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Abstract
Analysis and reaction to natural disasters have made extensive use of deep learning methods using semantic segmentation 
networks. These implementations’ foundation is based on convolutional neural networks (CNNs), which are capable of 
precisely identifying and locating the relevant areas of interest within satellite imagery or other types of remote sensing 
data. This helps with rescue planning, restoration efforts, and disaster evaluation. Difficulties in the provision of healthcare 
services, due to natural disasters, are made worse by the existing problems prevalent in most healthcare systems. The aim 
of this research is to propose a novel technique in climate change–based disaster management with their public healthcare 
analysis using cloud computing with deep learning techniques. In this research, the cloud network has been used in LiDAR 
image collection for climate change–based disaster-struck regions and their public healthcare analysis. This collected image 
has been classified and optimized using a deep Markov Q-transfer adversarial neural network with binary grey whale swarm 
optimization. Experimental analysis has been carried out for various disaster management–based public healthcare datasets 
in terms of classification accuracy, specificity, NSE, sensitivity, and F-1 score. The proposed technique attained a classifica-
tion accuracy of 97%, F-1 score of 94%, specificity of 96%, sensitivity of 95%, and NSE of 57%.

Keywords  LiDAR image · Disaster management · Whale swarm optimization · Cloud computing · Adversarial neural 
network

1  Introduction

There are certain disasters such as earthquakes, tsunamis, 
floods, droughts, and heavy rains that cannot be prevented 
or avoided. However, when this natural phenomenon brings 

about a great loss of health and economic resources, then it 
can be termed a disaster by humans. Such tragedies can wipe 
out the entire economic backbone of such a country. It can 
also bring about the loss of a great deal of human beings and 
even injury to a number of people. This is because the poor 
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tend to be more affected by the negative impact of catas-
trophes as they usually live in remote areas or even on the 
coast. In the year 2021, there was an increase of very many 
traumatic events when compared to the last two decades, 
leading to a gross economic loss of 252.1 billion US dollars. 
Moreover, these events had severe consequences for a total 
of 101.8 million people with 10,492 deaths reported. It is 
not surprising to learn that in excess of half of the deaths 
and two-thirds of the injuries have occurred in China and 
India, respectively, as these are the most catastrophic coun-
tries in this part of the world [1]. Dealing with catastrophes 
has been addressed through disaster management strategies 
over the ages. The four phases—preparedness, response, 
recovery, and mitigation—have been widely adopted. The 
term mitigation refers to measures that are taken before dis-
aster, to either prevent or lessen the impact of the hazard. 
Preparing communities for disaster response involves such 
elements as planning for emergencies, gathering supplies, 
and informing and training people in order to improve their 
responses to disasters or at least reduce the negative impacts 
of such disasters. The term response [2] denotes the actions 
that implement the strategies aimed at protecting people, 
their property, and the environment, as well as the existing 
socio-economic structures. Disaster relief and response also 
encompass such activities as implementation of the disas-
ter management plan, provision of search and rescue and 
medical services, management and establishment of shel-
ters, distribution of relief goods, and evaluation of damages. 
When such measures are absent, acts of nature will always 
have an end that is disastrous. AI is a relatively new subject 
for the government or any researchers. There is a great deal 
of excitement among common people as well as specialists 
about the new programs such as ChatGPT. These software 
modules based on AI technology can be easily operated from 
individual mobile phones. Advanced technologies such as AI 
could also be used in predicting and preparing for calamities, 
or it could also be utilized to ensure that proper assistance 
is rendered before, in the course, or after any emergency. AI 
and ML are a set of diverse material and immaterial technol-
ogies, which enable computer systems to spot relationships 
in data and make forecasts based on these relationships [3]. 
In general, the process of providing a system’s input and out-
put is referred to as machine learning. It makes it possible for 
a computer system to connect two datasets. By analyzing the 
previously supplied data, machine learning aids in the pre-
diction of any potential consequences. Disaster management 
has traditionally made use of satellite imagery. AI technolo-
gies have recently been connected to satellite imagery for 
disaster management. Global luminescence or satellite night-
time lights are being used to analyze floods all around the 
world [4]. Small aircraft that can fly without a human using 
artificial intelligence (AI) or remote control technologies 
are known as unmanned aerial vehicles (UAVs) or drones. 

In any environment, where crisis mapping, search, and res-
cue operations need to be performed, drones are of para-
mount importance. Furthermore, drones can be employed 
to follow and locate potential terrorist activities among the 
enemy forces. Geographic Information System is abbrevi-
ated as GIS. A Geographic Information System is used for 
gathering, organizing, storing, processing, and sharing of 
geographical or any other kinds of information. Traditional 
emergency response techniques will be replaced by dynamic 
systems based on the actual action model—systems antici-
pating, assessing, and managing medical conditions in real 
time as a result of the integration [5].

2 � Research Contribution

To suggest new methods for disaster management based on 
climate change, public health was analyzed using deep learn-
ing and cloud computing. In order to collect LiDAR images 
for disaster-affected areas caused by climate change and ana-
lyze their public health, this study deployed a cloud network. 
A deep Markov Q-transfer adversarial neural network with 
binary grey whale swarm optimization was used to classify 
and optimize this gathered image.

3 � Related Works

From an extensive survey of existing literature, it is clear 
that artificial intelligence (AI) can enhance numerous 
aspects of the activities inherent in disaster management. 
In this section, relevant findings from the research will be 
summarized, limitations of the present methods will be 
outlined, and needs for further research will be indicated. 
A considerable number of articles have been published on 
the use of AI technology in addressing various disasters 
such as public health emergencies, including pandemics, 
and natural catastrophes, including floods, hurricanes, 
earthquakes, and wildfires [6]. Preventive focus within this 
area has also been the development of hazard risk assess-
ment models which predict the occurrence and impact of 
certain disasters encouraging planning and early warn-
ing measures [7]. For instance, various machine learn-
ing algorithms can be employed to analyze and interpret 
various sets of environmental information and predict the 
likelihood of events such as landslides or floods so that 
at-risk individuals and other preventive measures can be 
put in place in good time. Work provided the following 
application areas of AI in disaster management: resource 
allocation, event mapping, damage assessment, hazard 
risk assessment, vulnerability assessment, early warn-
ing systems, disaster detection, and disaster rescue and 
relief [8]. It is common practice nowadays to utilize the 
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growing body of AI in assimilating and processing data 
for effective disaster management decision-making. As it 
has been stated in the papers indexed in [9], the use of 26 
artificial intelligence–limited techniques was observed in 
17 disaster management application areas. The improved 
MLP classification method for landslip prediction was 
described previously in work [10]. For this purpose, three 
components were added to the multilayer perceptron 
neural network: six evolutionary techniques—ant colony 
optimization, biogeography-based optimization, evolu-
tionary strategy, genetic algorithm, probability-based 
incremental learning, and particle swarm optimization. 
Work [11] presented rainfall intensity and temperature-
based flood prediction methods. An 89.71% accuracy was 
achieved using deep neural networks. The deep NN-based 
model built was superior to SVM, KNN, and NB tradi-
tional machine learning methods. It was observed that the 
highest accuracy was achieved just before the flood. To 
calculate daily rainfall estimates on typhoons, work [12] 
proposed a prediction method (FNN–LLE) built on fuzzy 
neural network (FNN) and locally linear embedding (LLE) 
algorithms. The approach was tested utilizing rainfall data 
from Guangxi, China. In [13], the author applied machine 
learning algorithms to address the challenge of predicting 
areas with a high level of landslide risk. In achieving this, 
they deployed three machine learning models: a Naïve 

Bayes tree (NBT), a logistic model tree (LMT), and a ran-
dom forest (RF). This work conducted in Rwanda aimed 
at identifying the most likely occurrence of land sliding in 
the upper Nyabarongo catchment area using information 
from 196 landslide maps and field surveys to create a map 
of these landslides [14].

4 � Proposed Climate Change–Based Disaster 
Management with Their Public Healthcare 
Analysis Using Cloud Computing

Figure 1 illustrates the proposed cloud-based decision-
making disaster management method. The image shows 
that IoT devices at the Environmental IoT Layer retrieve 
data from different sources as well as send the data to 
cloud data centers utilizing a service repository. Collected 
data is directed to the processing unit located in the cloud 
and is also integrated into the normalization processes. 
Feature extraction provides the best assurance that the 
features are optimally assigned to the given data facets. 
Features of the data are utilized to classify data based on 
training and test datasets. The Decision-Making Disaster 
Management Layer identifies the status of data, that is, 
whether it qualifies as Major Disaster, Fire Management, 
Emergency Management, or a normal category. While the 

Fig. 1   Proposed architecture of the cloud-based disaster management method
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Cloud Computing Layer focuses on the validation of data 
findings. Authorities are informed if a decision indicates 
an emergency. The final conclusion is recorded in the 
cloud data center as well as a decision repository.

The system moved on to the next two stages, which 
included testing and then training, following the acqui-
sition of images of the area of interest. Within this 
approach, training patches correspond to the image dif-
ferences before and after natural hazards. The objective 
is to view and understand the discrepancies related to 
flooding within the images captured after the disaster. 
These differences between pre-disaster images as well as 
post-disaster images of the same region were learned by 
the model as the picture characteristics for detecting the 
change. The current investigation employs pre- and post-
disaster images to increase and avoid introducing errors 
in the course of learning processes. These variances in 
the output are also evident in variations associated with 
output. The training patch has six channels since the pre- 
and post-images are both RGB images with three channels 
each. Therefore, the degree of performance is even more 
accurate and elaborate.

5 � Deep Markov Q‑Transfer Adversarial 
Neural Network with Binary Grey Whale 
Swarm Optimization (DMQANN‑BGWSO)

We represent this state space as a finite subset X ⊂ Rd, where 
d ∈ N denotes the state space’s dimension. Since we examine 
the robust control issue over an infinite time horizon, the 
infinite Cartesian product Ω: = X N0 = X × X × · · · gives the 
space of all possible states in this horizon, together with 
the matching σ-algebra F: = 2X ⊗ 2 X ⊗ · · ·. The states that 
are reached throughout time are described by a stochas-
tic process on Ω. In order to achieve this, we define the 
canonical process on Ω as (Xt) t ∈ N0, which is specified 
by Xt (× 0, × 1,…, xt,…):for every (× 0, × 1,…, xt,…) ∈ Ω, 
t ∈ N0, = xt. Actions that are carried out depending on the 
current state Xt can affect the result of the next state Xt + 1 
given a realization Xt of underlying stochastic process at 
some point t ∈ N0. A finite set A ⊆ Rm, where m ∈ N denotes 
the dimension of the action space and determines the set 
of feasible actions at any given time. The primary notion 
is that the Q-learning algorithm is the one that identifies 
the optimal action to be taken when making decisions on 
resource allocation and network slicing. Going back to 
states, Q-learning helps in approximating the Q-function, 
the optimal state-action value function denoted by Q (s, 
a), with “s” referring to the present state of the system and 
“a” representing action taken in that particular state. Agent 
improves its performance after experiencing rewards since 
the algorithm iteratively improves the Q-function by the 

Bellman equation. Here is the Bellman equation related to 
Q-learning by Eq. (1):

where the Q-value for performing action “a” in state “s” is Q 
(s, a). The step size for updating Q-values is determined by 
the learning rate or α (alpha). The discount factor that estab-
lishes the relative value of future rewards against immediate 
rewards is called γ (gamma). Action “a” in the state “s” 
results in the subsequent state, s′. In state “s,” the agent will 
proceed to state “a.” For instance, in making management 
decisions pertaining to resource distribution across slices 
based on latency and service requirements, the Q-learning 
method would be modified for AQL-based network slicing 
for time-sensitive services. This is a short account of the 
mathematical aspect of Q-learning with regard to network 
slicing. It is also possible that finding a solution to the prob-
lem of network slicing might increase the load on compu-
tational resources in practice, as might be the case with the 
representation of state and action spaces, use of function 
approximators, and exploitation-exploration schemes.

An MDP’s essential elements are (1) states (S): a lim-
ited collection of states that reflect the various ways the 
environment could be built up. The system is in one of 
these states at any given time step. (2) Actions (A): The 
agent has a limited range of possible actions. Every activ-
ity has an impact on the change from one state to another. 
(3) Transition probabilities (P): a collection of transition 
probabilities that specify the possibility of changing states 
upon performing a particular activity. When s is the cur-
rent state, an a is action and s′ is the following state; it is 
written as P(s, a, s′). (4) Rewards (R): a reward function 
that gives agents instant feedback following a particular 
activity in a state. (5) Policy (π): a method or function 
for making decisions that associate states with actions. 
It establishes how the agent behaves in its surroundings. 
Finding optimal policy (π*) that increases expected cumu-
lative reward over time is the aim of an MDP. Predicted 
cumulative reward beginning from each state and adhering 
to a specific policy is represented by the value of every 
state, often known as value function (V). The agent makes 
choices based on this value function to maximize rewards. 
It is possible to solve (1) and (2) using Q-learning when 
method dynamics (p and c) are unknown or nonobserv-
able. Q-learning uses the following update rule to learn 
Q-functions for every pair of ps and aq in order to deter-
mine optimal policy π ˚ by Eq. (2):

where the learning rate is denoted by α P p0, 1q. The explo-
ration–exploitation tradeoff is addressed in practice by 

(1)
Q(s, a) = Q(s, a) + a∗

[

R(s, a) + y∗max
(

Q
(

s�a�
))

− Q(s, a)
]

(2)Q(s, a) ← (1 − �)Q(s, a) + �
(

ca(s) + �min
a�∈A

Q
(

s�, a�
)

)
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ϵ-greedy strategies, which make sure that every state-action 
combination is visited enough times to obtain an adequate 
sampling of the system. In order to do this, a greedy action 
that reduces the Q-function of the subsequent state is taken 
with probability 1 ´ ϵ (exploitation). To update Q-functions 
using (3), the agent interacts with the environment as well 
as gathers samples ts, a, s1, cu. The Q-functions allow for 
the following deduction of the ideal policy and value func-
tions by Eq. (3):

Algorithm 1 describes the sampling, estimation, and 
construction of various Markovian environments. Trajec-
tory length (l), number of times every distinct state tran-
sition ps Ñ s 1 q in Mp1q must be experienced (v), the 
total number of Markovian environments (K), and original 
Markovian environment, represented by Mp1q, from which 
the sampling procedure is carried out are the inputs. The K 
´ 1 synthetic Markovian environments (SME), represented 
by Mpnq for n “2, 3,…, K” are the outputs. According 
to the model-free assumption, the underlying PTT, P, is 
initially unknown and must be approximated in order to 
generate the PTTs of the various settings. For each a P A, 
let Pˆ represent the estimated PTT and Pˆa represent the 
PTM for the action a in Pˆ. To ensure that it is a valid PTM 
for every a P A, we initialize each member of Pˆa with 1 
|S| in line 1.

The method is supposed to lessen the detrimental effects 
of individual differences in addition to learning the unique 
features from the source domain. Therefore, minimizing the 
loss function is one way to satisfy both of these requirements 
by Eq. (4):

where the hyperparameter that trades off the two terms is 
denoted by λ. Additionally, the domain adversarial neural 
network’s update rule for every parameter is made as fol-
lows by Eq. (5):

It is evident that during the training process, the loss of 
Gd is enhanced and the loss of Gy is limited. By maximiz-
ing Eq. (1), we take into consideration integrating numer-
ous source domains using the domain adversarial neural 
network that was constructed. Two unknown variables—
weight distribution W and ultimate fusion result Y ∗ —are 
included in the suggested objective function in Eq. (1). 
In order to accomplish multi-source transfer learning, we 
use an alternating iterative approach to create a workable 

(3)�∗(s) = argmin
a∈A

Q∗(s, a), �∗(s) = min
a∈A

Q∗(s, a)

(4)E
(

�f , �y, �d

)

= Ey

(

�f , �y

)

− �Ed

(

�f , �d

)

(5)
(

�̂f , �̂f

)

= argmin
�f ,�y

E

(

�f , �y, �̂d

)

technique appropriate for the source weight estimation. 
One variable is updated, and the rest are fixed in each 
cycle. As a result, the entire issue can be broken down 
into a number of smaller, more manageable issues. We 
provide the updating processes for W and Y ∗ in the next 
subsections. To get the ideal distribution of source weights 
W, we fix Y ∗ . In order to accomplish this, we define the 
regularization function as δ(W) = M m = 1 sm after letting 
wm = s2

m. In this manner, a limited quadratic programming 
problem is created from the optimization for W by Eq. (6):

To address the aforementioned problem, we employ 
the Lagrange multiplier method. Lagrangian function is 
defined as follows (7):

The following formulas can be obtained by setting par-
tial derivatives of Lagrange multipliers μ and sm to zero 
by Eq. (8):

There are M + 1 equations involving M + 1 independent 
variables in Eq. (9), m = 1, 2,…, M. These equations are 
{sm}M m = 1 and μ. As a result, the following formula is 
utilized to determine the best answer for W:

where the i-th test sample’s label, yˆm
i is predicted using 

the m-th source domain. Equation (9), which shows that a 
source’s weight is inversely proportional to the average devi-
ation of its prediction for the test set, indicates that the m-th 
source domain has a higher weight if the value 

(

y∗
i
− ŷm�

i

)2 
is smaller, and vice versa. To enhance the exploration and 
exploitation process, GWO is coupled with a modified ver-
sion of the WOA method. According to Eq. (9) in the pre-
ceding section, a random whale is chosen during a random 
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ŷi ∈ Ŷm
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search of the WOA method. To enhance WOA’s exploration 
mechanism, the roulette wheel operator might choose which 
whales to include in this movement. In this manner, whales 
with higher fitness values would be chosen and targeted for 
movement by other whales. The WOA method of quick con-
vergence to low-quality solutions is another flaw. This report 
suggests two methods to address this issue. GWO and WOA 
are combined in the first method to create a multiswarm 
algorithm with a high capacity for exploration. Using chaotic 
maps to produce solutions with a high degree of variability 
is the second method.

6 � Experimental Analysis

Experimental setup: To develop the environment, we are 
using an operating system that is based on Linux. Before 
configuring the Anaconda environment, the Anaconda 
Python distribution and versions 2.7 and 3.6 must be 
installed. The following commands are used to install 
Anaconda. We will use commands to create two environ-
ments—one for Python 2.7 and one for Python 3.6—after 
installing Anaconda. After the environment has been built, 
we will use the command to activate it. After the envi-
ronment has been activated, we will install the necessary 
Pygpu, Keras, and Theano packages inside the environ-
ment files. Now that the environment has been properly 
finished, we will finally install the system. The model was 
implemented in Python using TensorFlow and the Keras 
library. Approximately 50,000 images’ worth of features 
were calculated through trials with multiple models. Each 
model needed a variable length of training time, ranging 
from roughly 30 h, and had varying accuracies. The incep-
tion model’s suggested convolutional and pooling layers 
achieved a 91.73% classification accuracy rate. Essentially, 
ImageNet is used for pre-training in the Inception model. 
The model was enhanced by removing the last fully con-
nected layer from the original model and feeding the new 
model with pre-trained weights, which in turn trained the 
last two convolutional blocks. To achieve the best level of 
accuracy, we employed techniques such as data augmenta-
tion, batch normalization, dataset upgrades, and regulari-
zation to combat overfitting. Multi-crop evaluation, which 
entails photographing about ten crops for classification, 
was also used. The maximum value of the predicted results 
yields the most accuracy.

Dataset description: Emergency Events Database (EM-
DAT) was introduced in 1988 by the Centre for Research on 
Epidemiology of Disasters (CRED). International Disaster 
Database, or EM-DAT, contains essential information about 
the incidence and consequences of almost 15,700 events 
since 1900. Along with estimates of the economic damage 

caused by catastrophes and the international relief contribu-
tions made specifically for such disasters, this site offers data 
on the human effect of disasters, including the number of 
individuals dead, injured, or impacted. Numerous sources, 
including UN agencies, non-governmental organizations, 
insurance providers, research institutes, and news outlets, 
are used to build the database.

To enrich data stored in the method, the following data 
were included:

Atmospheric data: information gathered by Andalusia’s 
Environmental Information Network (REDIAM). Tem-
perature, humidity, precipitation, and air quality data 
were downloaded.
Sociological data: Information pertaining to users’ per-
sonal data was separated into

•	 Economic level of patients in every area: examining, 
on the one hand, real estate cadastral value that was 
taken from the website of the Directorate General 
for Cadastre of Spain. Using real estate websites, we 
also included a study of the current housing costs in 
each city district.

•	 Level of unemployment in patients and their family 
units: The Spanish National Statistics Institute sup-
plied the data used to calculate this indicator. We 
were given information about the demographics of 
each census tract by this government agency. A cen-
sus tract in Spain is a tiny area of a city with between 
1000 and 2500 inhabitants.

•	 Level of study, age of citizens, members of family 
unit: The Institute of Statistics and Cartography of 
Andalusia’s website provided the information.

The primary program used by the Veterans Health 
Administration to deploy clinical and non-clinical per-
sonnel to emergencies or disasters is called the Disaster 
Emergency Medical Personnel System (DEMPS). Under 
National Response Frameworks Emergency Support Func-
tion #8 (Public Health and Medical Services), the DEMPS 
Program can support a mission following a Presidential Dis-
aster Declaration in addition to internal VA missions. VHA 
employees who meet the requirements can apply online by 
filling out a DEMPS Application. Volunteer data can be 
managed by DEMPS Coordinators and Administrators using 
DEMPS Administration. The following organizations make 
up the DEMPS Program: DEMPS Volunteers Coordinator of 
VAMC DEMPS DEMPS VAMC Facility Support Personnel 
DEMPS VISN Points of Contact DEMPS National Program 
Manager DEMPS Database DEMPS Deputy Under Secre-
tary for Health for Operations and Management VHA Office 
of Emergency Management personnel.
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7 � Comparative Analysis

Table 1 shows an analysis of disaster management–based 
public healthcare dataset. Food quality analysis–based 
healthcare datasets analyzed are the EM-DAT dataset, the 
REDIAM dataset, and the DEMPS dataset in terms of clas-
sification accuracy, F−1 score, specificity, sensitivity, and 
NSE.

Analysis for classification accuracy is displayed in Fig. 2: 
for the EM-DAT dataset, proposed technique 88% classifi-
cation accuracy, 75% existing LSTM, and 79% FFNN; for 
the REDIAM dataset, proposed technique 91% classifica-
tion accuracy, 74% existing LSTM, and 80% FFNN; and for 
the DEMPS dataset, proposed technique 97% classification 
accuracy, 84% existing LSTM, and 89% FFNN.

Figure 3 shows an analysis of the F−1 score: here, for 
the EM-DAT dataset, proposed technique F−1 score 86%, 

Table 1   Comparison between 
disaster management–based 
public healthcare dataset

Dataset Techniques Classification 
accuracy

F−1 score Specificity Sensitivity NSE

EM-DAT LSTM 75 73 78 74 79
FFNN 79 77 82 78 84
DMQANN-BGWSO 88 86 89 83 67

REDIAM dataset LSTM 74 73 77 81 75
FFNN 80 82 84 85 70
DMQANN-BGWSO 91 88 93 87 60

DEMPS dataset LSTM 84 82 79 78 70
FFNN 89 88 86 84 76
DMQANN-BGWSO 97 94 96 95 57

Fig. 2   Comparison of classification accuracy

Fig. 3   Comparison of F−1 score

Fig. 4   Comparison of specificity
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existing LSTM 73%, and FFNN 77%; for the REDIAM 
dataset, proposed technique F−1 score 88%, existing LSTM 
73%, and FFNN 82%; for the DEMPS dataset, proposed 
technique F−1 score 94%, existing LSTM 82%, and FFNN 
88%.

Analysis in specificity is shown in Fig. 4: in the EM-DAT 
dataset, proposed technique specificity 89%, existing LSTM 
78%, and FFNN 82%; in the REDIAM dataset, proposed 
technique specificity 93%, existing LSTM 77%, and FFNN 
84%; in the DEMPS dataset, proposed technique specificity 
96%, existing LSTM 79%, and FFNN 86%.

Sensitivity analysis is displayed in Fig. 5: for the EM-
DAT dataset, proposed technique 83% sensitivity, 74% 
existing LSTM, and 78% FFNN; for the REDIAM dataset, 
proposed technique 87% sensitivity, 81% existing LSTM, 
and 85% FFNN; for the DEMPS dataset, proposed technique 
95% sensitivity, 78% existing LSTM, and 84% FFNN.

Figure 6 shows an analysis of NSE: proposed technique 
NSE 67%, existing LSTM 79%, and FFNN 84% for the 

EM-DAT dataset; proposed technique NSE 60%, existing 
LSTM 75%, and FFNN 70% for the REDIAM dataset; pro-
posed technique NSE 57%, existing LSTM 70%, and FFNN 
76% for the DEMPS dataset.

We have created and applied three distinct method frame-
works that integrate (i) data balance, (ii) classification meth-
ods, and (iii) evaluation methods from the broader domain 
of ML. These 3 frameworks differ primarily in how data 
balancing techniques are incorporated into the entire mod-
eling process. In the new methodological framework, the 
data balancing step is omitted. The method is constructed 
and assessed utilizing the same raw dataset, and standard 
practices are observed to assess the performance of classi-
fication models: namely, (i) using a training set, (ii) use test 
set, and (iii) k-fold cross-validation. In the second method 
framework, we add a data balancing step which is performed 
prior to building and testing any classification models. This 
signifies that a balanced dataset is used in the construction 
and calculation of classification models. The re-validation of 
these improved classification models is still the same when 
using the same classification techniques as before. In the 
third methodological framework, the development and vali-
dation of classification methods is performed in conjunction 
which is a novelty. In this approach, k-fold cross-validation 
and classification and balancing techniques are incorporated. 
The only set in this third framework, to which data balanc-
ing makes sense to apply, is the training set generated dur-
ing every random k cut of the original dataset, which is the 
only dataset in this third framework, k-fold cross-validation, 
which also cuts the original dataset into k parts. This whole 
process is repeated k times. For illustration, as it is in the 
case of focusing on k-fold cross-validation, k experimental 
conducts are executed in 3 cases when k = 4, for instance. 
The first experimental conduct is a 4 cross-evaluated study. 
In each of the 4 steps of this cross-validation process, clas-
sification methods are built utilizing k-i folds of data. Then, 
after the train set, that is, k-i folds of data are balanced with 
suitable technique as well as calculated with i-th fold. The 
raw dataset has been split into four new folds at random for 
each of the next three experimental phases, which repeat 
this sequence. To enhance the understanding of the model’s 
performance, all statistical evaluation measures obtained 
from each experimental phase are integrated to finalize the 
validation process.

8 � Discussion

Validation processes can be advantageous and effective in 
certain circumstances. Validation approaches are influenced 
by the kind of data involved, the problem being solved, 
and the purpose of the ML project in question. Owing to 
the nature of the dataset all-inclusive, the low number of 

Fig. 5   Comparison of sensitivity

Fig. 6   Comparison of NSE
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samples of 525 cases, and the primary aim of knowledge 
discovery, three major types of validation techniques were 
employed in this work: (1) training set evaluation: This 
offered initial insights into the ability of the model by 
assessing its performance on a given training set. (2) k-fold 
cross-validation: This method was applied in order to allevi-
ate challenges imposed by a small data set. To guarantee a 
comprehensive assessment of the robustness of the model, it 
involved splitting particular data provided to the model into 
distinct segments and training and testing the model turned 
by turn. (3) Hold-out validation: Apart from the methods 
mentioned above, hold-out validation was also performed. 
With a view to optimizing the implementation of the model 
before the last assessment of its performance, there is a need 
to set aside a different validation set. These validation meas-
ures were implemented for specific reasons, informed by the 
nature of the data and objectives of knowledge extraction, 
which ensured the machine learning approach was both reli-
able and generalizable. Finally, validation of the ruleset was 
performed, not only employing some of the statistical meas-
ures, but also by the knowledge and experience of expert 
group members. Thereafter, rules of the validated ruleset 
were expressed in the form of association rules, X → Y, in 
order to apply the statistical evaluation criteria detailed 
below. In this instance, X is related to the first part called an 
antecedent that consists of input variables with given values 
for every rule within the ruleset, while Y relates to a second 
part known as a consequent, which, in this case, refers to a 
class within the ruleset. In this way, all validation processes, 
such as “Use Train Set,” “tenfold Cross Validation,” and 
“Hold Out,” have shown that classification accuracy has 
never reached the 60% threshold, which has been the case in 
all strategies considered. Note that simple logistic regression 
tends to underperform and often leads to complex, unwieldy 
classification structures. The inductive decision tree method 
is substantially more successful at achieving high classifi-
cation accuracy almost 90% when compared to the simple 
system put forward.

9 � Conclusion

Significant economic loss and catastrophic devastation are 
possible outcomes of natural calamities. In recent decades, 
there has been a rising tendency in the real harm and loss 
that has been seen. Disaster managers are therefore under 
increasing pressure to proactively safeguard their popula-
tions through the development of effective management 
techniques. Using cloud computing and deep learning 
techniques, the project aims to present a fresh approach to 
catastrophe management based on climate change and its 
impact on public health. In this study, the cloud network 
was utilized to collect LiDAR images for disaster-affected 

areas caused by climate change and analyze their public 
health. Using binary grey whale swarm optimization and 
a deep Markov Q-transfer adversarial neural network, this 
gathered image has been categorized and optimized. Situa-
tions concerning the health and well-being of the population 
may also be classified as disasters. Any crisis event has the 
main goal of minimizing the extent of damage. Artificial 
intelligence would be a pillar in the era that would be the 
fourth industrial revolution. It has already proved its useful-
ness in various aspects of human life. AI is employed to 
effectively predict and manage any crisis event. To minimize 
loss of lives and property, AI-driven algorithms can be used 
to enhance evacuation plans, first response directions, and 
resource management. According to the author, the role of 
damage assessment, threat mitigation, and healing process 
enhancement is given to AI in a crisis after damage. To 
improve the prediction findings and the fire control part of 
the disaster management dataset, more meta-heuristic tech-
niques are used for feature selection in future studies. The 
design of this study could be helpful in disaster manage-
ment, when a prompt and precise response is necessary to 
minimize damage as well as preserve lives.
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