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Abstract
Many nations have created their own frameworks for disaster risk management (DRM) in response to the rising frequency 
of catastrophes that cause significant losses. Finding shelter is one of the most pressing demands of anyone impacted by a 
disaster. While the abundance of catastrophe data is already assisting in the saving of lives, it is necessary to quickly combine 
a broad variety of data in order to detect building damages, determine the need for shelter, and choose the best locations to 
set up emergency shelters or settlements. This research suggests a machine learning (ML) approach that seeks to fuse as well 
as quickly evaluate multimodal data in order to fill this gap and advance complete evaluations. This study suggests a unique 
approach to managing environmental disasters that is based on the analysis of geographical data using a machine learning 
model. Here, the input is a geospatial picture of a region that frequently experiences disasters, which is then smoothed and 
noise-removed. Then, a fuzzy clustering–based deep spatial reinforcement model (FCDSR) was used to choose the character-
istics of the processed data. Multimodal Dirichlet allocation–based LSTM (long short-term memory) logistic correspondence 
algorithm (MDALLCA) was used to extract the chosen features. For various catastrophe datasets, experimental analysis is 
done in terms of prediction accuracy, precision, F-measure, and ROC. Our findings indicate possible locations with a high 
density of impacted people as well as infrastructure damage during the course of the crisis.

Keywords  Environmental disaster management · Spatial data analysis · Machine learning · Fuzzy clustering · LSTM 
correspondence algorithm

1  Introduction

Disasters are occurring more often, and the enormous 
human and economic losses they cause are becoming a 
worldwide phenomenon. The sustainability of the nations’ 
long-term economic and social progress is gravely threat-
ened by the direct losses. These losses will worsen as more 
people and infrastructure are affected by them due to the fast 

urbanization [1]. Due to the high intensity of the damage 
caused by disasters in urban settings, novel advanced pre-
ventative measures for disaster risk management (DRM) as 
well as disaster risk reduction (DRR) must be developed and 
put into practice. National frameworks for disaster manage-
ment have been created by individual states all around the 
world. A few nations have directed the reaction to a wide 
range of calamities and crises, for instance, the USA and 
Germany, while others have applied a particular provincial 
methodology, e.g., in Pacific nations and Andean nations [2]. 
Europe has efficient progress in developing a legal frame-
work to lessen the likelihood of disasters and to strengthen 
existing ones in response to new threats [3]. Notwithstand-
ing, public structures are very unmistakable, focussing on 
various viewpoints, and it turns out to be somewhat hard 
to assess and analyze the geospatial parts. In this manner, 
laying out normal evaluation standards utilizing geospa-
tial information would assist with understanding, analyze 
and refresh existing structures, and lay out new ones. A 
typical methodology could be to inspect the substance of 
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multilaterally acknowledged DRM structures as well as track 
down a bunch of measures with a bigger potential of cus-
tomary worthiness. Multilateral frameworks for DRM, such 
as Sendai Framework as well as United Nations Commit-
tee of Experts on Global Geospatial Information Manage-
ment (UNGGIM) method Framework on Geospatial data 
as well as Services for Disasters [4], include priorities for 
everything from governance to technical issues. Accurate 
and up-to-date spatial data are needed to quickly respond 
to a disaster as well as develop adequate evacuation as well 
as recovery plans. It means quite a bit to know the area, as 
well as to follow and examine detached and dynamic dan-
gers all together recognize and distinguish the potential risks 
and perils in time [5]. Some of the time, it is important to 
join and incorporate information from various information 
sources. For instance, breaking down coupled satellite sym-
bolism, drone symbolism, and seismic sensor data might 
be required. Furthermore, disaster management frequently 
necessitates real-time or near-real-time data analysis, which 
is a challenging manual task. Such and comparable issues 
can be tended to by applying techniques for man-made brain-
power. Computerized reasoning calculations, that mirror 
human knowledge, have become exceptionally well known 
among explores managing various assignments in a debacle 
the executives [6].

2 � Related Works

As of late, GeoAI was proposed as a system for dissecting 
data-driven issues in geographic data science. GeoAI plans 
to coordinate man-made brainpower, specifically profound 
learning strategies, with geospatial large information and 
superior execution registering to explore geospatial issues. 
In GeoAI, spatially express models are seen as a critical 
examination course [7]. Those models satisfy somewhere 
around one of these four necessities: The models incorpo-
rate spatial concepts in their implementation, they have a 
spatial representation of the studied phenomena, and they 
have several spatial input and output formats [8]. When the 
investigated phenomena are moved, the results do not remain 
unchanged. It has not yet been thoroughly reviewed how to 
move from broad ML models to building more complicated 
ones and then defining precise processes to build spatially 
explicit models. As far as the level of maximum disturb-
ing wind speed, depth of the inflow layer, and the depth of 
the blended layer, Creator [9] defined many level scales in 
the typhoon limit layer. They analyzed hundreds of GPS 
dropsondes launched by aircraft and found that the ther-
modynamical and dynamical boundary layer thicknesses 
are distinctly distinct. They also observed that as distance 
from the tempest community is reduced, the level scales of 
the dynamical and thermodynamic limit layers frequently 

decrease. These findings were integrated into the operational 
hurricane weather research and forecasting (HWRF) method 
[10]. In addition, expectation results demonstrated signifi-
cant improvements in reenacted storm size, surface inflow 
point, close surface breeze profile, and kinematic limit layer 
levels in simulations completed with superior application 
of material science [11]. Automating such processes also 
makes it easy to adapt to evolving crisis conditions [12]. 
By sharing geographic and contextual information, people 
utilize social media as a tool to solicit assistance as well as 
coordinate efforts [14]. One of the most frequently observed 
trends is that during times of crisis, the public seeks out 
information more frequently [13]. Virtual entertainment 
assumes a significant part in emergency correspondence by 
empowering data spread to a more extensive crowd, sending 
and getting crisis cautions, controlling data dissemination, 
teaming up with crisis responders, and making situational 
mindfulness [15]. The usage of online entertainment in 
open data looking for has been assessed in an assortment 
of catastrophe occasions, for example, the spread of the 
Zika infection [16], the fell span in Minnesota, the Mexi-
can medication wars, the Bedouin Spring, the Haiti tremor, 
and various flood occasions. Even though automated event 
detection in crisis situations has made significant progress, 
it is still difficult to extract fine-grained event-related data 
like affected individuals as well as damaged infrastructure 
[17, 18]. To further develop the occasion discovery, various 
methodologies have been presented. For instance, the creator 
[19] dissected the substance and sort of data as well as the 
wellspring of data by joining lexical examination with client 
profiling. Work [20] found that semantic as well as stylistic 
features derived from metadata improve recall, while lexical 
features aid in improving precision.

3 � System Model

The structure for integrating data from several sources for 
disaster management is shown in Fig. 1. Our framework 
consists of three processes or modules: data gathering, data 
processing, and data geovisual analysis. Each module is 
described in depth below.

Preprocessing  Every information methodology was pre-
processed to eliminate exceptions (outrageous high/low 
qualities) and concentrate its mathematical qualities. Using 
the one-hot encoding technique, alphabetical and alpha-
betical data were converted into numerical values. A self-
referential process was used to translate each image into an 
n-dimensional numerical vector in order to extract numerical 
features from the satellite images. This approach creates a 
dictionary of every word found in the data and gives each 
one a number that encodes it as an integer.
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Diminution of Dimension  The following three data classes 
will have their dimensions reduced: environment types, 
regular assets, satellite pictures. The t-SNE calculation can 
catch a significant part of the neighborhood construction of 
high-layered information while uncovering the worldwide 
design. In order to convert each n-dimensional vector list 
into a one-dimensional vector, we set the Perplexity within 
t-SNE to 100.

Normalization  Positive as well as negative skewness of data 
is reduced by logarithmic transformation (LT). LT narrows 
the gap between values by taking into account the absolute 
difference between values of comparable performance. Inter-
pretation of differences between values at opposite extremes 
is improved by this transformation, which makes it easier 
to distinguish the minute differences that exist across all 
performance ranges.

Standardization  This adjusts the values of each attribute 
to have a sample variance of one and a mean of zero. This 
strategy permits us to work related to factors that address 
various modalities. We first determine the standardization 
(= (x-mean(x))/) before calculating the standard deviation 
(). They are now prepared to be fused into a vector with 
19 dimensions that describe each natural disaster after all 
attributes have been standardized. The natural disaster is 
represented in its entirety by each attribute.

3.1 � Fuzzy Clustering–Based Deep Spatial 
Reinforcement Model

Assume that there are n samples in the dataset (X =  × 1, × 2, 
and n), and that sample xi has l features. To cluster the dataset 

X into c groups is our aim. Let V consist of v1, v2, v, and vc, 
and let C consist of c1, c2, v, and cc, as the set of clusters. 
Stated differently, FCM allows each sample to have fuzzy 
memberships to many clusters. The FCM’s goal-oriented 
purpose is by Eq. (1):

The restrictions that must be met are by Eq. (2):

Following Eq.  (3), based on the Lagrange multiplier 
approach, determine U and V, respectively.

Equation (4) contains the following variables:
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Fig. 1   Proposed disaster man-
agement architecture
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Equation (5)’s squared distance between yk and vi is 
evaluated utilizing A-norm as

The question of whether local minima of Jm are good 
Y clusterings is arguable since it is easy to generate data 
sets in which Jm minimizes globally with an ugly substruc-
ture. To mitigate this issue, several types of cluster validity 
functionals are frequently calculated on each 0 generated 
by FCM. Two of the best-known instances by Eq. (6) are 
the entropy and partition coefficient of 0E Mfc.

FCM program listed below evaluatesF,H , and(1 − F) , 
the latter quantity owing to inequality (1 − F) < H  for 
Û ∉ Mc (when a = e = 2.71⋯).

We look into the categorized earthquake-related 
Tweets’ spatial hotspots. As a result, we make a standard 
grid with cells that are 1 km by 1 km in size and summa-
rise each Tweet inside of a grid cell. A number of points 
in the study area as well as its size were taken into account 
when determining the grid size. In more detail, we applied 
a method from the field of point pattern analysis, which 
considers the size of research area as well as the number 
of points to estimate ideal cell width by Eq. (7):

where n is the number of points in research area, A is the 
study area’s size, and l is the grid cell’s side length. For 
each feature extraction task, the label field can be found by 

(4)
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√
2
A

n

maximizing the posterior probability distribution shown in 
Eq. (8).

Equations (10), (11), and (12) also meet the following 
Markovianity property:

Prior probability P
(
Xt = xt, �

)
 is of form and conforms to 

Gibbs distribution by Eq. (13).

The corresponding edgeless method is given by Eq. (15):

The likelihood function P
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)
 can be 

expressed as Eq. (16):

Thus, P
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)
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create an action plan that maximizes the projected cumula-
tive return of the form, or objective function, as defined by 
Eq. (18).

3.2 � Multimodal Dirichlet Allocation–Based LSTM 
Logistic Correspondence Algorithm

LDA assumes that one or more topics z are contained in 
every document d of a set of documents D. These topics are 
again described by a probability distribution of single words 
w, which is model’s only observed variable. As a result, 
topic’s multinomial word distribution is represented by the 
latent variable. The document’s multinomial topic distribu-
tion is the other latent variable. α, furthermore, and β are two 
fixation boundaries—α addresses earlier information about 
the circulation of subjects in a report, while β contains ear-
lier information about the conveyance of words in a point. 
The distribution of topics across the document is smoother 
when the value is higher, while the concentration of topics 
is higher when the value is lower, especially when it is less 
than zero. The latent variables z propose a value of 50/T for 
these variables, which are produced during the process but 
appear to have a best working value of 0.0001 in our case. 
This is reasonable given the nature of our Twitter dataset, 
which assumes that every Tweet contains only one topic 
due to its short length (up to 140 characters). As a result, 
when 1, probability distribution is more concentrated. In 
our review, 1000 passes convey the best outcomes—a big-
ger number does not further develop the learning impact 
anymore and however diminishes execution. The quantity 
of points unequivocally impacts the subject word circula-
tions concerning the granularity of the points. In this way, a 
lower number of subjects prompts bigger points (containing 
more words), while a larger number of themes prompts more 
modest points (containing less words). This is, in essence, 
a trade-off between generation of distinct as well as sig-
nificant topics and minimization of information loss caused 
by high granularity. A document–topic matrix is created by 
LDA (linear discriminant analysis), which contains topics 
and probabilities for every document. This indicates that 
a single Tweet may contain multiple topics. In a following 
stage, the idle points must be semantically deciphered to dis-
tinguish disaster-related or harm-related Tweets. One issue 
throughout our examination was the extraction of harm-
related Tweets in light of the fact that no such point was 
created in the primary LDA run. Hence, we applied flowed 

(18)J(�) ∶=
∑T

t=0
�(st ,at)

[
� tr

(
st, at

)]

(19)max
�∈ℝd J(�).

LDA method, for example, we ran LDA a second time just 
on quake-related Tweets.

The relationship of past words with the planned result 
might influence the significance of and potential deriva-
tions that can be produced using last-option words. This 
connection of previous words with result ought to be car-
ried on to the following hubs to catch the consecutive idea 
of sentences. Data that is being learned as well as stored 
in a feature vector in a “vanilla” RNN changes irregu-
larly. Because of disappearing slope issue, the heaviness 
of the brain network gets a vanishingly little extent of the 
inclination of the misfortune which restricts the growing 
experience. Accordingly, the method involved with learn-
ing loads might be slow or try and stop. In this way, a basic 
and unobtrusive RNN is not equipped for recalling the 
elements learned for significant time frames. This for the 
most part influences the general exactness of text arrange-
ment errands.

LSTMs and their varieties are broadly utilized in char-
acterization errands that need longer recollections, like 
picture grouping, text order, and time-series examination. 
The conditions (4)–(9) give a short outline of a LSTM hub 
and numerical foundation of a LSTM hub. LSTM hub is 
applied to tensors xt and ht − 1 in which xt addresses info, 
and ht − 1 addresses the secret condition of past LSTM hub 
in layer. Sigmoid function is s(.) in Eq. (20), and tanh(x) is 
a hyperbolic tangent function. Hyperbolic tangent function

Input gate, forget gate, output gate, and cell update gate 
values are formed from input and hidden state vectors by 
weight matrices W and U. These gates allow LSTMs to 
provide a method for forgetting previously learned fea-
tures from earlier nodes that are no longer applicable. 
These gates compute the output of an LSTM node, where 
° operator stands for an element-wise product. The cell 
state and hidden state are then sent together with the next 
LSTM node and layer in NN architecture. The input gate 
of an LSTM node by Eq. (21)

Forget the LSTM node’s gate by Eq. (22)

LSTM node’s output gate by Eq. (23)

LSTM node’s cell update gate by Eq. (24)

(20)tanh(x) =
ex − e−x

ex + e−x

(21)it = �
(
W (i)xt + U(i)ht−1

)

(22)ft = �
(
W (f )xt + U(f )ht−1

)

(23)ot = �
(
W (o)xt + U(o)ht−1

)

(24)c̃t = tanh
(
W (c)xt + U(c)ht−1

)
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State of an LSTM node’s cell by Eq. (25)

An LSTM node’s hidden state by Eq. (26)

In addition to LSTM networks and other layers like 
embedding and dropout layers, DNN described here relies 
on these as well. We utilized the binary cross-entropy 
(Eq. (2)) and sigmoid (Eq. (1)) functions in LSTM. We 
also assessed categorical cross-entropy function, which did 
outperform binary cross-entropy function in terms of per-
formance. Therefore, we choose not to present categorical 
cross-entropy function’s findings. Consider forest fire train-
ing dataset D = xi; y f gi N i, which has n conditioning vari-
ables, N data samples, and input data of xi Rn. The 10 input 
variables listed above were used in our study, and output yk 
1, 0 indicates a division into two classes, forest fire and non-
forest fire. Using the above equation, LogitBoost creates an 
ensemble model with m tree-based classifiers by Eq. (27):

where p(xi) denotes estimations of probability. Equation (28) 
is used to update the ensemble model, while Eq. (8) is used 
to compute the class probability.

In spite of its obvious effortlessness, this classifier accom-
plishes a cutthroat outcome with helping. Subsets were cre-
ated using LogitBoost, which were then used to construct 
the decision stump-based base classifier. The number of 
subgroups varied from one to one hundred in a trial-and-
error test, after which the classification accuracy of the final 
model was calculated. This was done since the amount of 
basic classifiers affects how well the model performs. The 
results showed that the 90-subset model had the highest clas-
sification accuracy. As a result, the 90 decision stump clas-
sifiers served as foundation for best LogitBoost ensemble 
method in our investigation.

The change from scores to positioning is considered a 
standardization interaction. The positioning vectors of mul-
titude of occasions in dataset are linked to build N × 2C2 

(25)ct = ft◦ct−1 + it◦c̃t−1⋅

(26)ht = ot◦tanh
(
ct
)

f (m) = argminf

n∑
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w
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i
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(
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))2

w
(m)
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(
1 − p(m−1)

)

(27)z
(m)

i
=

yi − p(m−1)
(
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)

w
(m)

i

(28)F(m)
(
xi
)
=

1

1 + e−2F
(m)(xi)

pointer framework M = [R1, R2, …, RN], where Rk is the 
positioning vector of occurrence k and N is the absolute 
number of examples in dataset. In this way, every idea at 
a specific positioning is changed to a vector in nonstop 
subspace, which can best address correspondence among 
preparation information. Consequently, SVD (singular value 
decomposition) on M indicator matrix serves as the founda-
tion of the MCA training process by Eq. (29):

The following is how desired concept representation is 
obtained by Eq. (30):

Thus, by using this concept representation T, continuous 
features of initial indicator matrix M can be obtained as fol-
lows by Eq. (31):

Changed portrayal F is then utilized to prepare method in 
preparation cycle, while grouping results are deduced from 
consistent elements F of the test information in testing sys-
tem. We consolidated tweet post-date in tweet vectors to 
uncover connection between a tweet’s post-date and its perti-
nence with flooding as well as outrageous climate occasions. 
Datetime tagging can be carried out at a variety of temporal 
granularities, including minute, hour, day, and week. Despite 
the fact that floods might happen abruptly, their effect, for 
example, flood immersion, frequently endures days, weeks, 
and in certain cases longer time spans. Accordingly, we 
planned dates between 29 August 2017 and 17 October 2017 
on to a number scale somewhere in the range of 1 and 50, 
and we attached the whole numbers into the element vector.

4 � Results and Discussion

Topic modeling, accuracy assessment, and spatial hot spot 
analysis are the outcomes of our application of the method-
ology described in the preceding section. These findings are 
presented in this section.

Dataset  The information utilized in this study were pre-
tremor and postearthquake remote detecting pictures from 
Landsat-8 and Sentinel2, all the more definitively two pic-
tures from Landsat-8, comprised of eight multispectral 
groups with a spatial goal of 30 m, and two Sentinel pictures 
with a spatial goal of 10 m and three noticeable transmission 
capacity.

(29)diag(row)−
1

2

(
M − row ⋅ F(m−1)

(
xi
)
+

1

2
f (m)

(
xi
)

(30)T = diag(row)−
1

2UΣ

(31)F = T .M
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Earthquake at Amatrice  On 24 August 2016, a seismic 
tremor with a greatness of 6.2 hit focal Italy with focal 
point near Accumoli, Italy. More than 290 people died in the 
earthquake, which also severely damaged the city of Ama-
trice and other nearby towns. Between August 17 and Sep-
tember 9, 2016, we gathered 48,992 georeferenced Tweets 
that were within the World Geodetic System 1984 bounding 
box. On August 24, 2016, the earthquake that struck central 
Italy occurred at 03:36:32, resulting in a peak in time series 
of number of tweets sent per hour. This peak corresponds to 
the hour that the earthquake occurred.

To assess conveyability to other seismic tremor occa-
sions in another worldwide area, we broke down the quake 
in Amatrice, Italy. This is particularly intriguing given that 
Italian is the official language in Italy, as opposed to English 
in the United States. As a result, we can learn from the Ama-
trice earthquake whether approach works in other languages, 
for other natural disasters, and on a different continent. 
Using python package Polyglot, we identified languages uti-
lized in Tweet corpus. We found that approximately 15.4% 
were written in Italian and 57.1% were written in English. 
23.6% of the Tweets’ language could not be automatically 
identified. We anticipated more Italian than English tweets, 
but diverse language distribution continues to be a challenge. 
Spatial binning is a method of visualizing data that involves 
grouping data points into shapes like triangles, rectangles, 
or hexagons. Hexagons have been demonstrated to be the 
most reasonable shape to utilize. Despite the fact that the 
Amatrice earthquake was one of Italy’s strongest, nearby 
urban centers show more activity than the affected region.

Tropical Storm Harvey  Tropical storm Harvey made landfall 
on 25 August 2017, near Houston, Texas, which is home 
to 2,000,000 occupants. Heavy rain fell in the area as Hur-
ricane Harvey slowed down, causing horrendous damage 
worth $125 billion and 68 deaths. As opposed to tremors, 
storms do not cause an unexpected expansion in Tweets 
since they are sluggish as well as checked days before land-
fall. By looking at the quantity of Tweets each hour in a 
week in which Storm Harvey happened with prior week, we 
see that the general number of Tweets expanded; however, 
there is no apparent pinnacle.

Utilizing vectorized rendition of physically named data-
set, we prepared a progression of parallel classifiers. To 
improve the predictability of models for unrelated tweets, 
we included related as well as unrelated data manually clas-
sified by human coders in our training set. There were a 
total of 20,413 tweets in the dataset prior to any sampling, 
of which 7801 were manually classified as related as well 
as 12,612 as unrelated. Subsampled information were then 
parted into preparation as well as test sets in which prepa-
ration set comprised 80% and test set was 20%. From that 

point forward, 12,481 preparation successions and 3121 test 
arrangements were utilized. The proportion of true positives 
as well as true negatives across all classified tweets is used 
to measure accuracy. While accuracy is the small part of 
pertinent tweets among every single applicable tweet (for 
example, genuine up-sides/(genuine up-sides + bogus up-
sides)), review is the negligible portion of pertinent tweets 
over the aggregate sum of tweets (genuine up-sides/(genuine 
up-sides + misleading negatives)).

Table 1 shows the subject word conveyance of principal 
LDA emphasis for “tremor” point, in which “quake” has a 
likelihood of 43.30%, which is uncommonly high. Besides, 
words “california” and “harm” show up in this point. Out-
comes introduced in Table 1 are profoundly proper to pro-
duce seismic tremor impression. In any case, in this first 
emphasis, no independent “harm” point was created. In this 
way, we applied a flowing LDA way to deal with looking at 
the tremor point in more detail.

Table 2 shows an analysis for various environmental data-
sets. Here, datasets analyzed are the Amatrice earthquake 
dataset and the Hurricane Harvey dataset in terms of predic-
tion accuracy, precision, F-measure, and ROC.

Figure 2 shows a comparison of prediction accuracy for 
the Amatrice earthquake dataset and the Hurricane Harvey 
dataset. The proposed technique attained a prediction accu-
racy of 95%, existing RNN of 91%, and RF of 93% for the 
Amatrice earthquake; for the Hurricane Harvey dataset, the 
proposed technique attained a prediction accuracy of 96%, 
existing RNN of 89%, and RF of 96%.

The above Fig. 3 shows a precision comparison based 
on various datasets. Here, proposed technique precision of 
76%, existing RNN of 74%, and RF of 75% for the Amatrice 
earthquake; for the Hurricane Harvey dataset proposed tech-
nique precision of 86%, existing RNN of 83%, and RF of 
85% for comparison of precision.

Figure 4 shows a comparison of F-measure. Proposed 
technique F-measure of 75%, existing RNN of 71%, and 
RF of 73% for the Amatrice earthquake; for the Hurricane 

Table 1   Word distribution for 
“earthquake” topic

Word Probability (%)

Earthquake 43.30
California 5.90
College 1.80
Slept 2.50
Damag 2.80
White 1.70
Hope 1.20
Challenge 1.60
Report 1.60
Stand 1.20



831Remote Sensing in Earth Systems Sciences (2024) 7:824–834	

Harvey dataset proposed technique F-measure of 89%, 
existing RNN of 83%, and RF of 85% for Comparison of 
F-measure.

Figure 5 shows ROC comparison based on various data-
sets. Here, proposed technique ROC of 71%, existing RNN 
of 65%, and RF of 66% for the Amatrice earthquake; for 
the Hurricane Harvey dataset proposed technique ROC of 
86%, existing RNN of 81%, and RF of 83% for Compari-
son of ROC.

Spatial binning of georeferenced Tweets in space 
affected by Storm Harvey shows high action in metropoli-
tan areas, particularly in Austin, San Antonio, Houston, 
and Twirly doo Rouge. While Austin, San Antonio, and 
Rod Rouge were not affected by Storm Harvey, a large 
portion of the city of Houston was flooded. The dataset 
must be further analyzed because this visualization cannot 
be utilized by disaster managers to determine which areas 
are impacted by a disaster. Framework cells address huge 
problem areas of tremor-related Tweets, while polygons 

behind the scenes frame authority USGS quake impression 
in various PGA forces. For factual approval, we overlaid 
USGS impression with problem areas produced by our 
strategy. In an initial step, we made a basic disarray lat-
tice of framework cells matching USGS as well as Twitter 
impressions.

5 � Conclusion

This research proposes a novel approach in environmen-
tal geospatial data analysis using machine learning–based 
feature selection with feature extraction. Here, the input 
data has been analyzed using fuzzy clustering–based deep 
spatial reinforcement model (FCDSR) and multimodal 
Dirichlet allocation–based LSTM logistic correspond-
ence algorithm (MDALLCA). Our AI approach does 
not need broad deduced information about the calamity 
occasion (for example, catchphrases to look for), which 

Table 2   Comparative analysis 
of various environmental 
datasets

Dataset Techniques Prediction 
accuracy

Precision F-measure ROC

Amatrice earthquake RNN 91 74 71 65
RF 93 75 73 66
FCDSR_DALLCA 95 76 75 71

Hurricane Harvey RNN 89 83 83 81
RF 93 85 85 83
FCDSR_DALLCA 96 86 89 86

Fig. 2   Comparison of predic-
tion accuracy
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is a significant calculate web-based entertainment based 
investigation since informal communities frequently foster 
their own wording (hashtags, articulations, and so on.). As 
a result, we are able to identify and quantify events that 
might not be described by commonly used keywords. To 

put it another way, the goal of our method is to locate the 
appropriate “set of words” for the analysis. A brand-new 
image dataset containing two hurricanes is used to evalu-
ate the multimodal framework that has been proposed. 
Effectiveness as well as dominance of proposed framework 
in comparison to a number of existing methods is demon-
strated by the experimental results. In future, proposed 

Fig. 3   Comparison of precision

Fig. 4   Comparison of F-meas-
ure
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dataset is reached out to contain more catastrophe occa-
sions as well as ideas. To improve the final classification 
results, other modalities like meta data as well as textual 
data can also be used.
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