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Abstract: Over the last 25 years, flood research has experienced a significant transition. Researchers
and authorities used to study flood control but nowadays they focus on flood resilience. The
underlying reason is a global increase in the frequency and intensity of flood events and the
subsequent need for proactive resilience building instead of reactive disaster response. This shift led
both the scientific community and society to look for more dynamic and adaptive approaches to
environmental risk assessments, in an attempt to understand and quantify vulnerabilities. This article
studies a novel computational approach to flood resilience, integrating rule-based agent modeling
with mathematical dynamic analysis. This approach, called BRIDGES, presents a rule-based agent
system that intends to simulate water propagation along with key factors influencing flood resilience.
To this end, it attempts to analyze flood events, their emergent behavior as well as the usual
environmental responses. As a result, a promising flood risk assessment and environmental
management approach based on the combination of agent-based systems and dynamical rule-based
systems is revealed in this study. After all, civil protection authorities and researchers agree that the
aim now is to learn how to live with floods.

Keywords: agent-based modeling; computational modeling; rule-based systems; flood resilience;
environmental risk assessment

1. Introduction

Over the last two decades, communities and ecosystems have been in front of a serious threat of
flooding. Although flooding is a natural phenomenon that occurred always, its frequency and
intensity are increasing. Of course, climate change and human activities affect the phenomena. In the
past, efforts were focused on flood control through reactive disaster responses. However, nowadays,
it is clear that we all have to live with floods and learn not only how to deal with them but also how
to proactively build our resilience [1-5,7]. For instance, traditionally, dams and levees were used as
flood management strategies in the context of the authorities’ control measures. Yet, such static
approaches do not only have limitations but they do not contribute to what we should expect. In
other words, we need the shift to flood resilience because communities and ecosystems should coexist
with floods and as a result, we need proactive, adaptive strategies. Unfortunately, this is not so
simple. Flood events, and of course, their impacts are driven by complex interactions that require
dynamic environmental risk assessments.

Currently, researchers work on a variety of approaches [6,8-12], aiming to flood resilience. These
approaches include mainly hydrological modeling and community-based adaptation. However,
these approaches are primarily based on traditional modeling techniques that often cannot deal with
the flood systems' nonlinear dynamics and emergency tendencies. In this context, some voices
emphasize the need for either engineering solutions or nature-based approaches. In this diverse and
quite confusing community, this article attempts to address the challenges by presenting BRIDGES
(Building Resilience Integrating Dynamical and Agent Systems), a novel computational framework
that integrates rule-based agent modeling with mathematical dynamical analysis.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Agent-based modeling was chosen as the core technology since it is suitable for modeling
individual entities as well as their interactions. Hence, it is a technology that can deal with flood
events and their emergency dynamics. On the other hand, mathematical dynamical analysis was
adopted for the underlying mechanisms of the flood behavior and environmental responses. Hence,
BRIDGES, the proposed approach, combines Artificial Intelligence (Al) with the well-established
mathematical analysis forming a dynamic and autonomous approach that deals with resilience
mechanisms.

The primary aim of this research is to design and develop the BRIDGES computational
framework as a risk assessment tool oriented to flood resilience. More specifically, the approach aims
to simulate water propagation and flood dynamics using a rule-based agent system, analyze key
environmental factors that influence flood resilience, understand and quantify as much as possible
flood events and environmental responses through mathematical dynamical analysis and, of course,
discuss the added-value of BRIDGES as a promising flood risk assessment and environmental
management approach for civil protection authorities and researchers. In this context, the article
presents the first findings of the aforementioned research, revealing that the integration of rule-based
agent systems with mathematical dynamical analysis can be a powerful tool for flood resilience.

2. Methodology: The BRIDGES Computational Framework

This section presents the methodology of the BRIDGES computational framework. It integrates
environmental data, agent-based modeling, rule-based systems, and mathematical dynamical
analysis. In this section spatial representation, agent design, rule implementation and the coupling
of agent interactions with continuous-time dynamics are discussed.

2.1. Environmental Data and Representation

First of all, it is important to discuss the data and their representation. The BRIDGES approach
requires environment spatially data to simulate flood dynamics. To this end, the approach uses both
geospatial datasets that are publicly available and site-specific data. In this context, Digital Elevation
Models (DEMs) [13,14], providing detailed topographic information, were obtained from Copernicus
DEM [15] at a resolution of 30 meters. Additionally, land cover data were obtained from CORINE
[16], including vegetation types and urban areas. Of course, DEMs and Land Cover data can be
obtained from other sources, like MODIS [17,18], too. As far as it concerns hydrological data, they
should be site-specific. Hence, later for the purposes of the design and development of BRIDGES we
obtained data from a specific area, including daily rainfall data.

For purposes of better understanding, an example of an area is presented below. Supposing that
there is a Torrent Valley watershed, the BRIDGES model application will start with the data. Hence,
we should have available a variety of them:

e  Copernicus DEM Global 30m, downloaded as a GeoTIFF file named "TorrentValley_ DEM.tif"

The DEM's extent was clipped using QGIS to the watershed boundary, resulting in a raster with
1667 rows and 1667 columns. Elevation values ranged from 212 meters (lowest point near the river
outlet) to 1189 meters (highest peak in the north), stored as 32-bit floating-point numbers.

° CORINE Land Cover 2018, downloaded as a GeoTIFF named "TorrentValley_CLC.tif".

The CLC data was reclassified, namely Code 321 (Natural Grasslands) was reclassified as
"Sparse Vegetation" (value 1); Code 333 (sparsely vegetated areas) was reclassified as "Rocky areas"
(value 2); Code 211 (Arable land) was reclassified as "Agricultural Land" (value 3); and Code 311
(Forests) was reclassified as "Forest" (value 4). The resulting raster contained integer values 1-4.

e  Hydrological data including daily rainfall data from the "TorVal" station, recorded in a CSV file
("TorVal_Rain.csv").

An example of this dataset is the following: On November 12, 2022, the CSV recorded "2022-11-
12, 120",
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e  Streamflow data including hourly streamflow data from the "Torrent Valley Outlet" gauge,
stored in a CSV file ("TorrentValley_Streamflow.csv").

An example of this dataset is the following: "2022-11-12 14:00, 150.3" (cubic meters per second).

e A Shapefile ("TorrentValley_Roads.shp") containing polyline features representing roads and a
Shapefile ("TorrentValley_Buildings.shp") containing polygon features representing building
footprints.

e  Finally, specifications from the local water authority, including a dam height of 15 meters and a
controlled release rate of 10 cubic meters per second.

Of course, datasets should be preprocessed and integrated into a, preferably grid/network-
based, spatial framework in the sense that each grid/node will be a specific environmental unit. For
the aforementioned example the preprocessing phase is the following;:

e A raster with values ranging from 0 to 45 degrees was generated by the QGIS "Slope" tool.

e A raster with values representing the number of upstream cells was generated by the QGIS
"Flow accumulation” tool.

e  The CLC raster was reclassified using the "Reclassify by table" tool in QGIS, assigning Manning's
n values, namely Sparse Vegetation(0.08), Rocky Areas(0.10), Agricultural Land(0.05),
Forest(0.15) and infiltration capacity values, namely Sparse vegetation(2 mm/hr), Rocky
areas(0.5 mm/hr), Agricultural land(1 mm/hr), Forest(5 mm/hr).

e The "TorVal.csv" data was processed in Python to create an hourly rainfall intensity time series,
assuming a uniform distribution of rainfall within each day.

e  The "TorrentValley_Streamflow.csv" was used directly for comparison to simulated streamflow.

e  The "TorrentValley_Roads.shp" was rasterized using the "Rasterize (vector to raster)" tool in
QGIS, assigning a value of 0.04 (Manning's n) to road cells.

e  The "TorrentValley_Buildings.shp" was rasterized, assigning a value of 0.2 (Manning's n) to
building cells.

e  Finally, the dam was added to the DEM by raising the elevation of cells corresponding to the
dam location by 15 meters.

Next, the QGIS "Create Raster Grid" tool was used to generate a grid-based framework with a
cell size of 30 meters while with the QGIS "Resample" tool all rasters were resampled to the 30-meter
grid. For this purpose, the nearest neighbor method was used for the categorical data (land cover)
and bilinear interpolation as used for continuous data (DEM). Finally, each cell was assigned
attributes, namely "Elevation," "LandCover," "ManningN," "Infiltration," "Rainfall," "Road," and
"Building".

2.2. Agent-Based Modeling and Rule-Based Intelligence

This subsection presents the agent-based architecture of the BRIDGES model. This agent-based
approach is the core component of the flood dynamics simulation. In this context, agents, like the
WaterParticle, VegetationAgent, and the InfrastructureAgent, are used to represented key
environmental elements. This way, the methodology can represent complex interactions that exist
between flood propagation and resilience. The following sections discuss the attributes, behaviors,
and interactions of these agents, providing a comprehensive overview of the agent-based framework.
Yet, first, a brief discussion of Al intelligent agents is provided for better understanding.

2.2.1. Intelligent Agents and Adaptive Rule-Based Systems

As already discussed, the proposed methodology uses intelligent agents to represent the flood
system components. At this point, it is important to understand what intelligent agents are and how
they differ from traditional computational entities. Although, generally speaking, an intelligent agent
is a computational entity, it can do more. More specifically, an agent can perceive its environment. It
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actually can gather information about it pretty much like a sensor. In BRIDGES, this involves sensing
its position, the terrain slope, or the presence of other agents. An agent can also make decisions on its
private strategy, namely its rule set, and the information it perceives from the environment. In the
proposed model, these rules are, of course, based on established hydrological principles. An agent
can even make decisions about how to act. In other words, it can act upon its decisions, changing its
state or interacting with other agents and the environment. In BRIDGES this means, for instance,
moving to a new location or altering water flow. Although, agents may differ in architecture and
capabilities, for the proposed approach we adopt the use of rule-based agents. Hence, in this
approach, intelligent agents can make decisions and adapt their behavior within the constraints of
their rule-based framework. This form of intelligence allows agents to learn from their interactions
with the environment and other agents. Then, they can re-decide upon their actions to better simulate
real-world hydrological processes.

There are several advantages from this adaptive rule-based intelligence. First of all, agents can
adapt their behavior based on environmental feedback and previously learned patterns. They can
interact both with other agents, forming a multi-agent system, and the environment, simulating real-
world with better accuracy than traditional approaches. Hence, this multi-agent approach can handle
emergent patterns and behaviors that are difficult to model using traditional methods. These rules
are carefully designed to mimic the behavior of real-world hydrological processes. Agents, this way,
can respond intelligently to changing environmental conditions. Moreover, agents can represent the
heterogeneity of the environment, integrating data from various sources.

In this context, the proposed methodology adopts agents to represent the entities within the
flood simulation. In terms of computational modeling, an agent is a software entity that can perceive
its environment, make decisions, and take actions to achieve specific goals. This Al technology was
chosen because it is often used to simulate intelligent behavior in complex systems. The use of agents
in the methodology offers several advantages such as modularity, agents are self-contained entities,
flexibility, agents can be easily modified or extended, emergence, agents can lead to emergent
patterns and dynamics, and representation of heterogeneity since they have the attributes that make
them ideal for heterogeneous environments [19-21]. Table 1 presents some of the abilities that
intelligent agents have.

Table 1. Intelligent Agent Abilities.

Hydrological Model
Ability Description y 5 General Applications
Example

Image recognition,

Receiving data from & & .

. . . . sensor data analysis,
Perception Sensing environment  terrain maps (DEMs), .
environmental
land cover, etc .
monitoring

Inter-particle

. . . Social network
interactions, sharing

Exchanging information

Communication with other agents or modeling, distributed
data on local flood
systems systems
status
WaterParticle agents
adjusting velocity based
Reasoning/Decision-  Act based on rules or on terrain, vegetation, or Expert systems, financial
Making goals infrastructure. modeling
Modifying behavior ~ Agents adjusting flow Personalized

based on experience or rules based on observed recommendation
Learning/Adaptation  changing conditions patterns systems

Agents simulating
Pursuing specific responses to dam Planning and
objectives or responding operations or changes in  scheduling, resource
Goal-Oriented Behavior to event. rainfall allocation
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Following e.g."if-then" Agents adjusting Rule-based systems,
Rule-Based Execution statements movement or velocity expert systems
Understanding and
navigating withina Agents navigating a grid
Spatial Awareness spatial environment or terrain map GIS, spatial analysis
"what-if" scenarios by
modifying agent
behaviors or Varying vegetation  Risk assessment, urban
Scenario Modeling environmental density, infrastructure planning, disaster
Simulating conditions placement, rainfall etc simulation

2.2.2. Agent-Based Module Design

The complex interactions within a flood event are difficult to be represented, yet here agents
with their unique properties simulate them, providing a promising approach. More specifically, we
attempt to represent individual entities within a flood system as specific autonomous agents. These
agents have among other a rule set forming their private strategy, as a result they can capture the
dynamics of their role. The proposed agent types are three, namely WaterParticle, VegetationAgent,
and InfrastructureAgent (Figure 1). However, the approach is extendable and more agent types can
be added easily.

WaterParticle_Agent

int X Grid cell coordinate

int y Grid cell coordinate

float velocity Speed of movement

float depth Water depth

float volume Water volume

string flowDirection Direction of movement

float | potentialEnergy Potential energy based on elevation

int t ith i i
interacts_wi interacts_with

Vegetation_Agent

Infrastructure_Agent

int x Grid cell coordinate

int X Grid cell coordinate

int y Grid cell coordinate

int y Grid cell coordinate

float density Vegetation density

string type Building, Road, Dam, etc.

string type Forest, Grassland, etc.

float | manningN Manning's n value
float manningh Manning's n value

float | capacity Water holding capacity

float | infiltrationCapacity | Infiltration capacity

Figure 1. Entity-relationship diagram of the main Agents.

The following tables (Tables 2-7) present the attributes and behaviors of the main agents types,
along with the rules related to their interactions (Table 8).

Table 2. WaterParticle Agent Attributes.

WaterParticle Attributes Description
Agent
X,y Current grid cell coordinates
Velocity Speed of movement
Depth Water depth at the agent's location

Volume Volume of water represented by the particle
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flowDirection The direction the water particle is moving
potentialEnergy Potential water particle energy based on elevation

Table 3. WaterParticle Agent Behaviors.

WaterParticle

Behavi Descripti
Agent ehaviors escription

Calculates movement based on slope, velocity, and
interactions with other agents and terrain features
Detects and reacts to interactions with VegetationAgent

move()

interact() and InfrastructureAgent
lcul h infl
updateDepth() Calculates and updates water depth based on inflow
and outflow
updateVelocity() adjust velocity based on terrain, and interactions
updateFlowDirection() updates the direction of flow

calculatePotentialEnergy() Calculates the potential energy of the water particle

Table 4. VegetationAgent Attributes.

Vegetation Attributes Description
Agent
X,y Grid cell coordinates
density Vegetation density
type Vegetation type (e.g., forest, grassland)
manningN Manning's n value for the vegetation type
infiltrationCapacity the infiltration capacity of the vegetation

Table 5. VegetationAgent Behaviors.

Vegetation

Behavi Descripti
Agent ehaviors escription

Modifies the velocity and flowDirection of
WaterParticle agents based on density and type
updatelnfiltration(Rainfall) Updates the infiltration capacity based on the rainfall

interact(WaterParticle)

Table 6. InfrastructureAgent Attributes.

InfrastructureAgent Attributes Description
X,y Grid cell coordinates
type Infrastructure type (e.g., building, road, dam)
manningN Manning's n value for the infrastructure type
capacity The capacity of the infrastructure to hold water

Table 7. InfrastructureAgent Behaviors.

InfrastructureAgent Behaviors Description

interact(WaterParticle) Blocks or redirect? WaterI’.article age.znts, potentially
creating localized flooding

Controls the flow of water particles, based on the

control(WaterParticle) .
capacity
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Table 8. Agent Interactions and Rules.

Interaction Rule Description

Velocity reduction proportional to vegetation density; flow

WaterParticle-Vegetation .
direction change

WaterParticle-Vegetation Vegetation infiltration capacity reduces WaterParticle volume
WaterParticle-Infrastructure
aterharicies TTastictr Movement blocked
(Building)
WaterParticle-Infrastructure

Dam capacity increases, WaterParticle removed
(Dam) pactty

Depth increase upon collision; flow direction influenced by
neighbors
Downbhill movement based on slope; influence of velocity and
terrain roughness

WaterParticle-WaterParticle

WaterParticle Movement

2.3. Rule-Based System Implementation

The rule-based system is the heart of the approach, its core intelligence that can be found in the
agents’ behaviors and hydrological processes simulation. As already discussed, agent interactions
are based on their strategies, namely their rule sets. The same is for i.e. the water flow since rules
represent the established hydrological principles, simulating their dynamics.

2.3.1. Rule-Based Logic and Modular Design

The rule-based logic is designed to be modular and adaptable. The aim is to allow the
representation of complex interactions and environmental conditions. Each rule consists of a set of
conditions and a corresponding action. The rule is triggered when the conditions are met and the
action is executed. This logic is implemented within the agent's behavior methods, namely its private
strategy, enabling them to make context-aware decisions.

2.3.2. Concrete Rule Examples and Computational Implementation

The system is designed to be extensible. New rules can be easily added at any time and they can
even modify existing rules if necessary. The examples below depict the statements and function calls
of the computational implemented rule-based system. This approach enables a dynamic evaluation
of conditions and the execution of corresponding actions.

Water Flow Rule. If a WaterParticle is located at cell (x, y) and the slope of the terrain at (x, y) is greater than
0 (Condition), Move the WaterParticle to the neighboring cell with the lowest elevation (Action).

Computational Implementation (Python).

if terrain.slope[y][x] > 0:
next_cell = find_lowest_neighbor(x, y, terrain.elevation)
water_particle.move(next_cell)
Infiltration Rule. If a WaterParticle is located at cell (x, y) and the VegetationAgent at (x, y) has a non-zero

infiltrationCapacity (Condition), Move the WaterParticle to the neighboring cell with the lowest elevation
(Action).

Computational Implementation (Python).

if vegetation_agent.infiltrationCapacity > 0:

water_particle.volume -= vegetation_agent.infiltrationCapacity * time_step
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Interaction with Infrastructure Rule:

Interaction with Infrastructure Rule. If a WaterParticle encounters an InfrastructureAgent of type
"Building” (Condition), Stop the WaterParticle’s movement (Action).

Computational Implementation (Python).

if infrastructure_agent.type == "Building":

water_particle.velocity = 0

2.4. Mathematical Dynamical System Integration

The proposed approach in order to represent flood dynamics and environmental response has
to integrate mathematical dynamical systems equations. This way, we are able to model better the
water flow, infiltration, and other hydrological processes.

2.4.1. Mathematical Models for Flood Dynamics

The mathematical model used in this approach is based on the shallow water equations. These
equations describe the flow of water in a shallow layer and, additionally, they can be integrated
effectively with the agent-based model to simulate flood propagation.

The Continuity Equation describes the mass conservation. It is used for various water sources
and sinks.

oh , ouh) | avh)
ot ox oy

where h is water depth, u and v are flow velocities in the x and y directions, R is rainfall intensity, I

=R-I+E—-ET+Q (1)

is infiltration rate, E is evaporation rate, ET is evapotranspiration rate and Q represents source/sink
terms such as groundwater inflow/outflow, artificial water diversions etc.

The Momentum Equations describe the conservation of momentum. For larger-scale
simulations, we incorporate the Coriolis effect and wind stress, namely the last two addition part of
the equation.

2 2 2 2
o(uh) N o(u~h) N o(uvh) _ —gh@— an u\/IL/t3 +v +fhv+£ @)
ot ox oy ox h o,
2 2 2 2 T
o(vh) N o(uvh) N o(v'h) _ —gh%— gn vxllt/t3 +v )
ot ox oy oy h P

where g is gravitational acceleration, z is terrain elevation, n is Manning's roughness coefficient, f is
the Coriolis parameter, Txand Ty are wind stress components in the x and y directions and g is water
density.

Furthermore, instead of a simple infiltration rate we use an approximation of Richards' equation
to model unsaturated soil water flow. A simplified form is presented below:

1=k 4y )

w
where I is the infiltration rate, Ks is the saturated hydraulic conductivity, {r is the wetting front
pressure head, s is the soil surface pressure head, and zw is the depth of the wetting front.
In order to better model the impact of vegetation, we use the Penman-Monteith equation.

M&_®+%%E;&2
ET = - ' 5)
A+y(1+-)
r

a
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where ET is the evapotranspiration rate, A is the slope of the saturation vapor pressure curve, Rn is
net radiation, G is soil heat flux, ga is air density, cpis specific heat of air, esis saturation vapor
pressure, ea is actual vapor pressure, ra is aerodynamic resistance, v is psychrometric constant and rs
is the surface resistance.

In cases that wehave to simulate erosion and sediment transport, we use the following exner
equation:

%, + 1 d_ 0 (6)
o (1-2,) ox

where zv is bed elevation, Ap is bed porosity and gs is the sediment transport rate.

2.4.2. Agent-Based Rules and Mathematical Models

As already discussed the proposed methodology combines agent-based rules and mathematical
models in an attempt to reach the real-world water systems behaviour as much as possible. In this
context, we have the cognitive rules on one side and the predictive analytics on the other. The
information exchange is bidirectional which makes the approach more flexible.

The mathematical model, part of which was present in the previous subsection, utilizes the
needed predictive analytics. This part can forecast, for instance, a cascading flood event. Suppose that
there is a failure of one flood control structure which eventually triggers a chain reaction. In this
context, infrastructure agents use a cognitive analysis of the model's predictions and initiate
emergency protocols such as rerouting water and adjusting release rates to mitigate the cascading
failure. An example of the (Cognitive) rule of the InfrastructureAgent and the function is presented
below:

IF predictedCascadingFailure(structureID) THEN initiateEmergencyProtocol(structurelD)
FUNCTION initiateEmergencyProtocol(structurelD):
alertAdjacentStructures(structurelD)
simulateAlternativeRouting(structurelD)
adjustReleaseRate(structurelD, optimalRate)

VegetationAgents, on the hand, in a dynamic delta region (x=5, y=8) learn from past flood events
and adjust their manningN values using adaptive learning algorithms. An example of such an
adaptive learning rule and the function from the mathematical model is presented below, where the
manningN value is dynamically adjusted based on learned patterns from historical flood data,
directly influencing the friction term in the mathematical model:

manningN[5, 8] = learnAnd AdjustManningN (historicalFloodData[5, 8])
FUNCTION learnAnd AdjustManningN(data):
learningAlgorithm = load AdaptiveLearning Algorithm("DeltaManningN")
RETURN learningAlgorithm.learn(data, currentManningN)

Furthermore, the mathematical model is related with multi-physics models that simulate
hypoxia, saltwater intrusion, and other biogeochemical processes. Of course, such models are needed
only in complex interactions that biogeochemical interactions which is not the common case.
However, an exmple is presented below for purposes of for completeness purposes. More
specifically, the example is about an estuary simulation, where WaterParticle agents interact with a
simulated estuary, including saltwater intrusion, nutrient cycling, and aquatic biodiversity.

IF salinity[x, y] > salinityThreshold THEN triggerSaltwaterIntrusionModel(x, y)
IF dissolvedOxygen|[x, y] < oxygenThreshold THEN triggerHypoxiaModel(x, y)
IF sedimentLoad[x, y] > nutrientReleaseThreshold THEN triggerBiogeochemicalModel(x, y)
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Another component of the methodology is related to visualization, a permant request of the civil
authorities since they have somehow to understand and use methodologies and tools. In this context,
we foresee the use of a virtual reality (VR) environment as an extra component for visualization
purposes. This will allow stakeholders to interact with the model using neural interfaces. Part of this
example is presented below:

IF neurallnput(user) THEN translateNeurallnputToSimulation(userInput)
IF collaborativeDecision(x, y) THEN implementDecision(x, y)

It is worth mentioning here that this part of the implementation is quite limited at this point but
further development will enrich the available interfaces promoting the proposed methodology
eventually as a ready-to-use tool.

Another issue that civil protection authorities are interested in is their policy simulation. To this
end, the proposed methodology included rules and agents that form Al dynamic policy networks.
For instance, InfrastructureAgents and WaterParticle agents are involved in Al-driven dynamic
policy networks and if needed they can adapt to real-time data and evolving socio-economic
conditions. An example follows:

floodResponsePolicy = adaptPolicyNetworkWithAl(realTimeData, socioEconomicData)
IF floodEvent(x, y) THEN implementPolicy(floodResponsePolicy)

Moreover, the parameters of the mathematical model are continuously calibrated using
distributed Al learning. For instance, data from sensors and social media, whenever possible, is
integrated using distributed Al learning algorithms.

Rules (Distributed Al Learning & Self-Calibration):
modelParameters = aggregateLearnedParametersWithDistributed Al(globalData)
calibrateModel(modelParameters)
Finally, there are rules that deal with the self-replication and repair of the agents.
IF damageDetected(agent) THEN replicateAndRepair()
FUNCTION replicateAndRepair():
replicateAgent()

repairDamaged Agent()

3. Simulation Scenarios and Case Studies

This section presents parts of some simulation scenarios and case studies to present better the
added-value of the approach. In this context, the aim is to discuss critical (what-if) situations and the
potential of the methodology for real-time flood forecasting and proactive resilience building.

3.1. Torrent Valley Watershed Case Study

The Torrent Valley watershed has an intricate topography and diverse land cover. For the
purposes of this study, we recreated a historical flood event from November 12, 2022, and compared
the simulation's outputs with real-world data. Hence, first of all, the simulated flood inundation map
was compared with historical flood extent maps using appropriate rules, such as:

IF simulatedInundationArea == historicallnundationArea THEN calculateSpatialMetrics().

Next, the Critical Success Index (CSI) was calculated to be 0.85, resulted from the mathematical
expression:
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CSJ = TruePositives )
TruePositives + FalsePositives + FalseNegatives

Next, flooding hotspots were detected and reproduced.

IF simulatedWaterDepth > hotspotThreshold AND urbanArea == TRUE THEN
markAsHotspot().

Following that, high-resolution LiDAR data was used to compare simulated water surface
elevations with observed elevations. This resulted in a Root Mean Squared Error (RMSE) of 0.4 meters
based on the following mathematical expression:

RMSE = \/l Z (ObservedElevation,) — (SimulatedElevation,)’ (8)
n -

A temporal validation were conducted too, where the simulated hydrograph at the “Torrent

Valley Outlet” gauge was compared with observed streamflow data.

Rule (Hydrograph Comparison): IF simulatedStreamflow == observedStreamflow THEN
calculateTemporalMetrics().

In this context, the Nash-Sutcliffe Efficiency (NSE) was calculated to be 0.92 based on:
T
Z (ObservedFlow,) — (SimulatedFlow, )’

NSE =1-—+ )
z (ObservedFlow,) — (MeanObservedFlow)’
t=1

This revealed that the timing and magnitude of the flood peak were accurately captured. Of
course, vegetation and infrastructural impact could not left without a notice. In this case study,
VegetationAgents in forested areas reduced WaterParticle velocity while InfrastructureAgents
representing buildings created localized flooding. Hence, agents dynamically influenced the
mathematical parameters of the model. For instance, high VegetationAgent density led to increased
ManningN in the mathematical model, and high velocity from the model led to WaterParticle flow
direction changes.

IF vegetationType == "Forest" THEN waterParticleVelocity = waterParticleVelocity * (1 -
vegetationDensity * ManningN).

IF infrastructureType == "Building" THEN waterParticleVelocity = 0.

It is worth mentioning that the dam, controlled by the InfrastructureAgent, managed
downstream flow.

IF damRelease < maxRelease AND currentTime < releaseScheduleTime THEN damRelease
= controlledReleaseRate.

To sum up, in this case study, the proposed approach had a high degree of accuracy in
replicating the historical flood event. CSI and RMSE metrics revealed that the model accurately
captured the extent and depth of the flood while the high NSE value revealed an ability to reproduce
the timing and magnitude of the flood peak. Moreover, VegetationAgents simulated effectively the
role of vegetation in mitigating flood risk while InfrastructureAgents represented well the impact of
urban development and dam operations. This dynamic interaction between agents and the
mathematical model enabled a realistic simulation of the flood event. As a result, the proposal seems
promising for reproducing real-world flood dynamics while its flexibility can simulate complex
interactions, turning it to a flood risk assessment tool.
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3.2. Scenario Analysis: Flood Resilience

An obvious question is how the methodology will perform in future flood risks. To this end, we
conducted some what-if scenario analysis. These simulations aimed to explore the impacts of
potential changes in rainfall, land use, and flood management policies. First is discussed a climate
change scenario which involves increased rainfall intensity. For that scenario, we assumed that the
rainfall intensity increased by 20%.

IF climateChangeScenario == TRUE THEN rainfalllntensity = rainfallIntensity * 1.2.

This increase, as it was expected, led to a significant rise in peak streamflow and flood
inundation area. The Al policy network responded by dynamically adjusting dam release rates and
activating flood barriers in vulnerable zones. The peak flow increase was calculated then revealing a
30% increase in the peak streamflow, indicating the high sensitivity of the watershed to increased
rainfall.

Qpeak,new=Qpeak,base X (1 + AR) (10)

where AR represents the percentage increase in rainfall.
The second scenario was related to land use change, including deforestation and urbanization.

IF deforestationScenario == TRUE THEN removeVegetationAgents("Forest") AND
increaselnfrastructureAgents("Urban").

This resulted in a significant increase in surface runoff and a reduction in infiltration capacity.
The simulation revealed a 40% increase in surface runoff, leading to more extensive and rapid
flooding.
R, =R, +AA*(1-1) (11)

where AA represents the increase in impervious area and I represents the infiltration rate.

ase

The third scenario was related to nature-based solutions, including a green infrastructure
implementation such as constructed wetlands and permeable pavements. This resulted in a
significant reduction in peak streamflow and flood inundation.

IF greenInfrastructurelmplemented == TRUE THEN increaseVegetationAgents("Wetland")
AND adjustInfrastructureAgents("Permeable").

I =1 +Al 12)

new™ L base
where Al represents the increase in infiltration capacity due to green infrastructure.

The VegetationAgents in the wetland areas increased the infiltration capacity and slowed down
the WaterParticle agents. The simulation revealed a 25% reduction in peak streamflow. This means
that green infrastructure is effective in mitigating flood risk.

The fourth scenario was about Adaptive Management and, thus, it was related to dynamic dam
release policies. Specifically, dam release policies were dynamically adjusted based on weather
forecasts and sensor data.

IF weatherForecast(heavyRain) == TRUE THEN damRelease =
optimalReleaseRate(forecastData).

The Al policy networks adjusted dam release rates in anticipation of heavy rainfall events,
effectively reducing downstream flood risk. The dam release rate was dynamically adjusted
according to the forecasted rain fall, and the real time water level of the dam .The results of the
dynamic dam release, was compared with the result of a static dam release, and the dynamic dam
release, showed much better results.

To sum up, these scenario analysis confirmed that the proposed approach can deal pretty well
with flood risk changes. Furthermore, the first chosen use cases depicted the need for proactive flood
management strategies while the green infrastructure case connected the nature-based solutions with
flood resilience.
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3.3. Real-Time Simulation and Early Warning

Although, the first goal of the methodology is to be used for simulation providing valuable
information that could lead to conclusion about future changes in the flood risk of an area, it is
important to move beyond that to a proactive flood management and early warning system.
Although, it is not easy and a number of parameters can affect real-time conditions, the proposed
approach already handles the main dynamics while it is easily extendable. As discussed, the
approach can integrate data from various real-time sources, including rainfall intensity from weather
radar and rain gauges, streamflow data from gauging stations, water depth and velocity from sensor
networks as well as some social media feeds.

IF realTimeDataAvailable == TRUE THEN updateSimulationParameters(realTimeData).

Hence, there is a continuous update in the simulation parameters based on incoming data. This
way the underlying model will remain updated to current conditions.

St+l :F(St’ut)-i_K(yohs Q_H(F(St u;))) (13)
where St is the simulation state, ut is the input data, yobs is the observed data, and K is the Kalman
gain. Mention that Kalman filters is a data assimilation technique that merge observations with
simulation.

Next, the approach can generate some flood alerts.

IF simulatedWaterDepth > alertThreshold THEN sendFloodAlert(location, severity).

These alerts can be customized based on location and severity. This way local communities will
receive relevant information. Of course, these alerts can be transmitted through various channels
such as mobile apps, SMS notifications, sirens or other emergency response systems. Yet, currently
the system is not connected with such software or infrastructural.

However, adaptation strategies are already available.

IF floodRiskHigh == TRUE THEN adjustDamReleaseRate(Alpolicy).
IF infrastructureDamage > repairThreshold THEN initiateSelfRepair(agentID).

The ultimate goal is to eventually transform flood management from a reactive to a proactive
approach.

4. Computational Complexity

The proposed approach involves agent-based modeling and mathematical dynamical analysis,
as a result, it has computational demands.More specifically, there are many complex interactions
between a large number of agents while at the same time the system should partially solve differential
equations (PDEs) representing hydrological processes. In this context, this section discusses
complexity issues. First, we study the computational complexity of the agent-based component since
there are many agents and many interaction rules.

The number of agents is stated as Na while Ci is the average cost of an agent interaction. Hence,
the total computational cost of the agent interactions will be:

Cogon= N X G (14)

For instance, with 106 WaterParticle agents and an average interaction cost of 10-% seconds per
interaction, the total cost is 10 seconds per simulation step. Another parameter that affects the
complexity is the spatial resolution. The higher the resolution grid is, the more agents are needed and
the computational cost is unavoidable higher.

As far as it concerns the mathematical dynamical analysis complexity, the approach obviously
requires numerical solutions that have a computational cost. Once again the complexity depends on
the grid resolution (Nx, Ny), the time step (At), and the number of iterations (N).
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For instance, if we use an explicit finite difference scheme for the shallow water equations, the

computational cost per time step is proportional to N x Ny , while f we use a Courant-Friedrichs—

Lewy condition the total cost is proportional to N2 x N ; xN,.

A calculation example, estimating agent interaction cost, is the following where we have a
watershed discretized into a grid of 1000 x 1000 cells. This grid hosts WaterParticle agents, with an
average density of 5 agents per cell. Hence we have N, =1000x1000x5 =35,000,000 agents. If

each agent has to check its neighboring cells for interactions, like collision etc, with an average of 8
neighbors and each interaction check takes 10 seconds, then the cost will be C;, = 8 x10 — 6 seconds

per agent. As a result, the total interaction cost willbe C =N xC=5,000,000x8x10—6 =40

agent
seconds per time step.

This calculation reveals that just the agent-agent interaction part of the simulation takes 40
seconds per time step. It is obvious that if we wanted to run the simulation for an event that lasts
several hours, using a time step of 1 second, the agent interaction calculations alone would take a
very long time.

We now use another example to calculate RMSE for water depth for checking model validation.
In this example we have a small section of an watershed with 5 observation points depicting the
measured water depth during a flood event. Additionally, we have the corresponding simulated
water depth values from our approach.

Table 9. This is a table. Tables sho.

A

Observation Point Observed Depth (m) (yi) Simulated Depth (m) (y,)
1 25 23
2 1.8 2.0
3 3.0 2.8
4 1.5 1.7
5 2.2 2.4

First, we calculate the squared difference for each point:

(2.5-2.3)2=0.04

(1.8-2.0)2=0.04

(3.0-2.8)=0.04

(1.5-1.7)>=0.04

(2.2-2.4)=0.04

Next, we sum the squared differences 0.04+0.04+0.04+0.04+0.04=0.20 and divide by the number

of points (n = 5) 0.20/5=0.04. Finally, RMSE =+/0.04 = 0.2 meters. This indicates that the average
difference between the observed and simulated water depths at these 5 points.

5. Conclusions

In this study, a novel agent-based computational approach was discussed. It is a framework
designed for flood resilience that involves rule-based agent modeling with mathematical dynamical
analysis. This approach deals with the increasing threat of flooding and the limitations of traditional,
static flood management strategies. It proposes a dynamic and adaptive methodology suitable for
risk assessment and scenario analysis. Among the key findings is that it can deal with complex flood
dynamics, simulating the interactions between environmental factors, infrastructure, and water flow.
A number of case studied were used to validate and check the approach, with metrics such as CSI,
RMSE, and NSE indicating agreement between simulated and observed data. This analysis revealed
the capability of the approach to deal with future flood risks and mitigation strategies. Another issue
that was taken into account, was the need for early warning systems, namely proactive flood
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management. Of course, the approach should be continuously updated regarding the simulation
parameters in order to support better the emergent situations and response. Furthermore, the
cognitive rules and bidirectional information exchange between agents and the mathematical model
proved to be a tool for more realistic simulation of complex hydrological processes. However, we
acknowledge the limitations of the approach, including computational complexity and data
requirements. Further research, of course, is needed to address these limitations. Specifically, future
work will focus on improving computational efficiency by integrating more advanced Al techniques.

In conclusion, the BRIDGES approach represents a significant step in the field of flood resilience
since it integrates some advanced computational techniques. It provides a dynamic and adaptive tool
for flood risk assessment and as such it can support more effective flood management strategies,
contributing to more resilient communities. Hence, in the era of the continuous increasing challenges
of climate change and urbanization, innovative approaches like the proposed one will be crucial for
lives and the environment.
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