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Introduction: This article highlights the applications of artificial intelligence in the
flood dynamics analysis with its effects on the ecosystem with the help of
mathematical modeling and simulations.

Problem Statement: Flood prediction with control remains critical for all walks of
lives. Due to nonlinear hydrological mechanism and delayed responses within
natural systems, the integer-order models often fail to capture memory effects.
Results: A FF-Flood dynamical system is developed with five variables to capture
the dynamics of flood more precisely. The theoretical results of the model ensure
the existence of solution, uniqueness of solution, and stability analysis. Ecosystem
disruption is inferred through dynamic water level changes, surface runoff and
water contamination.

Methodology: A novel FF-Flood dynamical system is constructed which is
integrating the surface storage, runoff, river flow, water level and flood area.
Existence and boundedness are analytically verified with reference of fixed-point
theory, and time-domain simulations demonstrate sensitivity patterns. The
results are affirmed by the help of Al deep learning analysis: as process innovation.

KEYWORDS

flood dynamical system, simulations, artificial intelligence, probability, regression, as
process innovation

1 Introduction

Climate change is a critical environmental complex challenge of the 21st century which
is disrupting ecosystems, altering weather dynamics, and transforming human-
environment interactions across the globe (Trenberth, 2014; Yang et al, 2014; Gazi
et al, 2025). One of the most prominent outcomes of climate change is its disruptive
impact on the natural hydrological system, leading to changes in rainfall systems,
temperature rise, and an enhancement in extreme events like flooding. The hydrological
system, which manages the natural exchange of water between the atmosphere, land, and
underground sources, is increasingly disrupted by floods. Enhanced evaporation rates,
irregular rainfall distribution, and unpredictable surface runoff and groundwater have
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magnified the frequency and severity of floods, damaging drainage
networks and disturbing the ecological systems and human
infrastructure (Wu et al, 2012; Nan et al, 2011; Barry et al,
2025). These climatic disruption have been induced by several
sources. The consistent rise in global temperatures due to
greenhouse gas emissions has triggered profound disruptions in
the Earth’s climate system. The Intergovernmental Panel on Climate
Change (IPCC) has warned that the average global temperature has
increased by approximately 1.198C since the late 19th century. This
warming trend has led to widespread results including the melting of
polar ice, warming of ocean waters, and more frequent extreme heat
events. These climatic transmission are also disrupting precipitation
dynamics, resulting in more intense rainfall causing the floods while
causing droughts in others for a long time (An et al., 2018; Cao et al,,
2024; Amnuaylojaroen, 2023).

In the context of flooding, warmer air can retain greater
moisture, significantly increasing the probability of heavy rainfall
and storm-driven floods. Research indicates a consistent 2% rise per
decade in annual precipitation across mid-latitude regions since the
1950s. Such patterns have resulted in devastating flood events-for
instance, the catastrophic 2021 floods in Germany and Belgium,
which inflicted over 40 billion in damages. Conversely, some regions
face persistent water scarcity due to reduced snowpack, such as the
southwestern United States, where the 2020-2022 megadrought
marked the driest period in over a millennium (Janni et al., 2024;
Ripple et al., 2024; Van Daalen et al., 2024).

These climatic changes place severe stress on water systems,
agriculture, and disaster preparedness, amplifying the risks to
human population and ecosystems together. The intersection of
severe precipitation and outdated urban infrastructure often leads to
overwhelmed drainage systems, urban floods, and loss of life and
property. Addressing the threat of flood disasters necessitates urgent
climate action-namely reducing emissions, enhancing resilient
infrastructure, and implementing adaptive water governance.
Sustained collaboration between scientists, policymakers, and
communities is important to mitigating future impacts and
ensuring resilience against worsening hydrological disruptions
(Cai et al.,, 2024; Su and Ullah, 2024; Yaseen et al., 2024).

Floods are natural phenomenon that occur when water levels
exceed the normal limits of rivers, lakes, or other water-bodies. The
basic causes are including; heavy rainfall, rapid snowmelt, or dams
failures. These events create a dynamic system where the balance
between water volume, velocity, and the environment transfers
dramatically (Wang et al., 2024; Rogers et al., 2025). The floods
play dual role on ecosystems they are destructive for some regions
while beneficial for others. On one hand, floods can disrupt habitats,
affect wildlife, and cause soil erosion, causing to long-term
biodiversity loss. On the other hand, floods also play a role in
nutrient cycling by restructuring sediments and organic material,
which can enhance soil fertility and improve the growth of plant
species. The flood dynamic system is, therefore, a complex
interaction between the natural forces and the resilience of the
ecosystems it affects, highlighting the complex mechanism between
environmental factors and the dependent organisms (Sun et al,
2024; Clarke et al., 2023; Badawy et al., 2024).

Floods are complex hydrological phenomenon influenced by a
range of interacting natural and anthropogenic variables. Intense and/or
prolonged rainfall, rapid snowmelt, topographic variations, and
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saturated soil factors often serve as basic natural flood resources
(Salhi et al, 2024; Hamed et al., 2024; Darvishi Boloorani et al,
2024). Human activities such as urbanization, deforestation, and
inadequate drainage mechanisms further implies flood risks by
disrupting the natural flow and absorption of water. In flood
dynamical systems, nonlinear feedback mechanisms between rainfall,
runoff, river discharge, and land use jointly shape the intensity and
duration of flooding dynaimcs (Gabr, 2023; Gebrael et al,, 2024).

The repercussions of floods are far-reaching, extending beyond
immediate property destruction. Financially, they cause significant
costs on infrastructure repair, emergency response, and long-term
economic recovery (Jonkman et al., 2024). Ecologically, floods can
alter habitats, contaminate water, and lead to the transmission or
death of wildlife. Prolonged overflow can also disrupt nutrient cycles
and degrade agricultural land, dominating to food insecurity (Van
Houtven, 2024; Terry et al., 2023). Therefore, the study of flood
dynamical systems is important for developing predictive models
and sustainability procedures to mitigate these downstream effects.

The Figure 1, highlights the floods and their financial and
ecological impacts on Egypt, Algeria, Tunisia and Morocco. The
evolution of flood-related financial and ecological impacts in Egypt,
Algeria, Tunisia, and Morocco from 2015 to 2022. Financial losses
are in million USD, showing a consistent growth in the graph in all
countries. The Egypt is experiencing the most critical rise. Ecological
loss, shown by a dimensionless index, also increases steadily,
describing mounting environmental stress linked to recurrent
flooding. Tunisia and Morocco have shown lower but gradually
increasing impacts, whereas Algeria maintains a more moderate
dynamics. This graph shows the growing effects of floods on both
economic infrastructure and ecosystems across the MENA region,
highlighting the need for significant flood management strategies
(Gabr, 2023; Gebrael et al., 2024; Jonkman et al., 2024; Van Houtven,
2024; Terry et al,, 2023; Kurniawan et al., 2024).

1.1 Fractional order modeling of
dynamical systems

Fractional differential equations (FDEs) suggest a pivotal extension
of classical calculus. These are used to model systems with memory and
hereditary aspects which make them more suitable for resilient real-
world problems. In applied scientific field, FDEs have been successfully
applied to viscoelastic materials, fluid dynamics, control theory, and
biological problems. They capture anomalous diffusion and long-range
temporal habits more precise than integer-order systems (Sabatier
et al, 2007; Herrmann, 2011). Their viability gives accurate
representations of dynamic intricate systems, especially where
classical models are not well applicable (Caputo and Fabrizio, 2015;
Bas et al,, 2019). In the recent works, the readers can see a bridging role
of FDEs between theoretical analysis and computational results in the
works (Khan et al., 2025a; Khan et al., 2025b; Ahmad et al., 2024).

By incorporating fractal geometry into the idea of fractional
derivatives, the fractal-fractional derivative is an expansion of the
traditional fractional calculus. It simulates systems with long-range
dependencies and irregular non-differentiable activities, which are
prevalent of complex and natural phenomena. Fractal-fractional
derivatives, in comparison to integer-order derivatives, are durable
to capture anomalous diffusion and memory problems (Atangana,
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FIGURE 1

Subfigures present statistical data for the years 2015-2022: (a) financial impacts of floods (in million USD) and (b) ecological effects indices for Egypt,

Algeria, Tunisia, and Morocco between 2015 and 2022.

2017; Atangana and Qureshi, 2019; Atangana and Araz, 2020). Due
to these properties, they are applied in fields such as epidemiology
for modeling of disease transmission including sophisticated time-
dependent relationships. Additionally, they are used in biology,
physics, and finance to explain phenomena like as anomalous
diffusion, diffusion in porous media, and chaotic system
behaviors, providing more realistic and realistic representations
of dynamics in the real world. For more detail about the
applications and usefulness of the fractional derivatives and their
applications in the environmental sciences, we refer the readers to
the works (Sekerci, 2020; Kha et al., 2024; Kumar et al., 2021) and the

references therein.

Definition 1.1: Assume that y® (t) is a fractal differentiable function
in the interval (a,b) of order @, then the fractal fractional derivative

of v®t of order 9€(0,1) in the Caputo’s sense is:
FE DOy = MO [ d | o (8 (8~ 5)")y® (s)ds, where I (9) =
1-9+ 3%
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Definition 1.2: Assume that y® is continues function (a, b) then the
fractal-fractional integral of y® of order 9 having Mittag-Leffler type
kernal is given by FFOIf"DV/® = % j:) SOy (s) (1 - $)*ds +

Q-
me V- .
In the onward expressions, we will use H (t,s) = s®1 (t — s)" ",
for  simplicity. We introduce a Banach space of

B={ueC([0,T]: R)}, with a norm [lu]| = maxic[oylu (t)|.

1.2 Al applications in science

Artificial Intelligence (AI) plays a vital role in analyzing systems by

offering advanced techniques for modeling, forecasting, and
optimization. In scenarios where system variables change over time,
such as in dynamic environments, Al techniques including machine
learning and neural networks efficiently handles at managing intricate
and nonlinear patterns that conventional statistical methods often try to

capture (Kumar and Mani, 1994; Bottcher et al, 2022). Artificial
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FIGURE 2

Excessive rain fall raising to the water levels in rivers causing to the runoff of land structures and resulting to the floods and catastrophic situations.

Intelligence (AI) plays a pivotal role in uncovering patterns from large
datasets, capturing dynamical behaviors, and developing real-time
forecasts. Techniques such as Recurrent Neural Networks (RNNs)
and Long Short-Term Memory (LSTM) models are extensively
applied for analyzing time-series data and anomalies recognitions.
Additionally, AI contributes to solving inverse problems by finding
system parameters from observed data. These methods also support
automated model selection, parameter tuning, and error analysis,
thereby of dynamic
Consequently, Al-driven approaches are increasingly adopted in

enhancing the precision simulations.
domains like climate analysis, economic prediction, and engineering
systems, where modeling complex and evolving phenomena is essential
(Yuksel, 2024; Sharma et al, 2025; Khan et al, 2025¢; Khan

et al., 2025d).

1.2.1 FF-mathematical modeling of flood
dynamical system

The dynamics of the presumed model is based on the excessive
rainfall aiding to the flood demonstrated in the Figure 2. The
excessive rainfall is raising to the water level in the rivers which
are causing to the soil erosion and disrupting the natural water cycle
which in severe cases causing to the floods. In this work, we assume
the following as models’ variables; surface storage (&), surface
runoff (XQy), river flow (RQ,), water level (H), and the area
affected by flooding (2 ). The model is composed of ordinary
differential equations (ODEs), modulated by a time-varying rainfall
input R (¢), which is taken as a periodic function:

R (t) = 5sin(0.2t) + 10.

Let y(t) = [& (1), Qs (), Qr (1), H (1), A (1)]". The model is
considered in the fractal-fractional sense of derivative:
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FFOD?@@ =fIR@) - .6-1,

FE.DIQ, = nmax(R(t) - 0 - 1,0) - uQ,,
DR, =1Q,- 09,

FEODIH = g max(Q, — Qup, 0) — {H,
FFOD'?’O%[JI = pH - y?[f,

where § denotes the infiltration rate, expressed as:

S = ki max(© - &, 0).

Each term models physical processes relevant to flood behavior:

e &: collects rain and loses water through runoff and

infiltration.

e 9 increases with excess rainfall and decreases
through drainage.

e Q. river flow builds up from surface runoff and

decays naturally.

e H: rises when river flow exceeds capacity, decreases via
dissipation.

e A;: flood extent grows with rising water level and recedes
over time. The numerical values of the parameters are given in
the Table 1.

1.4 Novelty statement

e Novelty: An FF-Flood dynamical system is developed
incorporating memory effects and nonlinear interactions,
capturing delayed hydrological aids often missed by
classical differential equations.

e Significance: The model explores how parameter shifts in
infiltration and runoff significantly influence flood extent
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TABLE 1 Parameter definitions and values used in the FF-Flood dynamical
system (1.1).

Parameter  Description Value
fi Fraction of rainfall contributing to surface storage 0.9
f2 Surface storage depletion rate 0.5
ki Infiltration coefficient 0.1
Ssat Saturation threshold for infiltration 20
n Conversion efficiency of rainfall to surface runoff 0.8
0 Sensitivity of runoff to surface storage 0.3
u Runoff reduction rate 0.2
A Surface runoff to river flow transition rate 0.6
) River flow decay rate 0.4
¢ Contribution of excess river flow to water level 0.7
Qeap River flow capacity threshold 5
4 Water level decrease rate 0.3
P Water level influence on affected area 0.5
y Flood area recession rate 0.2

and timing, offering improved understanding of ecosystem
disruptions.

o Applicability: This model can predict water level raise in the
rivers aiding to the floods, planning, and risk management by
simulating different features under different environmental
and climatic situations.

2 Mathematical analysis of the model

With the help of fixed point procedure, we check the existence of
FF-Flood model (1.1). For this, we apply the FF-integral on the
system (1.1) and get

Bn) t
em-80) - WLH(L (FIR (1)~ f25 — I)ds
1-9)°!
0D (s
Bn) t
QM- = WLH(LS) (g max(R (1) - 68 — 1,0) — uQ,)ds
_ g1
% (nmax (R (t) - 0& — 1,0) — uQ;),
9 t
QH-,0 = W‘?)wjoﬂ(t,s) (0D, - 69,)ds
1 _ gy0-1
% (R, - 69,),
t
HH)-HO) = mjoﬁ(t, 9 ($max(Q, - Qup 0) — (H)ds

®(1 - 9!
B TTONE (¢ max(Q, — Qaap, 0) = {H),

% !
A (1) -As(0) = WLHU, s)(pH -y )ds

@(1 - 9!

W) (pH - y21y).

(2.1)
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For simplicity in Equation 2.1, we define kernels Q; and some
constants y?, ieN 4 for the mathematical analysis of the model (1.1).

Q1) = IR - £,©-1,

Q, (1, Q;) = nmax (R (¢) - 6& - I,0) — uxQ,,

Qs (L2 = AR - 09, (2.2)
Q4 (t’ H) = ¢max(Dr - Qcap) 0) - CH)

Qs (1, s)= pH — yU,.

The following assumption is critical for the qualitative analysis of the
model (1.1).

o (A®): The continues functions &, Q;, Ry, H, A > and &%,
QF, Q7. H®, A7 all belongs to L[0, 1] with the bondedness
1S <y, 1R < 5, 1011 < y5, IHI < i, 12 ¢l <y, and for
vy, v, vs, v, vE >0 and constants.

Theorem 2.1: The Lipchitz conditions are fulfilled by all the
kernals Q; provided that assumptions (A®), holds true with ¢, <1
for i€ Nj.

Proof. To check the Lipschitz criteria for the kernel 9, (1, <), we
proceed through Equation 2.2, as below

1Q:(t,®) - Qi (L&) = I(fLR(t) - £,&-1)
-(fIRO-£,&°-D)I<foll©
-€&°
=¢,1© - &°|,

where ¢, = f,. Hence O, satisfies LC and ¢, < 1. Similarly, we can
reach to the situation that Q, (1, Q;) satisfies the LC with constant
¢, = u, where ¢, < 1. For ¢, = 8, with both the ¢, <1, the Q3 is also
satisfying the LC. Also, Qq(t,H) satisfies the LC with constant
¢, = &, where ¢, < 1, and finally, ¢5 = y, with the ¢, < 1. Thus the Qs
is also satisfying the LC. Ultimately all the functions Q;, for
i=1,2,...,5, satisfy the LCs and are contractions with ¢, <1
for i € N3.

Theorem 2.2: Assume that (A®), is satisfied then the solution of the
FF-flood dynamical system (1.1) exist and is further implying the
feasibility of dynamics of the problem.

Theorem 2.3: With the assertion (A®), the uniqueness criteria for
the solution of the FF-flood dynamical system (1.1) is guaranteed.

Theorem 2.4: With the assertion (A®), the Hyers-Ulam stability of
the solution for the FF-flood dynamical system (1.1) is guaranteed.

Theorem 2.5: With the assumption of condition (A®), the
generalized Hyers-Ulam stability of the solution of the FF-flood
dynamical system (1.1) and is guaranteed.

Note: The proof of these theorems are omitted for the
reason that the article is mainly focused on the artificial
the FF-flood
dynamical system (1.1). For those readers who are interested

intelligence and computational results for

in the mathematical proof of these results are referred to the

works in (Khan et al., 2025a; Khan et al., 2025b; Ahmad et al.,,
2024; Khan et al., 2022).
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FIGURE 3

The river flow dynamics and surface runoff under the effects of the variation in the surface storage depletion rate of the FF-flood dynamical system

(1.1) for the FF-orders 0.98. (a) The impact of surface storage depletion rate f, over the river flow dynamics Qr of the FF-flood dynamical system (1.1). (b)
The impact of surface storage depletion rate f> over the surface runoff Qs of the FF-flood dynamical system (1.1).

3 Computational scheme

The computational scheme for the deep learning of FF-water
cycle model (1.1) is described in this section. We start cons1der1ng
FEM DI G (1) = Ot G ()R, where ,G(0) = Go. This is

equivalent to:

D [,G1(1) = pt5 QL WG (1) (3.1)

Taking help of the Riemann-Integral, we have

@ t
mG (1) =mG(0) + Pl@ J =0T WG ()AL (32)
T(p?))o

Taking the place of (t) by t,.1, we have

thil o ®
WG = G (0) + f‘ j (s = P05 QU WG (D)L
Pl) 0
(3.3)
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Using two-step Lagrange Polynomial to integrate (3.3), we get

¢5m6(¢5))

C tj po-1
7 _tj £ 08 mG(G))

{ Jltf‘z

A WG () =

With the use of Equations 3.1-3.3, the following computational

mechanism Equation 3.4 is developed:

wG" = ,,G(0)

r(01+2)[Z a ("“_ Dt +n+2-))

n

(1= ) @t - jrne2)) - YO (- )T

j=0

) (- et 1))]. (.4
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FIGURE 4

Soil moisturization & under the effects of surface storage and infiltration rates by the FF-flood dynamical system (1.1) for the FF-orders 0.98. (a) Soil
moisture variation under the effects of rain fall which is contributing to the surface storage as a fractional part f;. (b) Moisturization of the soil under the

effects of the infiltration rates k;.

In the Figure 3, the flood dynamical system (1.1) is analyzed for
the effects analysis of the surface storage depletion rates f,. This
figure has two subfigures explaining the presumed dynamics. The
water surface depletion rate can be by several reasons including the
evaporation, infiltration, plants and animal intakes. It is observed
that under the variation of the f,, the river flow has shown a
comparatively higher growth for the highest value of the f, denoted
by the red dotted line in the Figure 4a. In the first 20-30 days there is
the highest level of water flow in the rivers which are then slightly
decreased until day 80 but then a small spike is shown again. These
water raise in the rivers are becoming the reasons of the surface
runoff Q. It has been observed that in the first days the maximum
surface runoff is studied which are then decreased to the least value
around day 75. The maximum level of the f, has shown the largest
surface runoff throughout the study in the Figure 4b.
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3.1 Explanation of figures with correct soil
moisture interpretation

The Figure 4 shows the variation of soil moisture & over
100 days under different values of the fraction of the rainfall
aiding to surface storage fi (90%, 95%, 105%, and 110%). The
figure highlights a rise and fall in the moisture levels the least value of
the f, is comparatively less aiding to the moisturization while the
larger value is greatly supporting to it. The second Figure 3b shows
the dynamics of the soil moisture under the effects of the infiltration
values. Both these figures show almost equal dynamics and
highlighting that there is
moisturization. Initially, & increases rapidly, reaching around
110 units by day 20. With time @ has shown a decline due to
continuous infiltration and losses. For higher k; values, soil moisture

a clear wvariation of the soil
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(1.1) of FF-orders 0.98. (a) Flood dynamics H under the effects of the
Rain to soil infiltration caused by the fraction of the rain fall aiding

to the surface storage f; of the FF-Flood system (1.1). (b) The surface
runoff under the variations in the f; values of the model (1.1) for the FF-
orders 0.98.

levels decrease faster. At day 38, © is approximately 85-90 for the
different k;. A second increase in & appears near day 40 due to
additional rainfall events. Higher infiltration rates consistently lead
to reduced soil moisture retention. A maximum value of the
moisture is observed on 80th which reaches to 140 units.

The Figure 5 shows the importance and effects of the f; over the
flood height H and surface runoff Q;. It is observed that for the
minimum value of f; the flood height is highest shown in the
Figure 5a. This is further impacting the surface runoff Q, given in
the Figure 5b. The minimum f,; level has shown the maximum
surface runoff in the comparative graphs expressed by the
dotted black line.
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FIGURE 6
Surface runoff and flood height impacted with the help of the

infiltration rates and river capacity of the FF-flood dynamical system
(1.1) of FF-orders 0.98. (a) Infiltration rate on the surface runoff Qg
under the influence of the k;. (b) nnn.

The heatmap describes the flood height H with deviations in
the river overflow factor ¢ and river capacity Qc,p. The data of ¢
varies from 0.8 to 1.2, while Q. also has the same variation
limits ranging from 0.8 to 1.2 times its baseline value of 35. The
color scale shows the flood height indicated during the
computations. Higher flood level (up to 300 units) is recorded
when ¢>1.15 and Qc,p <0.9 x 35, showing conditions where
river overflow is frequent and more intense. While, low ¢ and
high Qc,p limit flooding.

In Figures 6-8, surface runoff, and cumulative frequency
distribution of flood height impacted with the help of the
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FF-orders 0.98.

infiltration rates and river capacity of the FF-flood dynamical
system (1.1) of FF-orders 0.98 are given. In Figure 7a, the flow
duration curve (FDC) compares river flow rates Q, under
variation in the values for the surface storage depletion rate
f2. The x-axis represents Q, in m?/s, ranging up to 250, while
the y-axis shows exceedance probability from 0 to 1. Four cases
are expressed: f, at 90%, 95%, 105%, and 110%. The dashed
yellow line (110%) shows the highest flow for low-probability
cases (e.g., Q, =225 at 0.1), showing more severe flood
potential. While the black dashed line (90%) represents
reduced flow values, particularly below 150 m?/s for high
exceedance probabilities above 0.5. In Figure 7b the heatmap
describes the deviation in flood height H as directed by
parameters f; and A. The f; and A ranges from 0.8 to 1.2.
Elevated flood heights above 500 are observed for lower f;
and higher A values, indicating magnified surface water
accumulation due to limited infiltration and reduced channel
discharge efficiency. Conversely, as f; improves beyond 1.0, H is
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significantly decreased to 150, which is demanding enhanced
drainage conditions.

In Figure 8b, the heatmap indicates the sensitivity of flood height
'H to the changes in the scaling parameters of infiltration loss rate y
and flood response coefficient p. The horizontal axis represents p in
domain from 0.8 to 1.2, while the vertical axis shows p has the
domain from 0.8 to 1.2. The colored bar on the right maps flood
height values from 215 to 250, with darker blue showing lower levels
(near 215) and yellow presenting higher peaks (above 250). The map
presents that increases in p and y can both amplify and suppress
flood height, indicating a nonlinear dynamical impact.

The impact of f, variation over the soil moisturization and flood
development is studied in the Figure 9. In the first Figure 9a, the soil
moisturization is analyzed for the different levels of f, but it is
observed that for the least water dissipation, the moisturization level
is the highest throughout the period of the study. And in contrast,
the dissipation level for the largest level of the f; is maximum shown
in the Figure 9b.
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Cumulative frequency distribution of water and flood heights
analysis by the scaling parameters p —y of the FF-Flood dynamical
system (1.1) of FF-orders 0.98. (a) Cumulative frequency distribution of
river flow under the variant f;. (b) p-y-scaling impacts over the
flood height FF-water cycle model (1.1) of orders 0.98.

The Figure 10 describes the cumulative frequency distribution
dynamics based on the variation in river flow Q, as a function of
cumulative probability under different scaling cases of the runoff
generation factor f,. An increase in f; from 90% to 110% shifts the
curves rightward, indicating higher discharge rates becoming more
probable. Notably, the 110% case accumulates higher flows more
rapidly, while the 90% curve representing limited runoff
contribution. This highlights the sensitivity of flow regimes to
runoff efficiency, where increased f; enhances river discharge
and flood risks and

volumes intensifying

hydrological stability.

altering

3.1.1 Table 1: impact of parameter variations scaled
by 0.95

Table 2 highlights the role of reducing each hydrological
parameter by 5% on five state variables: soil moisture (&),
surface runoff (Q;), river flow (RQ,), water height (), and
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The impact of f, over the soil moisturization and amplifying the
height of the flood studied by the FF-Flood dynamical model (1.1) for
the FF-orders 0.98. (a) The impact of > over the soil moisturization. (b)
Flood height analysis based on the variation of the f..

flood-affected area (). The parameters impacted include:
fraction of rainfall contributing to surface storage (f)),
depletion the surface storage (f,), infiltration
(k;), rainfall-to-runoff ratio (#), soil storage
threshold (6), runoff-to-river rate (1), and river overflow rate

in
coefficient

(¢). Decrease in f; significantly increases © while reducing Q;,
‘H, and 2. Slightly reducing f, and k; increases &, as less water
exits the soil via evapotranspiration and infiltration. And
reducing 7 greatly reduces Q,, Q,, H, and ;. The most
sensitivity of 6 is observed when reduced it enhances Q, and
%[f, showing flood intensification due to diminished soil
holding capacity. The reductions in A and ¢ cause delayed
river flow and overflow, gradually. Overall, even small
negative perturbations to these parameters variate the flood
expansion pathways.
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Cumulative probability for the frequency distribution over river
flow Q, of the FF-Flood dynamical system (1.1) for the variant fi.

3.1.2 Table 2: impact of parameter variations scaled
by 1.05

Table 2 evaluates the system’s response to a 5% increase in
the same set of hydrological parameters. Increasing f; (rainfall
into soil) reduces soil moisture S, likely due to quicker
through the
Interestingly, Q,, H, and Af also decrease, implying less

infiltration and dispersion soil  profile.
water is reaching the downstream flood zones. In contrast,
increasing f, (evapotranspiration) leads to a decrease in S
and slight increases in Q, and H, suggesting that a more
active water cycle accelerates water movement. An increase in
1 (rain-to-runoff efficiency) significantly elevates Q,, H, and Ay,
due to faster surface water movement. Higher 6 reduces Q, and
downstream values, implying that a higher storage threshold
buffers runoff. Notably, an increase in A and ¢ amplifies both Q,
and Ay, as water transfers more efficiently into the river and
overflows to flood zones. These outcomes confirm the model’s
sensitivity to small positive deviations and suggest control
strategies focused on modifying these parameters to reduce

flood impact.

3.1.3 Table 3: impact of parameter variations scaled
by 1.10

Table 3 explores the influence of a 10% increase in each
hydrological parameter. A sharp rise in f; drastically reduces
Qr, H, and Ay, indicating that diverting more rain into the soil
dampens flood severity. In contrast, increasing # and A greatly
intensifies Q, and Ay, indicating that more efficient runoff and
quicker river discharge dramatically elevate flood risks. The
increase in f, has minimal effect on the variables, suggesting
the evapotranspiration rate plays a moderate role in the overall
system behavior. Notably, an increase in 6 (soil storage threshold)
decreases downstream impacts, confirming its buffering role.
Meanwhile, the higher overflow rate (¢) significantly increases
Ay, emphasizing the importance of overflow infrastructure in
floodplain management. These results demonstrate non-linear
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TABLE 2 Impact of parameter variations scaled by 0.95.

Paramter ) Qs Qr H Af

Rain—Soil 131.82 28.715 250.46 335.32 5738.8
ET Rate 136.17 27.413 238.55 316.40 5361.2
Infiltration 138.13 27.097 233.13 307.80 5231.8
Rain— Runoff 133.52 25.322 218.95 285.29 4845.8
Soil storage 135.20 29.645 258.96 348.98 5984.4
Runoff—River 132.69 27.563 227.87 299.43 5096.4
Overflow rate 134.29 27.046 232.59 291.60 4962.7

TABLE 3 Impact of parameter variations scaled by 1.05.

Paramter ) (@ Qr H Af

Rain—Soil 139.90 26.510 229.00 301.21 5101.3
ET rate 135.17 27.518 237.75 31513 5369.1
Infiltration 134.28 27.097 233.12 307.75 5238.1
Rain— Runoff 132.94 28.920 250.01 334.61 5711.7
Soil storage 132.51 26.116 225.88 296.39 5026.5
Runoff—River 134.45 27.527 250.56 335.52 5715.5
Overflow rate 13491 26.306 227.03 313.01 5300.2

TABLE 4 Impact of parameter variations scaled by 1.10.

Paramter ) (@ Qr H Af

Rain—Soil 145.87 25.931 224.56 294.34 4983.2
ET rate 134.09 27.404 236.60 313.35 5353.7
Infiltration 131.33 27.097 233.11 307.76 5243.4
Rain—Runoff 132.66 30.344 264.43 357.58 6073.2
Soil storage 133.01 24.839 215.46 279.68 4729.6
Runoff—River 134.76 27.928 265.04 358.49 6089.1
Overflow rate 136.63 27.285 235.52 342.71 5830.5

dynamics: some parameters like # and A strongly control
flood escalation, while others such as f, show more passive
influence. Thus, proper calibration and structural mitigation
targeting high-impact parameters could be effective in reducing
vulnerability to extreme flood events. A similar illustration is given

in the Tables 3, 4.

4 Deep learning analysis of flood
dynamical system

Training an AI model for getting an optimal function f that
integrate input data X to output Y and to minimizes a loss
function L(f (X),Y) by the help of parameters adjustments are
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FIGURE 11

Training the models data for the deep learning based analysis FF-flood dynamical system (1.1) with best validation performance 2.6298 x 1079 at
987th epoch. (a) Training of the data for the deep learning of complex FF-Flood dynamical model (1.1) for the FF-orders 0.98. (b) Mean Square Error for
the complex FF-Flood dynamical model (1.1), for the FF-orders 0.98.

illustrated for the FF-Flood dynamical system (1.1) in this  where, in Equation 4.1, the { represents model parameters (weights,
section. The optimization algorithm is illustrated by: biases) 7, is the learning rate, VL({) is the gradient of the loss
function. The use of #, largely impacts convergence. Too large a

((Hl) = ((t) - WOVL(H(t))’ (4.1) value leads to instability, while too small a value slow the
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FIGURE 12

Deep learning results for water cycle mechanism (1.1) for the FF-orders 0.98 by Levenberg-Marquardt techniques for regression and error
estimations. (a) Error histogram with 20 bins representing the zero error, training data set, validation, and testing data for the FF-Flood dynamical system
(1.1). (b) Regression in the training, validation and test data sets for FF-Flood dynamical system (1.1).

convergence. In Figure 11a, the simulation data is trained for the
deep learning of the FF-Flood dynamical system (1.1) for the
FF-orders 0.98.

The MSE is calculated by the following formula:
MSE = %Z?:l (F; = F))?, where F;, is the predicted output. The
validation performance was determined to measure the model’s
potential to generalize the unseen data during training. Cross-
validation technique was utilized to partition the dataset into
training and validation subsets. Notably, the optimal validation
outcome was obtained at the 987th epoch, yielding a minimum
error of 2.6298 x 107,
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4.1 Mean square error

This section is dedicated to the AI based analysis for mean
square error of the computational data driven from the FF-flood
dynamical system (1.1). For this, 998 data points were
considered. In this data, 499 points were assumed as the input
data points while 499 points as the target data points. The data
was trained under Levenberg-Marquardt principles given in the
Figure 11. A gradient 0.00033837 was recorded for the epoch
987 with g = 1 x 107" in the and best validation performance was
noted as 2.6298 x 107 at 987th epoch in the Figures 11a,b,
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Neural-network predictions vs. actual data sets of the variables of the FF-Flood dynamical system (1.1) for the FF-orders 0.98.

respectively. The data analysis has shown a decreasing mean
square error graph.
1 ¢ ~ 2

MSE = — ;(}'i—}'i) ,
where F; are actual values, F ; are predicted values, and m is the
number of data points. A lower MSE shows better model accuracy.
The BVF marks the optimal point where the model generalizes well
to unseen data without overfitting or underfitting.

The Figure 12 is presenting error recognition and regression
analysis of the data for the FF-Flood dynamical system (1.1). In the
Figure 12a, the error histogram is showing the error around zero
error for the validation, training, and testing data. The Figure 12b is
describing the regression of the data which is shown as R = 1, which
is confirming the best approach of the data analysis with the help of
the artificial intelligence.

4.2 Regression of the data

The regression models are used to predict continuous values in
corresponding to the input data points. We use linear and logistic
regression for this analysis. The mathematical expression behind the
linear regression is:
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Y =8 + KUy + KU, + - + U, + €%, (4.2)

in Equation 4.2, e ® is denoting the random error. The 9% is
produced the following optimization procedure Equation 4.3
is expressed:

* = UU Uy (4.3)
While the logistic regression generates the probability of a data and
is based on the following relationship Equation 4.4:

1

P(Y = 1|u) = 1+ e,(9§+9?141+“‘+9f“n)

(4.4)

This function, ensures output probabilities in between 0, and 1. An
error histogram for the error distribution is computed as in
Equation 4.5:

E = mgi_mgh (4.5)

where, ,,,G; are the actual values of the membrane potential while mG;
are the predicted values. One can see some more relevant works on the
topic in Wan-Arfah et al. (2023). The regression data is presented in the
four subgraphs. The first subgraph is about the training data where the
Output = 1 x Target + 7.4™% which has given the regression R = 1.
For the validation portion, the output is obtained with the
perturbation relation: Output ~ 1 x Target —7.3°%. The test data
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set has used the output relationship Output ~ 1 x Target +8.57%.
The accumulative regression is measured by the relationship
Output ~ 1 x Target +2.37%. This error was evaluated by the
relationship Error = Targets — Out puts.

In Figure 13, the neural networking is applied for the dynamical
studies of the actual with the prediction data sets. It is observed that
there is a very close similarity in the simulations for all the classes
between the actual and the predicted data sets. The state 1 is showing
the NN vs. actual comparison for the surface storage &. The actual
data is represented by the red dotted line while the NN prediction is
presented by the green dashed line. State 2 is about the surface runoff
s, the Q, is compared for the real and predicted data sets, The
water level . The final graph is for the affected area by the flood
studied under the FF-Flood dynamical system (1.1). All these
simulations are obtained for the FF-orders 0.98. Figure 13
compares neural network predictions with actual data for
hydrological variables, showing close agreement. It includes
surface storage ©, runoff Q;, discharge Q,, water level H, and
flood-affected areas using the FF-Flood model.

5 Conclusion

In this paper we considered a FF-flood dynamical system for the
solution existence with stability results for the Hyers-Ulam type,
numerical simulations and Al-based deep learning. The paper is
structured for the computational results therefore the qualitative
analysis is not given with their proofs. Although, we highlighted the
related works from the available literature. In Section 2, the
theoretical results are given related to the presumed model (1.1).
In the Section 3, we have developed a numerical scheme based on the
Lagrange’s interpolation polynomial for the simulations of the
model. The scheme is then applied to an illustrative example for
soil moisturization, water level raise and depletion affecting the flood
dynamics. For lower f; and higher f5,, the maximum surface runoff
is observed. Also, the flood is getting higher level for the lower level
of the rain infiltration.

The Figure 12 is presenting error recognition and regression
analysis of the data for the FF-Flood dynamical system (1.1). In
the Figure 12a, the error histogram is showing the error around
zero error for the validation, training, and testing data. The
subfigure 12b is describing the regression of the data which is
shown as R=1, which is confirming the best approach of
the data analysis with the help of the artificial intelligence.
The regression data is presented in the four subgraphs.
The first subgraph is about the training data where the
Output =1 x Target +7.4x 1077 which  has the
regression R =1. For the validation portion, the output is

given

obtained with the perturbation relation: Out put =~ 1 x Target —
7.3 x 1070,

The study can be continued in a number of ways with
and different
transmission rates for different regions. We highlight the

consideration of more variables, parameters
following few points:

e Model
ecosystem variables such as vegetation and soil properties

Integration with Ecosystem Factors: Including

to incorporate their impacts on flood dynamics.
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e Data-Driven Calibration: Improving model significance by the
help of remote sensing and hydrological data for real-time
estimations.

e Climate Change Impact Analysis: Extending the model
to simulate flood behavior wunder future climate
scenarios with the increase in atmospheric gases and
temperature.

e Multi-Scale Model Validation: Validating the model across

different geographic factors to assess robustness.
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