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Abstract
In this analysis, a contagionmodel is a straightforward yet effectivemathematical
approach—that was used to forecast the temporal change of the outset and con-
tiguous distribution and recession of flooding in metropolitan roadway networks.
A system of metropolitan roadways must be flood-resistant in order to provide
public services and deal with emergencies. The dispersion of floodwaters is a
complicated temporal-spatial process that affects urban networks. In compari-
son to the SEIR (Susceptible-Exposed-Infected-Recovered) prototype, a system of
ordinary differential equations, four macroscopic characteristics, rate of includ-
ing flood spreading represented by (β), rate of flood incubation symbolized by
(α), and rate of recovery highlighted by (µ), can be used to understand how floods
evolve within networks. Additionally, by joining the backpropagated neural net-
work and the Levenberg—Marquardt algorithm (NN-BLMA), surrogate solutions
to the model are discovered. This method has some clear advantages over con-
ventional ones, including flexibility, comparatively simple implementation, and
fastest results. Reference solutions are generated using the Runge-Kutta of order
four (RK4) method. We have examined three distinct scenarios to analyze our sur-
rogate solution models. By changing α, β, µ, and k, the mathematical model’s sta-
bility and equilibriumare examined. To gauge the validity of ourmachine learning
process, we categorize our candidate solutions into training, testing, and experi-
mental class. The efficacy of the NN-BLMA scheme has been confirmed by com-
parative examinations of statistical values based onmean squared error function
(MSEF), effectiveness, regression plots, and failure histograms.
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1 Introduction
In light of the crucial part that transportation plays in the handling of emergency situations, the delivery
of necessary services, and the upkeep of economic prosperity [1], the resistance of metropolitan road
networks to natural threats, rising amount of attention, especially particular incidents of floods [2, 3].
Metropolitan networks are subject to floods that spread across space and time, and a significant amount
of spatial-temporal ambiguity is created, which has an impact on preventative measures like evacuation
and swift emergency response [4]. The improvement of urban road network resilience depends on the
development of efficient prediction technologies to foresee the features of flooding episodes [5]. Much
research has been conducted to investigate the spatial and temporal features of floods in urban networks.
These studies looked at the effects of stressful circumstances [6–8] as well as cascading impact on roads
system [9, 10]. Empirical research using satellite photos remote sensors [11], hydraulic data [12], or re-
mote sensors [11], in particular, have tried to capture the features of urban flooding. The profile of stress-
ful environments over time, like the length of time that cyclones continue to produce rainfall, is one of
the primary drivers of the temporal evolution of flood status [12]. This temporal information makes it
easier to identify the outbreak as well as the points of inflection for floods in networks that have been
affected. Flooding also shows a high degree of spatial correlation [13], which means that road segments
that are co-located with one another have a greater chance of being flooded in the time increments that
immediately follow them, as shown by the model’s digital timestamps [14]. For instance, a hydrologic
analysis of regional flooding quantiles for 575 Austrian catchments revealed that the regional frequency
of floods can be accurately predicted by one’s closeness to flooded areas. This information was found
through the application of justified flood quantiles [15]. Although empirical investigations have shown
the intricate temporal-spatial dynamics of floods, their ability to forecast floods frequently depends on
various hydro-geomorphological inspecting datasets and rigorous calculation [16]. Because they take too
long and cost toomuch to run, the current physics-dependent hydrodynamic paradigmsmay not be capa-
ble of producing accurate predictions about flood propagation and road segment downfall in a very short
time frame [17].To address the shortcomings of numerical approaches, machine learning algorithms have
been created and evaluated in the context of forecasting the movement of floods in metropolitan settings
[18, 19].

Without dependence on a variety of source variables andhistorical information, like the amount
ofwater and the breadth of the roadways, amathematical formulation that can depict the temporal-spatial
course of floods is needed is actually necessary given the flaws of existing models. Recent research has
shown that spreading happens in a range of systems, such as the development of transportation traffic
jams, the spread of transmissible diseases among people, the dispersal of ideas in social networks [20],
and the development of inundation in metropolitan networks of road [21, 22], share a surprising degree
of similarity with one another. Our study intended to characterize the flood’s spreading mechanism us-
ing generalized mathematical transmission paradigms, such as conventional epidemic prediction models.
These studies served as the basis for this research [23]. The currently available models of epidemics pro-
vide a numerical and analytical framework to measure and forecast numerous propagating events in a
range of different scenarios. The well-known susceptible-infectious-recovered (SIR) prototype, in particu-
lar, was responsible for the creation of the fundamental components of epidemic modeling through the
utilization of infectious and recovery rates. Two key ideas underlie these mathematical models: homo-
geneous mixing, where each entity has an equal chance of coming into contact with an infected entity,
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and compartmentalization, where each entity is linked with a chamber [24]. Each road cell has a corre-
sponding flood status when there is flooding, either functional flow or flooded. That’s why I think the
compartmentalization concept works for the flooding propagation problem. Themodeling of contagion is
greatly simplified by these theories sincemathematical simulation can still show time development. of the
proportion of affected individuals in the networks without requiring knowledge of the network’s geometry.

The task of predicting flood risk should consider the floodwater’s temporal and spatial char-
acteristics in roadway networks. In addition to determining the percentage of roads under flood at each
timestamp, metropolitan flood threat characterization requires pinpointing the locations of flooded roads
as flooding happens. Thus, these requirements cannot bemet by puremathematicalmodels. The network
percolation procedure has lately received attention in this area because it can encapsulate the spreading
mechanism via topological connectivity in networks [25]. According to percolation theory, the likelihood
of infected neighbors spreading an illness depends on the assumption that local network components
exhibit heterogeneous mixing [26]. The edges of the percolated network are particularly where the in-
fection progresses from a starting node [27]. As a result, the percolation process weakens contacts over
the entire network and represents the "amplification" impact of neighbors. The likelihood of an illness
spreading to anyone the node comes into contact with is higher. Given that it takes into account the geo-
graphical restrictions and co-location of urban networks, this characteristic is crucial for the prediction of
flood propagation in metropolitan networks. The percolation mechanism would not be able to show the
temporal progression of floods in metropolitan networks without the time data on the fraction of flooded
roadways.

The implementation of optimization techniques for solving nonlinear differential equations has
recently been the subject of research. To enhance a specific procedure while staying within the constraints
of an assignment or program, we refer to optimization as the application of standardized operations,
strategies, subject areas, and tactics. There are a variety of approaches one can take in order to modify a
process in such amanner that it functionsmore efficiently than it did in the past. This can be accomplished
through. Deleting a process step, creating a new process step, or revising an existing process phase are
examples of simplifications that can aid in the streamlining of a workflow. Recent times have seen the
application of optimization methods for the purpose of optimizing the weights in neural networks. Re-
cent times have seen the application of optimization methods for the purpose of neural network weight
optimization. The initial studies that would eventually become the area of neural network science were
conducted in the early twentieth and late nineteenth centuries (ANNs). The primary emphasis of this re-
search was placed on collaborative efforts among researchers in the domains of neurophysiology, physics,
and psychology. Even though this early research concentrated on basic concepts related to perception,
conditioning, and learning, among other subjects, It failed to offer precise mathematical models of the
behavior of neurons in particular networks. As a consequence of these most recent developments, the
investigation of neural networks has been given a second chance at life. Academics have studied a huge
spectrum of ANN types during the last two decades, publishing a considerable number of research papers
in the process. The most widely used artificial neural networks (ANNs) for a variety of problems are those
that use supervised learning and have three layers: an output layer, a hidden layer, and an input layer.
Figure (1) these are the kind of ANNs that are called artificial neural networks (ANNs).

Several applications of neural networks have recently been utilized in conjunction with opti-
mization techniques to handle a wide range of problems. The ODE system’s solution for flood retraction
and spread in urbanmetropolitan roadway networks, as well as a prototype of flood spreading and retrac-
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tion inmetropolitan roadway networks, are examples of these issues involving the use of a neural network
with a feed-forward architecture to propagate floods. Because of the significance of this research, we have
been inspired to implement and enhance the performance of the ODE system and the solutions, further
developing the idea of supervised machine learning. The following is a list of important aspects that will
be covered in the planned research:

• A revolutionary approach to machine learning is carried out in the targeted system by a computer
that is not impacted or subject to the singularity and continuity of the ODE.

• Multidimensional data can be applied with methods of machine learning. By using the Levenberg-
Marquardt method for local search optimization, they may efficiently supervise the provided data.

• The method’s consistency and effectiveness are shown by the procedure’s smooth convergence
throughout the optimization of an optimization problemdetermined by themeasure ofmean square
error.

Figure 1. Three-layer feed-forward neural network’s architecture.

2 Flood Propagation Model and Road Networks
The model that is being presented includes the following components: modeling of road networks, char-
acterization of flood spread, andmodel solution utilizing artificial neural networks (ANN). This paradigm of
flooding propagation in metropolitan road networks is similar to that of an epidemic. It takes into account
both the regional possibility of flooding influencing other nearby roads as well as the overall dynamics of
flood levels.

2.1 Modeling of the Road Network
There is an emphatically large number of road sections in a network, with the majority being between
100 and 800 meters each. The information on the state of the traffic that is collected at the level of the
road segment offers adequate spatial resolution to properly evaluate the extent to which road networks
are impacted by flooding.
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In order to facilitate the process of locating a point on a geographical map, each point has a
longitude and a latitude assigned to it. As a result, a road section may be demonstrated as (lngs, late, lats,
lnge), here the starting mark’s longitude lngs and latitude lats and the ending mark’s longitude lnge andlatitude late. Banded road segments often do not enclose flooded areas, despite the fact that they offer a
useful resolution for understanding the situation in metropolitan networks. This is despite the fact that
road segments offer a better knowledge of the situation. In addition, the vast segments and the intricate
linkages between them in the networks would result in a substantial increase in the amount of processing
that was required. As a result, when it comes to modeling road networks, segment-to-segment modeling
must be restricted to ensure efficient calculation and to follow the natural pattern of flood spread. In
order to accomplish this goal, grid decomposition, a method that is quite common, was utilized in this
study to generate cells of identical size and to partition the overall study area into several smaller sections.

The geo-coordinates (lngbl, latbl, lngur latur ) of the cell’s spatial boundary can be used to describeit. lngbl and latbl are the longitude and latitude of the bottom left corner, while lngur and latur are the
longitude and latitude of the upper right corner. We use the following standards on the road network to
convert the road segments to the grid:

si ∈ gridj, iflatbl ≤ lats + late2 ≤ laturandlngbl ≤
lnge + lngs2 ≤ lngur. (1)

Once a grid decomposition has been performed, one way to conceptualize the road network that is as-
sembled from individual roadway sections is as a collection of cells.

In actuality, how the gridwas decomposedwould be determined by a variety of different factors.
For example, a large cell would be composed of multiple segments, which could lead to a reduction in
the spatial resolution of the image. As a consequence of this, The model’s capacity to depict the spatial
spread of the flood would be further hampered. A narrow grid that cannot encompass at least one road
section, on the other hand, will fragment the network into discontinuous components, whichwill lead to an
increase in the computing cost. As a result, grid decomposition calls for preliminary testing to guarantee
that each cell in the grid can keep its spatial resolution without unreasonably taxing the computational
resources of the system. To cut down on the amount of computingwork required, once the road segments
have been assigned to cells, cells that are empty will be removed. The remaining cells come together to
form a network, with the cells themselves serving as nodes in the network, and the common borderlines
between the cells serving as links. If we follow these steps, With an average degree of k, we will be able to
create an erratic grid network G that closely resembles the structure of the road networks. The number
of cells typically found next to a given cell in the road system is referred to as the cell’s average degree.

Next, a dynamical binary phase parameter called x are being associated with each one of the
grid network G’s N cells (also known as nodes), so that the quantity of the variable xi(t), which ranges
from 0 to 1, indicates the flood position of node i at the moment t. We use conventional terminology to
categorize the cells as either "functional flow" (F) or "flooded" (C), with F and C corresponding to x = 0 and
1, respectively. When a road is in functional flow, traffic can use it (regardless of traffic level). The flooded
cells are represented by state C within the scope of the flooding propagation procedure. The portion of
flooded cells c(t) = 1

N
∑n

i=1 xi(t) determines the macroscopic flooding event t.
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3 Characterization of flood spread
In terms of time and location, flood spreading and recessionmechanisms vary. Themodel under consider-
ation takes into accountmacro-characteristics to anticipate the temporal dynamics of deluge dispersion in
metropolitan networks and in metropolitan roadway networks to depict the time dimension of flood pro-
gression, see Figure (2). We construct four flooding states for a cell in the first stage by incorporating the
temporal attributes: exposed, functional flow, recovered, and flooded. At time t, C(t) indicates the amount
of flooded units in the network; The quantity of functional downstream cells at time t is represented by
F(t); R(t) reflects the proportion of units that recovered successfully from flooding at time t, whereas E(t) is
a representation of how many cells (i.e., roadways that are in the path of incoming floodwater but where
traffic is still flowing) are still in the floodwater incubation phase. Every cell in the grid network G at time t
= 0 exhibits functional flow with a total of N nodes and an average degree of k. It follows that C(t = 0) = 0
and F(t = 0) = N. Starting at a specific group of nodes, the flood spreads laterally throughout the network.
A unit in the undirected network is often linked to k other units from amacroscopic standpoint. A cell that
has flooded exposes its neighbors to flooding at a rate of beta. It is believed that the connections between
the cells are homogenous for modeling temporal evolution, which serves as the foundation for creating
a system of generic differential equations. The likelihood that a functional flow connection is linked to a
flooded unit at time t is then given by F(t)/N. kF(t)/N therefore interacts with a flooded cell. Water flows
through each cell in the C(t) flooded cells at a rate of beta, and exposed cells turn into flooding at a constant
rate alpha, The average amount of newly uncovered cells, dE(t), over a unit time interval, dt is calculated
using the formula below:

dE(t)
dt = (N− R(t)− E(t)− C(t))C(t)

N βk − αE(t). (2)
Traffic can still move through the exposed cells, which aren’t submerged yet, but they might be

flooded in the next time frames. This phase is known as the flood incubation phase. A road cell can only
be in one of the four defined states of the roadway units. Hence, N should be the result of adding the
four status elements. That is; E(t) + R(t) + F(t) + C(t) = N. For expressing the portion of units in each status,
we use the following parameters: c(t) represents the portion of grid cells that are flooded at time t; The
portion of functional-flow units having accessible road segments at time t is expressed by the symbol f(t);
The portion of cells that recovered from flooding during period t is expressed by r(t); and The portion of
cells that faced exposure to flooding at time t but are still in flood incubation is indicated by the symbol
e(t). Therefore below are the ODE calculations for the rate of change of exposed units.

de(t)
dt = (1− c(t)− r(t)− e(t))kβc(t)− e(t)α. (3)

The product of beta k is known as the rate of transmission or transmissibility. The transmissi-
bility of floodwater can be used to assess its potential to dispersion across a metropolitan network at the
same spreading rate. This helps us to comprehend the consequences of the topological framework of a
metropolitan network on floodwater transmission. Every timestamp causes a section of the functional-
flow units to become naked, hence the following expression can be used to indicate the rate at which this
portion is reducing:

df (t)
dt = −β(1− r(t)− e(t)− c(t))c(t)k. (4)
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A portion of the exposed nodes could flood concurrently at a α rate in a unit time frame. More-
over, certain of the flooded units are being restored at a cost of µ. As a result, the following formula can
be used to express the rate of change of the proportion of flooded units and the proportion of recovered
cells:

dc(t)
dt = e(t)α− c(t)µ. (5)
dr(t)
dt = c(t)µ. (6)

The likelihood of a flooded unit being linked to a functional-flow unit might be approached
to zero in a wide-scale network when N is huge. The prediction is more manageable and reliable in the
macroscopic range when homogeneous mixing is assumed. Furthermore, it must be highlighted that the
mathematical approach does not account for mortality (i.e., major road damage that would render them
impassable once the floodwaters have subsided). While substantially damaged flood-damaged road cells
are rare, It is rational and realistic to exclude the mortality. The model ingredient designed to reflect the
temporal elements of flooding level utilizing macro attributes is built on the previous constructs (2).

Figure 2. Flood spreading and recession in metropolitan roadway networks using a network percolation-basedcontagion model. The contagion model is used to calculate the flooding rate in cells.

4 Method of Solution
The approach and materials used in this work to forecast numerical solutions for the spread of floods on
roads are described in this part.

4.1 Artificial Neural Networks
An acronym for a parallel architecture that is influenced by the way the central nervous system processes
information is ANN. A series of interconnected computing devices known as a neural network gives com-
puters A capability for learning and behavior similar to those of human brains. In conducting related
studies, neuroscientists who study neurons in human and animal brains developed the idea of neural
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networks. Artificial intelligence is a field that is constantly working to give computers the capacity to pro-
cess data and draw results in a way that resembles humans. An artificial neural network, which is an
area of artificial intelligence, is a cutting-edge concept in this field. Although there are various alternative
ANN designs, the multi-layer feed-forward neural network, is the most widely used one. A mathematical
description of an ANN’s framework is as follows:

yj = Ai(
n∑
j=1

wjxj + bj), (7)
here, xj refers to the inputs, n for the amount of samples, wj for weighing the connection, The bias vectoris symbolized by bj and activation function is symbolized by Ai. The weighted vectors w1, w2, w3,...., wn,weights and the n-dimensional input vectors x1, x2, x3...., xn are used to parameterize the activation func-
tion A(x,w). An S-shaped, curved sigmoid function serves as the activation function in this scenario (log
sigmoid).

Ai = 1
1 + e−(wx+b) . (8)

The feed-forward neural network (FNN), commonly referred to as the MLP is a type of neural
network that has a hidden layer between the input and output layers. The term "hidden layer" refers to
this layer. The amount of neurons utilized within the network is shown by the amount located below the
hidden layer. A controller for ANN is shown in Figure (3).

Figure 3. Artificial neural network controller.

4.2 ANN with LM Algorithm
Machine learning is the area of artificial intelligence that focuses on how to teach machines to learn from
the information presented to them. Machine learning algorithms are a class of computing methods that
"learn" data straight from it as opposed to depending on a model equation. Artificial intelligence employs
these algorithms (AI). These algorithms are capable of dynamic performance gains as more data points
become available for learning. Also, the operational states of the suggested approach (NN-BLMA) are
addressed below and illustrated in Figure (4).

• A numeric algorithm, such as the RK method for supervised machine learning technique, produces
the initial collection of data. In this step, the predictive model’s effectiveness on real datasets is
evaluated.

• Furthermore, the feed-forward design of an artificial neural network (FFNN) with 10 neurons in the
hidden portion is created in MATLAB using the NFTOOL, as illustrated in Figure (3). The 1251-point
dataset from the starting stage is provided to the FFNN as targeted data. The dataset is divided into
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testing, validation, and training for the FFNN model, with weightings of 15%, 70%, and 15% respec-
tively.

• In models of feed-forward neural networks (FFNN), the objective function is frequently the mean
squared error (MSE). The MSE calculates the average discrepancy between the output that was ex-
pected and what was actually produced. In order to increase the model’s accuracy, the goal is to
decrease this error throughout training. The fitness function (E) are being expressed mathematically
as:

E = 1
m ( m∑

j=1
ŷj − yj). (9)

where the projected value of the target variable for the jth sample in a dataset is denoted by the
symbol yj• A non-linear least-squares function is reduced using an optimization technique known as the
Levenberg-Marquardt algorithm. To control the trade-off between exploitation and exploration, it
combines the method of gradient descent and Gauss-Newton methods and makes use of damped
components. Equations in nonlinear systems are often solved using it in applications like curve fit-
ting, training for artificial neural networks, and these others. It is a useful technique for determining
the optimal weights related to Equation’s anticipated solution (9). The weights are adjusted by this
algorithm until the difference between the actual and expected solution is minimally possible.

Figure 4. Flowchart of the design algorithm.

5 Results and Discussion
We analyze multiple instances of the mathematical model for flood spreading and recession in metropoli-
tan roadway networks to assess the effectiveness and efficiency of the design methodologies. The
variations in four factors—average degree k, rate of flood spreading β, rate of flood incubation α, and
rate of recovery µ are used to determine the instances. We altered the parameter settings for each of
the three scenarios. With a probability of 70% of test data, 15% of training data, and 15% of validation
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data, the design technique yields outcome data sets. The mean squared error (MSE) of the design
technique is displayed in the performance graph. The design technique illustrates the best validation
performance in Figure (5), Figure (6), and Figure (7) because the error is minimized after a few training
epochs, but the network may perform better on the validation data set if it starts to over-fit the training
set. The scenario 1 outcomes for performance fall between 2.0468×10−10, 1.2775×10−09, 1.5932×10−10
and 1.5064×10−12. Similar to instance 1, scenario 2 and scenario 3 performance data fall between
9.4136×10−11, 1.7621×10−09, 4.416×10−11, 1.0663×10−11, 2.2113×10−11, 1.328×10−09, 1.9832×10−10
and 1.2305×10−09 respectively.

  ((a)                                                                ((b))

        ((c))                                                                     ((d))
Figure 5. The mean square error of the NN-BLMA for the consequences  of  floodpropagation and recession for scenario 1.

Figure 6. The mean square error of the NN-BLMA for the consequences of floodpropagation and recession for scenario 2.
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((a)) ((b))

((c)) ((d))
Figure 7. The mean square error of the NN-BLMA for the consequences of floodpropagation and recession for scenario 3.

The statistical performance of each instance in regard to mu, gradient, and validation
failures is displayed in Figure (8), (9), and (10). For case 1, the gradient values range around
9.5798×10−08, 9.9573×10−08, 9.8544×10−08 and 9.7364×10−08, while the values for scenario 2 and 3 are
9.0153×10−08, 9.9528×10−08, 9.962×10−08, 9.771×10−08, 9.5629×10−08, 9.8994×10−08,9.9463×10−08
and 9.8852×10−08 respectively. All cases’ mu values fall within the range of 1×10−08 to 1×10−11. The
regression plot displays the network outcome in relation to the target for the sets of training, validation,
and test. A perfect match requires that the data lie on a line with a 45-degree angle where the network
outcomes and targets are equal. The regression figure shows us that R = 1 is the value when the data
are at a 45-degree angle. Figures (11) of this article display the regression analysis for each scenario.
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Regression values are 1 in all situations using equation (10), according to the figures, exactly matching
the network and the targets.

R2 = 1−
∑m

j=1(ŷj(t)− ȳj(t))2∑m
j=1(yj(t)− ȳj(t))2) , (10)

AE = |xj(t)− x̂j(t)|, (11)
m is the amount of mesh points, while xj, x̄j, and x̂j stand for the reference, approximation, and mean of
the solution at the jth input. The MSE and AE should both equal zero for perfect fitting, whereas R2 should
equal one.

Figure 8. NN-BLMA Performance depending ongradient, mu,andvalidation failures throughoutthe optimization process forscenario 1.

Figure 9. NN-BLMA Performance depending on gradient, mu, andvalidation failures throughout the optimization process for scenario 2.
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Figure 11. Analyzing the Role of α, β, µ, k in flood propagation Using Regression.

Figure (12), Figure (13), and Figure (14) display the histogram of errors among the targets and
outputs during neural network training. Using distinct color bars, the errors within the training, validation,
and testing data are highlighted. The majority of the points’ error bars are quite close to the zero error
line, indicating that the targets and the outputs are accurately matched and have the fewest faults. This
demonstrates the precision of our design method. For instance 1, a flawed values fall between 10−05
to 10−06, 10−04 to 10−06, 10−05 to 10−06, and 10−06 to 10−07. For case 2 and case 3, the error values
fall between 10−05 to 10−07, 10−04 to 10−06, 10−05 to 10−07, 10−05 to 10−07, 10−05 to 10−07, 10−04 to
10−06, 10−05 to 10−07, and 10−04 to 10−06 respectively. Likewise, the fitness curves for different cases
are illustrated in Figure (15), (16), and (17) respectively.

((a)) scenario 1                                                     ((b))scenario 2 ((c)) scenario3

            ((a))                                               ((b))                ((c))                                           ((d))
Figure 10. NN-BLMA Performance depending on gradient, mu, andvalidation failures throughout the optimization process for scenario 3.

((a))                                                            ((b)) ((c))                                                      ((d))
Figure 12. Histogram study of the differences between the targeted data andapproximative solution for scenario 1.
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Figure 15. Performing a comparative analysis of the approximate solutionsthatwere generated by NN-BLMA and the numerical solutions for scenario 1.

Figure 14. Histogram study of the differences between thetargeteddataandapproximative solution for scenario 3.

Figure 13. Histogram study of the differences between the targeteddataandapproximative solution for scenario 2.

Figure 16. Performing a comparative analysis of the approximate solutions thatwere generated by NN-BLMA and the numerical solutions for scenario 2.
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Figure 17. Performing a comparative analysis of the approximate solutions thatwere generated by NN-BLMA and the numerical solutions for scenario 3.
The data set offered by the computing system is demonstrated in the tables below. The ef-

fectiveness results in validation, training, testing, etc. are displayed in the tables. The best performance
information for each of the three scenarios is shown in Table (1). The tables also include the amount of
iterations, regression, and hidden neurons for each scenario.

Additionally, Figure (18) correlates the outputs (solution obtained by running NN-BLMA) to the
targets (numerical solution of the paradigm) acquired via the "ND-Solve" package in Mathematica. The
solid serves as the solution by NN-BLMA, while the cross lines display the result of numerically solving the
model using Mathematica’s "NDSolve" package. The accuracy of our design method is demonstrated by
the fact that the solutions from NN-BLMA fall precisely on the targets’ solution lines in the figure. When

Cases functions Hidden
Neurons

Training Validation Testing Gradient Mu Epochs Regression

Case 1 f(t) 10 1.6× 10−10 2.1× 10−10 1.9× 10−10 9.95× 10−08 1× 10−10 102 1
e(t) 10 9.3× 10−10 1.3× 10−09 1× 10−09 9.96× 10−08 1× 10−08 375 1
c(t) 10 1.5× 10−10 1.6× 10−10 1.4× 10−10 9.85× 10−08 1× 10−08 246 1
r(t) 10 1.3× 10−12 1.5× 10−12 1.2× 10−12 9.74× 10−08 1× 10−11 65 1

Case 2 f(t) 10 9.2× 10−11 9.4× 10−11 1.1× 10−10 9.0× 10−08 1× 10−10 165 1
e(t) 10 1.8× 10−09 1.7× 10−09 2.02× 10−09 9.95× 10−08 1× 10−08 279 1
c(t) 10 4.1× 10−11 4.4× 10−11 4.7× 10−11 9.96× 10−08 1× 10−09 140 1
r(t) 10 1.1× 10−11 1.0× 10−11 1.1× 10−11 9.77× 10−08 1× 10−10 67 1

Case 3 f(t) 10 2.1× 10−11 2.2× 10−11 2.5× 10−11 9.56× 10−08 1× 10−10 195 1
e(t) 10 1.2× 10−09 1.3× 10−09 1.1× 10−09 9.9× 10−08 1× 10−08 381 1
c(t) 10 1.9× 10−10 2.0× 10−10 2.1× 10−10 9.95× 10−08 1× 10−08 402 1
r(t) 10 1.21× 10−09 1.23× 10−09 1.2× 10−09 9.89× 10−08 1× 10−08 214 1

compared, The time it takes to get to the maximum point of flooding and the amount of flooded units
at the maximum would both decline as the dispersion rate (β) and rate of flood incubation (α) increased.
The amount of flooded units at the highest point is greatly reduced by a rise in rate of recovery µ, while
the development rate of the flooded cells is increased by a rise in average degree k of the networks. The
tables below provide an illustration of the comparison between the statistical data provided by the Math-
ematica ’NDSlove’ package and the results of NN-BLMA. The contrasting examination of the two solutions
for scenario 1 is presented in Table (2), while the scenario 2and scenario 3’s comparisons can be seen in
Table (4) and Table (6), accordingly, and their absolute differences are shown by Figure (19) and Tables (3),
(5), (7) respectively.

Table 1. Statistical analysis of the values of the validation, testing, and training data along with performancemeasures computed for the error in thesolutions of flood propagation.
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((a)) Comparison graph for case 1
α = 1,β = 1, µ = 0.1, k=3. ((b)) Comparison graph for case 2

α = 1.2, β = 1.2, µ = 0.12, k=3.1.

((c)) Comparison graph for case 3
α = 1.4, β = 1.4, µ = 0.14, k=3.2.

Figure 18. Comparison between RK-4 and NN-BLMA solutions of each case.

((a)) Absolute difference RK-4 and NN-BLMA for case 1
α = 1,β = 1, µ = 0.1, k=3. ((b)) Absolute difference RK-4 and NN-BLMA for case 2

α = 1.2, β = 1.2, µ = 0.12, k=3.1.

((c)) Absolute difference RK-4 and NN-BLMA for case 3
α = 1.4, β = 1.4, µ = 0.14, k=3.2.

Figure 19. Absolute difference RK-4 and NN-BLMA solutions of each case.
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f(t) e(t) c(t) r(t)
input RK-4 NN-BLMA RK-4 NN-BLMA RK-4 NN-BLMA RK-4 NN-BLMA
0 1 1.0001 0.02 0.02012 0.02 0.02002 0.02 0.02001
1 0.905 0.905 0.0725 0.073 0.0592 0.0592 0.0236 0.0236
2 0.674 0.673 0.182 0.182 0.170 0.171 0.034 0.0343
3 0.332 0.333 0.282 0.282 0.385 0.385 0.0613 0.062
4 0.121 0.121 0.226 0.227 0.601 0.602 0.112 0.112
5 0.068 0.068 0.112 0.112 0.702 0.702 0.177 0.178
6 0.061 0.061 0.045 0.0451 0.7054 0.7055 0.248 0.24853
7 0.0602 0.0602 0.017 0.0170 0.665 0.666 0.3172 0.3172
8 0.0601 0.0601 0.0063 0.0063 0.612 0.612 0.381 0.381
9 0.06001 0.06001 0.0023 0.0023 0.558 0.558 0.439 0.440
10 0.060 0.060 0.0009 0.0010 0.506 0.507 0.492 0.493

Input Absolute difference
in f(t)

Absolute difference
in e(t)

Absolute difference
in c(t)

Absolute difference
in r(t)

0 7.06× 10−05 1.18× 10−04 1.75× 10−05 3.94× 10−06
1 2.24× 10−05 2.22× 10−05 1.33× 10−05 4.51× 10−08
2 1.94× 10−05 3.10× 10−05 3.79× 10−06 5.34× 10−08
3 1.31× 10−05 7.61× 10−06 3.96× 10−06 5.01× 10−07
4 8.58× 10−06 2.31× 10−05 2.71× 10−06 1.54× 10−06
5 1.71× 10−05 2.64× 10−05 2.82× 10−06 1.73× 10−06
6 5.03× 10−06 1.57× 10−05 7.67× 10−06 9.05× 10−07
7 1.55× 10−05 2.79× 10−05 3.32× 10−06 5.21× 10−07
8 2.38× 10−06 2.07× 10−05 2.31× 10−05 1.25× 10−06
9 9.89× 10−08 5.02× 10−05 2.25× 10−05 7.94× 10−07
10 3.98× 10−08 1.27× 10−04 5.57× 10−05 5.80× 10−06

f(t) e(t) c(t) r(t)
input RK-4 NN-BLMA RK-4 NN-BLMA RK-4 NN-BLMA RK-4 NN-BLMA
0 1 0.991 0.02 0.02025 0.02 0.019 0.02 0.02011 0.8661 0.8662 0.093 0.093 0.075 0.076 0.024 0.0252 0.517 0.518 0.24 0.244 0.255 0.256 0.043 0.04323 0.1640 0.1641 0.265 0.265 0.53 0.540 0.090 0.09104 0.069 0.070 0.12 0.125 0.698 0.70 0.167 0.1685 0.0606 0.0607 0.0417 0.0416 0.705 0.7051 0.252 0.25256 0.060 0.060 0.0129 0.0128 0.65 0.652 0.33 0.3347 0.0600 0.0600 0.00391 0.0039 0.588 0.587 0.409 0.4088 0.060 0.060 0.0012 0.0013 0.52 0.53 0.476 0.4759 0.060 0.0601 0.0003 0.0004 0.46 0.47 0.54 0.5310 0.060 0.0602 0.0001 7.38× 10−05 0.412 0.413 0.587 0.588

Table 2. Analysis of the numerical solution in comparison to the results of theNN-BLMA for case 1.

Table 3. Absolute difference betweenRK-4 andNN-BLMA.

Table 4. Analysis of the numerical solution in comparison to the results of theNN-BLMA for case 2.
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Input Absolute difference in f(t) Absolute difference in e(t) Absolute difference in c(t) Absolute difference in r(t)
0 4.38× 10−05 1.53× 10−04 2.58× 10−05 5.39× 10−061 1.72× 10−05 3.26× 10−05 9.32× 10−06 2.05× 10−062 7.41× 10−06 5.18× 10−05 7.04× 10−06 9.03× 10−083 1.05× 10−05 3.28× 10−05 5.18× 10−06 1.22× 10−064 1.54× 10−06 1.59× 10−05 6.68× 10−07 1.69× 10−065 7.49× 10−06 3.99× 10−05 2.91× 10−06 4.76× 10−066 8.21× 10−06 8.15× 10−06 4.99× 10−06 2.79× 10−067 4.02× 10−06 6.44× 10−05 8.70× 10−06 2.55× 10−068 2.66× 10−07 6.95× 10−05 2.12× 10−06 4.76× 10−069 1.60× 10−07 3.27× 10−05 7.26× 10−06 4.79× 10−0610 2.95× 10−07 3.29× 10−05 2.31× 10−05 1.82× 10−05

f(t) e(t) c(t) r(t)
input RK-4 NN-BLMA RK-4 NN-BLMA RK-4 NN-BLMA RK-4 NN-BLMA
0 1 0.99 0.02 0.019 0.02 0.019 0.02 0.0191 0.81 0.817 0.118 0.097 0.0973 0.0972 0.0268 0.02672 0.353 0.354 0.288 0.3621 0.3620 0.3621 0.0564 0.05653 0.0881 0.0880 0.1885 0.654 0.653 0.654 0.13 0.124 0.0613 0.0612 0.057 0.7142 0.7141 0.7142 0.228 0.2275 0.060 0.0601 0.0145 0.661 0.661 0.660 0.324 0.32476 0.060 0.0601 0.0036 0.585 0.584 0.5846 0.412 0.4117 0.060 0.060 0.0009 0.511 0.5106 0.5107 0.489 0.4888 0.06 0.060 0.000212 0.4446 0.445 0.444 0.556 0.5559 0.060 0.060 5.4× 10−05 0.38 0.387 0.386 0.614 0.61310 0.06 0.059 1.3× 10−05 0.336 0.3361 0.3362 0.664 0.663

Input Absolute difference in f(t) Absolute difference in e(t) Absolute difference in c(t) Absolute difference in r(t)
0 3.34× 10−05 1.59× 10−04 7.40× 10−05 1.03× 10−041 8.97× 10−06 3.76× 10−05 1.53× 10−05 4.18× 10−052 8.26× 10−06 1.86× 10−05 7.06× 10−06 3.06× 10−053 7.60× 10−06 3.32× 10−05 1.25× 10−05 4.96× 10−054 2.88× 10−06 3.86× 10−05 8.59× 10−06 3.52× 10−055 6.44× 10−07 4.46× 10−05 1.48× 10−05 4.29× 10−056 1.15× 10−06 2.41× 10−06 1.30× 10−06 1.87× 10−057 1.39× 10−07 3.42× 10−05 1.49× 10−05 2.13× 10−058 1.86× 10−09 3.49× 10−05 7.78× 10−06 2.44× 10−059 1.00× 10−09 1.71× 10−06 1.03× 10−05 3.09× 10−0510 3.43× 10−09 2.38× 10−05 5.43× 10−05 1.06× 10−04

Table 5. Absolute difference between RK-4 andNN-BLMA.

Table 6. Analysis of the numerical solution in comparison to the results of the NN-BLMA for case 3.

Table 7. Absolute difference betweenRK-4 andNN-BLMA.
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6 Conclusion
We investigated an anticipating model that integrates flood propagation characterization and network
fissure processes to forecast the spreading and recession of floods in metropolitan roadway networks
by creating and applying a novel supervised machine learning technique. A machine learning strategy,
a kind of artificial intelligence (AI), updates the weights of a neural network model to forecast estimated
solutions utilizing a set of precise, probabilistic, and advanced optimization techniques. The model is
derived as an ODE system that includes four aspects: the flood incubation rateα, degree k of the networks
on average, the recovery rate µ, and the flood propagation rate β, akin to the SEIR model. The increment
in spreading rate β and rate of flood incubation α would decline the time for achieving the maximum of
flooding and the amount of flooded cells at its highest point. The amount of flooded cells at the peak
is greatly decreased by an increment in recovery rate µ, whereas at the time of the spreading stage, an
increase in the average degree k of the networks significantly accelerates the rate of rising of flooded
cells. The outcomes were also compared with the most recent analytical approaches described in the
work. Comparing the outcomes calculated by using our suggestedmachine learning approach to themost
cutting-edge techniques currently accessible, they are competitive. Additionally, the design algorithm’s
solidity and symmetry are confirmed by the visual and statistical methodologies. Additionally, a significant
amount of graphical and tabular data that exhibit the best results for the mean squared error, regression
analysis, and histogram, serve to highlight the design method’s accuracy.
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