifiable run (more details are
provided in the Supplementary File Sections S2 and S4 shows an example).
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Table 3. Two provenance files written automatically on every Agentic SWMM run. Note that this is a
simplified table, and full lists are in the Supplementary File Section S2.

File Type Group What Is Included
. ) . INP path + SHA-256 hash, SWMMS5 version + return code,
manifest.json files
absolute paths of rpt, out, stdout, stderr
. . Peak inflow (node, value, time, report-section source) and
manifest.json results A .
two continuity errors with mass-balance sub-tables
experiment_provenance.json run context Schema version, workflow mode, natural-language objective
experiment Drovenance ison environment Git branch + HEAD commit + working-tree status, Python
P -P ) and SWMM versions
. . . Every run file by id, role, paths, SHA-256, producer,
experiment_provenance.json artefact index
downstream use
. . e Quality Assurance checks (pass/fail), eight SWMM
experiment_provenance.json verification

screening rules, human-decision slot

Because the Skill-level Python scripts in every Agentic SWMM run generate both files
automatically and mandatorily, they are produced independently of the agent runtime
(aiswmm, Codex, OpenClaw, Claude Code, or any other orchestrators). This independent
mechanism makes sure that the provenance files are documented regardless of which agent
triggers the workflow.

2.3.2. Verification of DEM-Based Preprocessing

Because EPA SWMM does not provide necessary GIS preprocessing utilities, we imple-
mented an automated pour-point detection routine as an independent SWMM-GIS MCP
and Skill (as shown in Tables 1 and 2) to reproduce key preprocessing steps in a traceable,
script-driven workflow, and to verify consistency against a conventional GUI-based ap-
proach (PCSWMM Version 7.7). Its pseudocode implementation logic has been included in
Section S3 of the Supplementary File.

2.3.3. Repeatability: Equivalence Validation Between CLI and MCP

In this section, we tested whether the results produced by the packaged MCP service
are numerically consistent with a direct SWMM CLI execution under identical model
inputs. Our baseline model is a lumped model with a timestep of 5 min, representing
the Chicago design storm (which is the same SWMM input structure and parameters for
hydrology/hydraulics). Note that Chicago design storm is a synthetic hyetograph with a
single peak placed at a prescribed fraction r of the storm duration [48,49]. Two different
tests were performed. In Test 1, a total of 30 parameter configurations were conducted
where the Chicago storm-shape parameter r (time to peak r € [0.30, 0.50]) is increased from
0.30 by an increment of (0.50-0.30)/30 in each run while holding all other model settings
constant [50]. Similarly, test 2 involves 30 parameter configurations where the percentage
of imperviousness (I) is varied by a factor ranging from [0.9, 1.1] while holding all other
model settings constant. Note that these parameter configurations are aimed at verifying
the equivalence between the CLI and MCP paths, not a hydrological result. The parameter
ranges and sample size only need to cover diverse, realistic SWMM inputs. Because the
equivalence is verified at the byte level, the conclusion does not depend on their exact
values. Since there are 30 configurations in each test, and we run the test in two different
ways (CLI and MCP), there is a total of 120 SWMM runs. We then compare the degree of
agreement of the computed peak flow at the outlet for each run using R? and the Nash
and Sutcliffe Efficiency (NSE). Theoretically, if the execution between CLI and MCP are
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equivalent, then R? and NSE should both be exactly 1, as the SHA-256 values of the SWMM
input and output files (Section 2.3.1) should be byte-identical (excluding timestamp fields).

2.3.4. Reproducibility: SWMM GUI vs. Agentic SWMM

To verify cross-system consistency, we manually recreated the baseline model
in the SWMM GUI and note that the baseline model is generated by the Agentic
SWMM from the user prompt. After the manual configuration, we ran the SWMM
GUI and compared the results with the Agentic Al generated baseline model to verify
whether its ability to automate configuration using natural language was consistent
with manual configuration.

3. Results
3.1. Verification of Data Preprocessing Tools

Because SWMM itself does not integrate DEM-related GIS preprocessing functions,
we implemented “automatic pour point identification” as an independent SWMM-GIS
Skill to extract key spatial features before modelling. Specifically, we used QGIS Processing
(grass:r.watershed invoked through Agentic SWMM) to compute D8 flow direction and
accumulation across the DEM and select the stream cell with the maximum upstream
accumulation as a candidate pour point, which is automatically output as a point.

Figure 4a shows the DEM visualization generated by the Agentic SWMM-GIS Skill.
The automatically identified candidate pour point is shown as a red mark. The right panel
visualization of the pour point location in the same area was generated in PCSWMM using
manually identified pour points from [49]. The results show that the two methods exhibit
high consistency (with 0.88% error and within approximately 7.5 DEM pixels) in spatial
location and topographical consistency, indicating that Skill can stably produce pour point
results similar to those of the traditional GUI workflow.

48.558°

48.534° i)

Latitude

48.510° |

48.486° ]
-123.474° -123.455° -123.437° -123.418°
Longitude
I Flow path s Pour point (outfall) l

(a) (b)

Figure 4. The comparison of the boundary outlet detection and plot (a) pour-point generation
via Agentic SWMM via swmm-gis Skill; and (b) the pour-point (red triangle) generated with the
PCSWMM graphical user interface.
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3.2. Repeatability: SWMM CLI and SWMM MCP

The CLI execution results are shown as black solid lines and the MCP results are
orange dashed lines overlaid on top. The complete set of 60 pairs simulation plots is
provided in the Supplementary File, Figures S3 and S4, and all the models .out files passed
the audit test and SHA-256 byte-identical. Figure 5a,b, and Figures S3 and 54 in the
Supplementary File show that the evaluation metrics, R? and NSE, are both identically 1.0
(SHA-256 byte-identical, and tolerance = 0), demonstrating consistent outputs across all
60 simulation pairs. Therefore, we can reasonably conclude that the model called by the
MCP server and the model used via the command line through the CLI port are consistent,
and that the core hydrological computation based on aiswmm is entirely based on the
SWMM engine rather than the large language model itself. Furthermore, the SHA-256
hashes of the manifest.json files for both tests are all identical; the return code is all 0, and
max | AQpeak | = 0.0, proving that the CLI and MCP have completely identical INPs (same
hash). Further indications of the robustness of the MCP service are shown in Table S2 in

the Supplementary File.
0 Test1 r=0.30 0 Test1 r=0.40 0 Test1 r=0.50
c<
s E 25 25 25
>
g3 3+ 3
o2 2 2
®
31 1t 1
w
0 0 0
(a)
. Test2 I, =0.90 . Test2 Iy =1.00 . Test2 I =1.10
£
S E 25 25 25
=
g3 3t 3
S2 2f 2t
®
E1r 1+ 1t
w
0" 50:00 1300 16:00 7000 O 10:00 1300 16:00 7500 O 10:00 13:00 16:00 19:00
(b) Time Time Time
—— CLI (swmm5) === MCP (swmm-runner) B Rainfall (S1)

Figure 5. Computed hydrographs at the outlet from six parameter configurations, demonstrating the
byte-identical results (excluding the timestamps) between the Model Context Protocol (orange dashed
line) and command-line interface (black line) execution modes: (a) the three parameter configurations
result pairs for Test 1 and (b) the three parameter configurations result pairs for Test 2 using the
methodology described in Section 2.3.2. The complete set of results of 60 pairs (120 runs) is provided
in the Supplementary File, Figures S3 and S4.

3.3. Reproducibility: Agentic SWMM and SWMM GUI

Using identical INPs, we conducted equivalence verification on two execution paths.
Figure 6a shows the GUI display obtained through manual parameter configuration and
execution using the traditional SWMM graphical user interface. Figure 6b shows the
workflow from Figure 1, entirely driven by aiswmm through a natural language dialogue,
utilizing the SWMM Skill and MCP toolchain. Agentic Al automatically generates/ verifies
inputs from the original dataset, calls swmmb5 to execute simulations, and extracts key
outputs. As the comparison in Figure 6 shows, the peak flow results obtained from both
paths are completely identical, indicating that the aiswmm-driven SWMM modelling
approach is consistent with SWMM GUI execution. Not surprisingly, the two approaches
yield identical peaks to three decimal places, but they are not bit identical. This is because
of the subtle differences in node naming, junction name, and modelling procedures during
manual modelling that can lead to different SHA-256 values. This indicates that in the
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current Al age, the Agentic SWMM workflow can produce peak values that are identical
with SWMM GUI execution (to within three decimal places) thereby, greatly expanding
the model’s usability. To test the scalability of the Agentic SWMM workflow’s generic
modelling process beyond the Tod Creek case study, we additionally validated its core
modules on three external SWMM benchmarks:

(i) the Tecnopolo January-1994 prepared-input case from [51,52];
(ii) the TUFLOW-SWMM Module 03 coupled benchmark [53]; and
(iii) the Generate_SWMM_inp INP-derived adapter case [54].

o

0
EE F 3E T
£ E 208 £ £ 20t
= st ©= s0f
4o Manual SWMM GUI Q. = 3.366 m¥is 40F Agentic SWMM Qo = 3.366 mls
3s5f 35f
. SHA-256: c0672c3c . SHA-256: 90d2e4bb
Z 30t 2 30t
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Time

(a)

(b)

Time

Figure 6. (a) Equivalence between manual SWMM graphical user interface execution and (b) natural
language-driven Agentic SWMM execution at the Tod Creek watershed outlet (node O1, 25 May 1984
Chicago design storm with peak-time r = 0.40). Peak inflow matches to three significant figures.

In each benchmark, we audited the artefacts: manifest.json and experiment_provenance.json
against the published reference outputs. The validation scope and conclusions are reported
in the Supplementary File, Section S5.

3.4. Verification-First Provenance

Figure 7 is an additional audit example showing the SHA-256 comparison between
Figure 7a,b. The inconsistencies observed are caused by LLM scripts at the generation level.
Both panels were labelled as r = 0.40 and appear visually consistent, while the SHA-256
prefixes are different ("90d2e4bb. .." vs. '44667e8f. . .").

(b
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Figure 7. The auditing process detected a Secure Hash Algorithm 256-bit byte-level inconsis-
tency caused by LLM hallucination. (a) Byte-level consistency check between the original Model
Context Protocol execution mode and command-line interface; and (b) inconsistency between the
LLM-generated Python script way and command-line interface execution results.
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After reviewing the manifests, we found that two independently generated Python
scripts selected different nearest parameter values at the Tod Creek watershed outlet
(node O1, 25 May 1984 Chicago design storm with peak-time r = 0.40). Figure 7a selected
r = 0.39655, and Figure 7b used r = 0.40345 (details are provided in the Supplementary File,
Section S6). Both values were rounded to r = 0.40 in the figure labels, which masked the
underlying difference. This finding shows that the two manifests (provenance) are not
only a passive record of model execution but can also detect inconsistencies before they are
entered into the final scientific record, hence, we call this a verification-first contract. This
result also proves our MCP is more stable than an ad hoc Python script. There are further
auditing/testing case reports that can be found in the Supplementary File, Table S3 (unit
inconsistencies) and Table S4 (different observation times).

4. Discussion
4.1. The Explainable and Auditable Results

The interpretability of our results does not arise from Agentic Al itself or from the
underlying LLM. Rather, interpretability is grounded in the physical model and its explicit,
inspectable input/output files. In our framework, SWMM constitutes the computational
core: all hydrologic calculations are executed by SWMM, while the Agentic layer is re-
sponsible for orchestration, tracking, and standardized output generation. To mitigate
LLM hallucinations, we first established the full end-to-end workflow prototype and then
performed manual checks to confirm consistency between automated and reference runs.

Not surprisingly, all LLM-driven workflows, including aiswmm and other agentic run-
times such as Codex, Claude Code, and OpenClaw, inherently translate natural language
prompts into tool calls in non-deterministic ways [55,56], which may lead to subtle but real
inconsistencies in the executed workflow [57]. This is a well-documented characteristic of
LLM-driven systems. Therefore, we designed a verification-first provenance mechanism (as
described in the two audit files included in Section 2.3.1 and Supplementary File Section 52)
that records the identifying source of each execution run using SHA-256. The two JSON
files ensure that the key information of each run is documented and can be traced,
facilitating reproducibility.

The aiswmm runtime mechanism also makes the entire workflow become auditable
and reproducible. The aiswmm runtime loop shown in Figure 3a was built specifically for
the SWMM engine, and Figure 3b indicates when the runtime should stop and when to
ask users for more input, rather than executing arbitrarily. Beyond the two audit files, as
shown in Figure 3a, the runtime also produces a session_state.json, capturing the agent
loop state (goal, plan, tool calls, failures) for cross-session referencing.

4.2. Minimized LLM Model Hallucinations in Hydrology Domain

LLMs must be applied to stormwater hydrology in a safe manner [58,59], and a purely
black-box approach to using Generative Al may violate physical laws due to LLM hal-
lucinations [20,21,40,60-62]. In our work, as shown in Figure 1, the LLM hallucinations
are minimized through three layers of defence: (a) the runtime layer that places a hard
constraint on the LLM’s action space through a registered, schema-validated tool list;
(b) the MCP interface layer that declares structured tool signatures that the LLM can reason
about; and (c) the Skill layer that encodes SWMM-specific domain constraints; for example,
‘the peak is always read from Node Inflow Summary, never from Node Depth Summary’.
Hence, the runtime will execute the deterministic Python implementations rather than
those temporarily generated by the LLM. The aiswmm runtime orchestrates which Skill to
invoke, and then the Skill decides how the SWMM operation is performed. In this work, we
also packaged the entire Agentic SWMM workflow as a standardized Skill with mandatory
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artefacts and quality gates (e.g., continuity diagnostics and consistent quantity-of-interest
definitions), improving portability and substantially reducing the errors caused by LLM
hallucination. In practice, while poor prompting can lead to variability in how non-expert
users specify tasks [63], the Skill constrains execution to validated procedures and specifi-
cations, thereby minimizing the workflow failures caused by ambiguous or low-quality
prompts. Also, Skills and MCP are portable [32]; they can run with any agentic runtimes
(Codex, Claude code, Hermes, OpenClaw, and, etc.). However, these constraints are still
soft, and they may still operate at the prompt-injection level for the Al agent or LLM [63,64].

4.3. The Transferability and Irreplaceability of Expert Experience

The goal is not to replace SWMM or the modellers, but to make SWMM-based mod-
elling easier to reproduce, audit, remember, and trust. In the current Al age, we found
that the hydrological modelling process and part of the human-specific modelling expe-
rience can be standardized through Skills (Table 2), and the MCP (Table 1) can provide
available tools for the agentic runtime. However, expert involvement remains significant
for verifying auditing reports and assessing their physical meaning. Agentic SWMM helps
automate tedious tasks, but it does not replace expert judgement. Hydrologists” experience
and judgement can and must be extended to the existing aiswmm runtime as needed (as
shown in Figure 3b), which means that we not only need to verify the report but also need
to track the computational behaviour of the agentic runtime [65]. We can add new deter-
ministic SWMM diagnostic rules to make the agentic runtime traceable, transparent, and
trustworthy. However, a trade-off between flexibility and stability needs to be considered
and properly designed [42]. For example, should shell permissions be granted to the run-
time [66,67]? Should we relax the permissions to allow the LLM to automatically complete
extremely important urban drainage network information, such as invert elevation? Should
we let the model run first and then review the record afterward [68]? We need to balance
this tradeoff within an acceptable level of LLM hallucination [69] for hydrological field.

4.4. Limitation

First, the Agentic SWMM workflow is still under active development and testing. This
work focuses on the operational layer of SWMM-based modelling rather than its theoretical
formulation. We built the Agentic SWMM workflow around the SWMM engine, and none
of the SWMM governing equations or numerical schemes have been modified; all hydraulic
and hydrologic computations remain those of EPA SWMM 5.2.4. We do not seek to replace
SWMM or software assembly processes but rather attempt to propose a new pipeline for
hydrological modelling in the current Agentic Al age in a safe manner.

Second, in this latest research, we found that building the urban pipeline network
system presents some challenges. This is not only due to the scarcity of real urban pipeline
network data, but also because expert experience is needed to estimate parameters, such
as those in the parameter mapping tables. Therefore, modellers may need to partici-
pate in re-customizing the existing Skills and MCP. As the hallucination of LLM comes
from its generation mechanism [70] and training method, it cannot be eliminated just by
prompt injection or changing the hyperparameters (e.g., temperature) [40]. The runtime,
MCP tool whitelist, parameter schema, audit logs, and continuity checks essentially re-
strict the free-flowing behaviour of LLM within an inspectable, traceable environment,
thereby minimizing and tracking errors to satisfy the needs of operational hydrology or
computational hydrology.

Third, aiswmm is a memory-informed runtime (we developed a memory layer for it).
It can not only perform general text-based lesson memory, similar to Hermes [30], but also
implements a SWMM domain-specific quantitative memory layer, as well as bidirectional
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connectivity with the audit layer. Therefore, logically, it forms a closed loop: aiswmm
memory layer — aiswmm decision layer - SWMM execution — audit — aiswmm memory
layer. The data from the memory layer are stored as plain text files JSONL, YAML, and
Markdown), with SQLite used only as an optional index for large stores rather than as the
primary store. The audit layer can now produce Markdown format documents, thereby
completing subsequent analysis using Obsidian [71]. However, the verification of the
effectiveness for this memory informed structure needs time and real SWMM project
data support. Therefore, although we have built this memory-informed framework in
aiswmm v0.7.1, it has not yet been sufficiently validated. Therefore, it was not completely
demonstrated in the paper.

Finally, uncertainty quantification was not demonstrated in the main results. The
open-source repository already provides preliminary support; however, an uncertainty
quantification (such as a watershed-entropy-based metric [72]) module needs to be incor-
porated into the current workflow. Additionally, Skills and MCP need to be established
and extended for subcatchment partitioning.

5. Conclusions

The overall Agentic SWMM workflow described in this paper suggests that Agentic
Al offers great operational potential for hydrological modelling in place of traditional GUI
modes of parameter modification. Agentic Al runtime can orchestrate tool-based work-
flows (via Skills and MCP) and potentially across multiple software systems to execute,
verify, and reproduce hydrological modelling tasks beyond conversational responses. This
paper details how the aiswmm architecture, leveraging mainstream MCP services and
Skills, can potentially replicate the previously manually driven GUI operation process. This
application-level implementation greatly facilitates subsequent researchers or users unfa-
miliar with model deployment and operation to configure and audit their own hydrological
models in a very short time.

Our novelty lies in proposing an automated, auditable, and reproducible Agentic
SWMM framework for stormwater modelling. Our work is not only in designing the MCP
tools and Skills for SWMM, but also in verifying the equivalence between Agentic SWMM
and manual SWMM GUI workflow. Also, the verification-first mechanism can better help
researchers understand the performance of Agentic Al and use Al in a safe manner for
hydrological modelling in the current Al age.

The contributions of this work are not only in making the hydrological modelling
configuration process simpler and more trustworthy, but also in providing a suitable and
appropriate framework for leveraging the capabilities of Agentic Al in the hydrological
modelling domain. Potentially, transferring the orchestration capabilities of Agentic Al
into our field can better support the understanding of hydrological modelling processes.
This is a practical attempt to integrate agentic AI with hydrological modelling, that is both
automated and auditable, rather than treating automation and reproducibility as competing
goals. Future work will focus on letting the Agentic SWMM workflow learn from its own
audited history (memory-informed), turning past modelling experience into guidance for
new watersheds.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/aieng1010005/s1, Figure S1: aiswmm (v0.6.4 alpha) architecture and CLI
as well as model informed memory layer for future research, and flowchart (by GPT image 2.0) on
GitHub; Table S1: Run Manifest Schema for Reproducible SWMM Execution; Figure S2: The natural
language prompt input format; Table S2: Complete OpenClaw SWMM capability catalog: 14 Skills,
11 MCP servers; Figure S3: The NSE, R? values for Scenario A, compared with SWMM CLI and
SWMM MCP via aiswmm; Figure S4: Computed hydrographs at the outlet for the upper and lower
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EPA Environmental Protection Agency
SWMM® Storm Water Management Model

MCP Model Context Protocol

CLI command-line interface

GUI graphical user interface

DEM digital elevation model

GIS Geographic Information System
INP/RPT/OUT SWMM input/report/binary output files
LLM large language model

SHA-256 Secure Hash Algorithm 256-bit
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