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(Abstract )
Dengue fever and other mosquito-borne illnesses spread quickly and this disease has intricate connections between
social, economic, and ecological factors, but weather patterns including variations in temperature, humidity, and
rainfall continue to have a significant impact. Therefore, an automated mosquito spreading control system is
implemented using climatic data and a deep learning-based dengue outbreak prediction framework. The climate
factors data for dengue fever outbreak is predicted in this work for controlling the mosquito spreading. Initially, the
requisite climate data such as temperature, humidity, precipitation, and so on is gathered from the benchmark
resources and the collected data is fed into the optimal feature selection stage. Here, the necessary feature of the
mosquito spreading control process is optimally selected by utilizing the Modified Golden Eagle Optimizer (MGEO).
Further, the optimally selected features are forwarded to the Attention-based Temporal Convolutional Network
(TCN) with Long Short Term Memory layer (ATCN-LSTM) for predicting the dengue outbreak. Subsequently, the
climate factors data for dengue fever outbreak is predicted by analyzing and varying the climatic parameters and its
micro-level. Here, the parameter and its micro-level are determined optimally by the same MGEO algorithm to
control mosquito spreading.

Keywords-Climate Factor Prediction of Dengue Outbreak; Mosquito Spreading Control; Optimal Feature Selection;
Modified Golden Eagle Optimizer; Attention-Based Temporal Convolutional Network With Long Short Term Memory

(Layer »

1. Introduction

Different types of arboviruses are spread by mosquitoes. These viruses typically cause diseases in tropical
and subtropical areas [1]. Climate change [2] can further improve virus transmission and the spread of
invading mosquito species. The emergence and spread of diseases linked to climate change and extreme
weather events [3]. Mosquito-borne diseases are the worst threats to the world and it is the prime
example of hazards. Humans have coexisted with the Anopheles mosquito, which spreads the malaria
parasite, and the Aedes, which carries several arboviral infections, such as dengue and recently
discovered viruses like Zika and chikungunya [4]. Aedes mosquitoes are more prone to transmit diseases,
dengue being the most prevalent, because they reside close to human bodies and feed on human blood
[5]- The local mosquito species can promote the transmission of the corresponding viruses in humans [6].
However, there is currently limited information available regarding the local mosquito species for the
particular arboviruses.

Mosquitoes need a variety of climatic and structural characteristics for their growth [7]. In the most
basic scenario, models are created using bioclimatic data which includes precipitation and temperature
[8]. The lowlands of northeastern Germany do not experience this climate difference [9]. The invasive
organisms are not fully adapted to the local climate, so modeling is frequently necessary in this
circumstance [10]. Sub-Saharan African countries are susceptible to malaria-endemic but they are not
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thoroughly investigated based on climate-related factors [11]. Thus, there is an urgent need to address
these problems and provide a state-of-the-art solution to improve choices in the health sector [12].

The acoustic signature of the Birds and bees has been successfully classified by machine learning
algorithms [13] [14]. Effective classification of mosquitoes has been demonstrated by log-mel spectral
characteristics with Convolutional Neural Network (CNN) models [15]. Healthcare professionals can
adopt machine learning algorithms for making decisions about therapies. The Support Vector Machine
(SVM) is used to predict the outbreak of malaria diseases based on climate data [16]. The conventional
approaches reads meteorological data from geographical Application Programming Interfaces (APIs) and
free weather services and then forecast the potential incidence rate of dengue [17]. The majority of these
models for forecasting have been successful, but none of them could be considered the best approach for
predicting dengue based on climate variability and the prediction techniques vary depending on the
area's behavior. The traditional approaches are not suited to predict the dengue mosquito in the tropical
and subtropical regions. Further, the conventional approaches fail to learn the complex pattern in the
data, which produces in accurate results in the dengue outbreak prediction process. Likewise, the climatic
factors are not considered by the conventional approaches, which cause a huge barrier in the outbreak
prediction process. In this research, a deep learning-based dengue outbreak prediction with mosquito
spreading control is developed to handle the difficulties involved in the conventional model.

The important contributions of the deep model-based dengue outbreak prediction with mosquito

spreading control model are listed as follows.

® To design a deep structure-based dengue outbreak prediction with a mosquito spreading control
approach to predict the dengue epidemic based on the climatic data for guiding medical professionals
to take proactive steps to prevent the dissemination of dengue disease in the country. In addition, the
suggested model controls the spread of the mosquito to mitigate the transmission of dengue disease
in the human.

® To recommend an MGEO by upgrading the arbitrary number in the conventional GEO for optimally
choosing the features and parameters to enhance the relief score and accuracy in the optimal features
selection and dengue outbreak prediction process.

® To design the ATCN-LSTM with the combination of attention-based TCN and LSTM for predicting the
dengue outbreak based on climatic data. The ATCN-LSTM has the capability to analyze the temporal
and long-term dependency in the input data that provides accurate results in the dengue outbreak
prediction process. This model also helps to adopt different disease control measures for enhancing
the health concerns of the people.

(® To optimally determine the parameter and the micro-level for controlling the spread of the mosquito
to lower the transmission of the dengue fever in the country and it greatly minimize the impact of the
dengue disease on public health.

® To validate the performance of the recommended dengue outbreak prediction with mosquito
spreading control for confirming its effectiveness with the existing model.

The ATCN-LSTM-based dengue outbreak prediction with mosquito spreading control approach is

presented as follows. The literature works of the dengue outbreak prediction is given in Part II. A novel

climate factor prediction of dengue outbreak using deep learning is specified in Part III. The description of

the dataset and optimal selection of features for improving detection performance is indicated in Part IV.

The attention-based deep learning network for climate factor prediction of dengue outbreak is given in

Part V. The results with its discussion are specified in Part VI. The conclusion of the developed model is

mentioned in Part VIL

2.Literature survey

2.1 Related Works

In 2021, Li et al. [18] have developed a statistical and regression network to find the occurrences of
dengue fever in the country. The key ecological environment for dengue fever was predicted by the
Principal Component Analysis (PCA). The key factors including light time night travel and population
density were also considered to find the dengue outbreak in the country. The socio-economic factors and
endemic factors for the particular region are also considered to find the dengue outbreak in the region.

In 2021, Sierra et al. [19] have suggested a Poisson multilevel analysis for detecting the climatic, socio-
demographic and economic factors that lead to the development of dengue disease in the country. The
health department provides the required details such as entomological variables to predict the outbreak
in the country. The municipality affected by the severe dengue was determined by this model. Based on

Vol.6, No.3, 2026 389


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaiml International Journal of Artificial Intelligence and Machine Learning

the temperature, and humidity level, the cases present in the particular area were accurately measured
via the Poisson multilevel analysis.

In 2021, Wieland et al. [20] have presented an XGBoost model for analyzing the mosquito species in the
German country. The combination of the habitat model and climate model effectively considers climatic
factors for accurately detecting the dengue outbreak in the country. Finally, the statistical analysis was
performed to find the effectiveness of the recommended model and the infection in the particular region
was detected by the recommended approach.

In 2024, Joelianto et al. [21] have offered a real-time CNN for classifying the mosquito species in the
particular region. The multi-class classification and binary classification were performed by the CNN
approach. The suggested CNN model attained higher accuracy while classifying the mosquito species. The
male and the female Ades were determined by the CNN with high precision. This approach was used to
control the dissemination of dengue and provides an effective disease management process.

In 2022, Carreto et al. [22] have presented an index mathematical model for eliminating the
dissemination of mosquito-borne disease in the country. Here, the viral suitability index was taken into
consideration for analyzing the mosquito-borne disease in the country. The temperature, precipitation,
and humidity levels were considered by the index mathematical model to get accurate results in the
detection of mosquito-borne diseases detection.

In 2022, Mondal et al. [23] have offered a Geographically Weighted Regression (GWR) technique for
determining vector-borne disease based on climatic conditions. It considered the temperature and
attributes of the rainfall for analyzing vector-borne diseases in humans. Further, the Inverse Distance
Weight (IDW) interpolation technique was used to map the positive disease cases and climatic
parameters. The final results showed that the vector-borne disease was mainly occurred due to the
rainfall and temperature factors and it greatly spread this disease all around the world.

In 2021, Nkiruka et al. [24] have suggested a machine-learning approach for classifying the malaria
diseases based on climatic variables. The feature engineering process was initially done to analyze the
climatic variables to find the incidence of malaria disease. The outlier in the data was detected by the k-
means clustering process. The comparative results were adopted to verify the effectiveness of the
proposed model in the classification process. The suggested model helps to save the lives of the people by
providing effective treatment approaches

In 2021, Soh and Aik [25] have designed an efficient approach for analyzing the rainfall variability and
temperature in the environment to analyze the habitats of the mosquitoes. The characteristic of the
abundant Culex mosquito larval was determined by this model. The utilization of weather data in the
prediction process helps to prevent the transmission of the virus in urban areas.

2.2 Problem statement

Dengue fever is a widespread disorder and causes serious problems for humanity. The primary climatic

factors that contribute to dengue outbreaks must be detected to effectively prevent this issue. Various

experiments have been conducted in this area. However, a very limited amount of work has been given
successful outcomes and these approaches also still need further improvement. The primary limitations
that have been faced in the traditional experiments are listed below.

(® Only a limited number of researches is available to predict the dengue outbreak using climatic factors.
Hence, to enhance the system efficiency and predict the dengue outbreaks automatically, climatic
factors are required.

® Most of the conventional dengue outbreak prediction techniques utilized machine learning
mechanisms for predicting the dengue outbreaks. However, these techniques consume more time and
create more computational complexities. Hence, the suggested work employed the recent deep
learning technique that minimized the mentioned issues.

(® Though some of the traditional techniques employ climate data for the prediction process, these
techniques didn’t consider the optimal features. This reduced the accuracy of the overall process.
Thus, the suggested work performed the optimal feature selection task using an improved
optimization algorithm that selects very related and effective features from the climate data for the
prediction task.

® The conventional dengue fever outbreak techniques only predicted the dengue outbreaks and didn’t
focus the mosquito spreading control. Hence, the suggested work performed the mosquito spreading
control operation by employing the modified optimization algorithm that shows the uniqueness of
the presented work.

(® Although there are some deep learning techniques employed for prediction purposes, the techniques
face overfitting, dimensionality, and generalizability issues. Hence, this work implemented a modern
and effective deep learning technique to reduce the mentioned issues.
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Thus a novel dengue outbreak prediction mechanism is introduced by employing deep learning in this
work. Table 1 elucidates the state-of-the-art technique’s features and limitations.

Table 1. Features and challenges of existing dengue outbreak prediction techniques

Author Methodology Features Challenges
[citation]
Lietal. Support Vector It is robust to outliers and has It is not efficient in large-
[18] Regression (SVR) better generalization scale datasets.
capability. It generates inaccurate
Its implementation process is outcomes.
simple.
Sierraet | Poisson multilevel It effectively forecasts future It increases the risk of false
al. [19] analysis events. positive rates.
It generates accurate It is not suitable for real-
representations of random world applications.
events.
Wieland | XGBoost It is very fast and effective. It can be slow to train
etal. [20] It handles huge-size datasets because of numerous
effectively. hyperparameters.

It is not applicable for low-
end devices.

Joelianto | CNN It automatically learns the It demands more memory
etal. [21] necessary features. and time.
It reduces the computations. It has interpretability
complexities.
Carreto et | Index P analysis It reveals markedly distinct It is suitable for very small
al. [22] mosquito disease risk regions.
transmission patterns.
Mondal et | ANN It is fault-tolerant ad performs | Itis computationally very
al. [23] parallel processing. expensive.
It can generate outcomes with | It consumes more time to
inadequate data. develop.
Nkiruka XGBoost It generates high accuracy. It is susceptible to
etal. [24] It is very simple to understand | overfitting.
and interpret. It is memory intensive.
Soh and Zero-inflated It manages high amount of It is not applicable for small
Aik [25] Poisson (ZIP) zeros and has better flexibility. | samples.
regression It offers interpretable It is more complex than
attributes. other regression techniques.

3.A Novel Climate Factor Prediction of Dengue Outbreak Using Deep Learning:
Architectural Description

3.1 Importance of Predicting the Climate Factor of Dengue Outbreak

The humid and semi-tropical regions of the world are greatly endangered by the dangerous disease called
as dengue. Joint pain, muscle pain, and headache are the frequent symptoms of dengue. The mosquitoes
are the primary factor for spreading dengue fever around the world. The accurate forecasting of dengue
outbreaks can be used to take proactive steps to prevent the spread of dengue fever in the world. The
premature caution system for the dengue outbreak is easily provided by predicting the climatic factors
such as rainfall, temperature humidity, etc and it may be helpful to neglect the dissemination of dengue
fever by taking the targeted intervention in a timely manner. Further, mosquitoes are the main sources
for spreading dengue disease in humans here the reproduction of mosquitoes is mainly depend on the
changes in the climatic factors. The dengue transmission changes over time based on the temperature and
the rainfall conditions of the country. The disease control measures are effectively adopted with the help
of predicting the climatic factors and it entails enhancing the accuracy of the dengue outbreak prediction
process. Proactive disease management is done by predicting the climate factor associated with the
dengue outbreak.
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3.2 Architectural View of Proposed Model

Dengue is a dangerous disease that affects most of the people in the world. Priority health adaptation
techniques are developed to significantly provide early warning signals for the dengue disease. The
dengue outbreak prediction is performed by numerous approaches. The dengue fever cases in the given
area are determined by some of the factors including rainfall, temperature and humidity, etc. However,
the conventional approaches attain accurate results while taking these factors into account. In addition,
the predictive capability of the traditional model is very low and they fail to capture the complex
relationship between the climatic factor data. The dengue outbreak is effectively predicted by the
variability of climatic factors. However, the existing model does not find the spatial pattern of the climatic
data so it does not provide precise results in the dengue outbreak recognition process. The challenges of
the existing approaches prevail by the deep leaning-based dengue outbreak prediction with mosquito
spreading control approach. The architectural view of the deep network-based dengue outbreak
prediction with mosquito spreading control is specified in Fig. 1.

Figure 1.Architecture of the deep network-based dengue outbreak prediction with mosquito
spreading control model
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We developed a deep learning-based dengue outbreak prediction with a mosquito spreading control
framework for assisting the healthcare professions in taking proactive steps to prevent the spread of
dengue in the country. In addition, the suggested deep model also helped to mitigate the risk of
transmission of dengue by taking the necessary treatment measures. Further, the developed model
reduces the risk of dengue by providing valuable insights to predict the outbreak in the country based on
the climatic data. Dengue fever is mainly caused by climatic factors since the mosquitoes are grown in
humid areas and spread viruses so the intensity of the dengue in a particular region is enormously
increased and develops outbreak in the country, which can be prevented by the suggested methodology
as it captures the microclimatic data to control the spread of mosquito in the area and prevent the
occurrence of dengue in the particular area. This research uses the climate data that is collected from the
online resources. The collected climatic data consists of temperature, humidity, and precipitation details
for predicting the dengue outbreak in the country. The collected climatic data is further passed to the
feature selection phase here; the feature selection is done in an optimal manner in which the necessary
features are optimally attained using the MGEO. Thus, the relief score value is highly enhanced. After that,
the optimal features are given to the ATCN-LSTM to predict the outbreak in the country. The TCN requires
very minimum resources for processing the time series data and the temporal dependencies of the data
are captured by the TCN. Additionally, the relationships among the climatic variables of the optimally
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selected features are captured by the TCN. Along with the TCN, the attention module is incorporated to
enhance the feature learning capability of the TCN. The LSTM can preserve the historical information and
spatial features in the given input data to get precise results in the dengue outbreak recognition process.
The optimally selected features are given to the ATCN-LSTM and here the features from the optimal
features are approved by the LSTM to make the prediction regarding the dengue outbreak. After the
dengue prediction, the parameters and its micro level such as maximum and minimum temperatures as
well as maximum and minimum humidity is optimally selected to prevent the spreading of mosquitoes
around the country which enhances the accuracy of the mosquito outbreak prediction process. The
optimal control of mosquito spread prevents the occurrence of dengue disease in humans. The mosquito-
spread control can help to prevent the risk of dengue outbreaks in the public healthcare system. It has the
ability to handle the spread of dengue viruses by minimizing the mosquito population. At last, the
recommended model is contrasted with the conventional techniques to verify its effectiveness in the
dengue outbreak prediction with mosquito spreading control process.

4.Description of Dataset and Optimal Selection of Features for Improving
Detection Performance

4.1 Representation of Climate Factor Dataset

The Local Epidemics of Dengue Fever is the first dataset and it is taken from the link
https://www.kaggle.com/datasets/arashnic/epidemy with access date: 2024-07-16. The tropical and
subtropical parts of the world are affected by the dengue disease. The symptoms such as fever and flu are
occurring due to the presence of the dengue disease. The Asian and Pacific islands are mostly affected by
the dengue disease.

Global Dengue Outbreak Prediction Challenge is the second dataset and it is loaded from the link of
https://www.kaggle.com/competitions/global-dengue-outbreak-prediction-challenge/data with access
date: 2024-07-16. The individual health records of the patient are available in this dataset. This dataset
has symptomatic cases that can be used to identify the disease in humans.

We utilize the climatic factor dataset for performing the dengue outbreak prediction and mosquito
prediction. The accuracy of the dengue outbreak prediction is enhanced by considering the climate factor

dataset. The collected climatic data from the data source is denoted as G’ and ¢ =1,2...C here the total
quantity of the climatic data is elucidated as C .

4.2 Optimal Feature Selection
The feature selection process is optimally carried out on the climatic data G’ collected from the data

sources. The collected climatic data consist of several features that enhance the complexity of the dengue
outbreak prediction process. The optimal feature selection processes select the appropriate features from
the data, which seriously augment the recognition capability of the deep model in the outbreak prediction
process. Because of this process, the model utilized for the prediction process only concentrates on the
relevant feature thus the process of overfitting is greatly reduced. The MGEO algorithms optimally choose

the features from the collected climatic data in an optimal way and it is expressed by the term G**° . The

feature selection in an optimal manner increases the value of the relief score and attains precise results.
The optimally selected features enhance the outbreak prediction accuracy and reduce the time necessary
for the outbreak prediction process. The objective function of the MGEO-based feature selection is
specified in Eq. (1).

1
ob=arg min| — 1
{%y«w} (rel j (1)

Here, the relief score is denoted by the termre/ and it is calculated using Eq. (2). The optimally

selected feature is expressed by the term G*°.
rel = R(d.of.G:"’g" \ n.d.c)—R(d.of.G:""g" | n.s.c) (2)
Here, the probability is expressed by the term R , the different value of G"*° is expressed as d.of .G"*?,

the nearest illustration from the similar class is expressed as n.s.c, and the adjacent illustration from the
dissimilar class is expressed as n.d.c . The maximized relief score value is used to get accurate results in
the outbreak recognition process.
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4.3 Developed MGEO

The MGEO is derived from the GEO algorithm for optimally selecting the features and micro-level in the
dengue outbreak prediction with mosquito controlling process. The optimal selection of feature and
micro-level parameters simultaneously augments the relief score and accuracy in the feature selection
and dengue outbreak prediction process. The GEO is motivated by the behavior of the eagle that solves
the global optimization issues in the search space. In addition, the real-time engineering issues are also
defeated by the GEO. However, the balancing capability of the GEO in the exploitation and exploration
phase is very low. The adaptability and the generalizability of the GEO are very low. By considering these
difficulties, an MGEO is developed by upgrading the random attributes. The MGEO enhances the relief
score and accuracy in the selection of features and the dengue outbreak prediction process. For
calculating the random number, the current, best, worst, and mean fitness values are adopted. The
mathematical form of the upgraded arbitrary number is specified in Eq. (3).

e A 3)

bet +wcet + mct
Here, the upgraded random number is represented as s and it is applied in Eq. (7) of the conventional
GEO, the best fitness is elucidated as bct, the term fct delineates the current fitness, the worst fitness is

s =

delineated as wct and the mean fitness is denoted as mct . The upgraded arbitrary number enhances the
balancing capability of the MGEO thus exploitation and exploration are greatly increased. In addition, the
generalizability of the MGEO is also enhanced by the upgraded arbitrary number. The tuning of
parameters using the MGEO also enhances the accuracy and the relief score values.

Golden Eagle Optimizer (GEO) [26]: The global optimization issues are solved by the GEO. The speed
of the golden eagle during the hunting process is taken as the inspiration of the GEO. Then exploitation
and the exploration of the GEO are analyzed in the following sections.

The golden eagle follows the spiral motion to catch its prey and the eagle has excellent memory
capability so it does not forget the place visited by the eagle to perform the hunting process.

The cruise hunting operation is performed by the golden eagle since it adopts the new prey at each
iteration process. The best solution in the GEO is considered from the prey. The best solution is easily
memorized by the golden eagle.

From the present position, the attack process is initiated in the direction of the eagle’s memory. Eq. (4)
is used to determine the vector attack of the golden eagle ;.

B, =Y, Y, (4)
The vector attack of the eagle jis denoted as E/., the eagle g visiting the best location represented

asY, , and the existing location of the present eagle g is denoted as Y, .

Exploration (cruise): Based on the attack vector, the cruise vector is calculated. For the circle, the
cruise vector is tangent in nature and for the attack vector, it is perpendicular in nature. The inner side of
the circle consists of a tangent hyperplane with a cruise vector. In the o dimensional space, the scalar of
the hyperplane is calculated using Eq. (5).

Ly, iy, +.. iy, =e:>k§:;lhkyk —e (5)
e=I+0 (6)

Here, the variable vector is specified as Yz[yl,y2 ..... U]and the normal vector is represented

asl = [il,iz....jo], and the arbitrary point is elucidated as 0= [9:,95,--9,]-

Displacement to the new position: The attack and vector are comprised in the displacement process of
the golden eagle. In the iteration u , the step vector of the golden eagle is specified in Eq. (7).

B, D.

Vyj :Elqb‘é_+§2qdul—j_j (7)
J

J

The Euclidean standard of the attack is expressed as “é/ “ and the Euclidean standard of the cruise

vector is expressed as ”Dj “ At the iterationu, the attack coefficient is expressed asg,, and the cruise
coefficient is expressed as g, , the random vectors are specified as s, and s, , respectively and this arbitrary

number is upgraded using Eq. (3) of the recommended MGEO. At 4" iteration, the vector of step and the
location are added to get the point of the golden eagle and it is given in Eq. (8).
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Y=y Ay (8)

The reminiscence of the golden eagle is upgraded with the new position if the fitness value of the new
location is superior to the position in the memory of the golden eagle.

Conversion from the exploration and exploitation: This process is done by considering the factors
likeg, andgq,. At the initial stage, the value of ¢, is very low and the value of ¢,is higher. While
beginning the iteration process, the value of g, is increased and the value of g, is decreased. The linear
transition is used to find the value of the intermediate values and it is displayed in Eq. (9).

u
%:ﬁ+5@ﬂwﬂ
9)

%=ﬁ—%@?wﬁ

In the tendency to the attack, the initial and the final values is represented as g, and ¢, , respectively. In
the tendency of the cruise, the initial and the final values are represented as ¢5,q , respectively.

The pseudocode of the MGEO is expressed in Algorithm 1 and the flowchart of the MGEO is offered in Fig.
2.

Algorithm 1: Designed MGEO

Initialize the attributes of the MEGO

Find the fitness value

Initialize the population's memory

Initialize the ¢, and g,

While the end condition is not fulfilled

For each iteration u

Upgrade the random number using Eq. (3).
Upgrade the value of the ¢, and ¢,

For each golden eagle j

Arbitrarily select the prey from the memory of the
population

Find the attack vector using Eq. (4).

If the length of the attack vector is not equivalent to zero

Find the step vector using Eq. (7).

Upgrade the position value using Eq. (8).

Find the fitness of the new position.

If the fitness is greater than the fitness of the eagle’s
memory

Replace the position with the position in the memory
of the eagle

End

End

End for

End for

End while

Get the optimal solution
Stop
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Figure 2.Flowchart of the MGEO
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5.Attention-based Deep Learning Network for Climate Factor Prediction of
Dengue Outbreak

5.1 Temporal Convolutional Network

The TCN [27] is a well-known deep learning architecture that uses dilations and casual convolution layers
for interpreting sequential data. The TCN model provides the output at each given time step depending on
previous inputs and future input, they are referred to as causal. The TCNs employ dilated fundamental
convolutions, which reduce memory requirements or increase the number of parameters needed to store
the model while enabling a broad receptive field. The convolutional layers of the TCN model work on a
distinct segment of the input sequence. The TCN can construct a representation of the complete input
sequence by feeding the output of each layer. While extracting the information from the input data, the
vanishing gradient issues are solved by dilated casual convolution and the residual block of the TCN. The
utilization of the casual convolution enhances the receptive field to get precise outcomes in the outbreak
prediction process. The dilated casual convolution maintains the identical time step for input and output
values at the same time it prevents the loss of information in the features retrieval operation. Eq. (10)
expresses the operation of the casual dilated convolution in the TCN.

Zin = i 8% Zi uje (10)

J=0
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At the time u and for the layeri, the size of the convolutional layer is denoted as /, the series of the value
is stated asz. , the filter is denoted as g and the dilation rate of the TCN is expressed ase. The

iu?

structural representation of the TCN is given in Fig. 3.

Figure 3.Structural representation of the TCN
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5.2 Long Short-Term Memory

The LSTM [28] model is used to predict the dengue outbreak for controlling mosquito spread in the
country. In several countries, dengue is considered as a severe health issue and outbreak in a particular
region. The time series data is effectively handled by the LSTM and it also effectively handles the flow of
data within the network. The gates of the LSTM can capture the long-term dependencies in the data thus
it provides effective results in the dengue outbreak prediction process. The LSTM structure provides
more accurate prediction results since it can prioritize the features in the input data to get effective
results in the dengue outbreak prediction. The performance of the RNN is hindered by the exploding
gradient issues so it does not provide accurate results in the dengue outbreak prediction process. In order
to solve the difficulties of the RNN, the LSTM is developed and this structure adopts the memory blocks
that prevent the exploding gradient issues in the outbreak prediction process. LSTM structure substitutes
the multiplicative gates like output, input forget gates rather than the hidden neuron of the RNN. The
behavior of the memory block is controlled by the three gates of the LSTM. The resetting, wiring, and
reading operations in the memory cell are also embarrassed by the gates of the LSTM. The LSTM can
effectively capture and retain the information and allows for getting accurate prediction results.

The flow of new information is controlled by the input gate of the LSTM and it is represented in Eq.
(11).

j = sigmoid(X ,; xy+ X, xy+d,) (11)

The input gate’s bias value is represented as d, the prior hidden state is denoted as y , the input given
to the LSTM is represented as y , the prior hidden state, and the input state is connected to the input gates
via weights X , and X ;. The decision to retain or forget the information in the memory block is decided
by the forget gate g and it is represented in Eq. (12).

g=sigm0id(ng><y+Xig><i+dg) (12)

The input and preceding hidden state is connected to the forget gate with the help of weight values is
represented as X, and X, correspondingly. The forget gate’s bias value is represented asd,, the

provision of output from the memory block is decided by the output gate p and it is represented in Eq.
(13).

pzsigmoid(ij><y+Xl.p><i+dp) (13)

The input and previous hidden state is connected to the output gate with the help of weight values

represented as X ,, X,,, correspondingly, and the forget gate’s bias value is represented asd,. The

memory celld store the attributes in the memory block d' and it is upgraded using forgets and the input
gate is given in Eq. (14).
d'=gxd+ jxtanilX , xy+ X, xi+d,) (14)
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The input and preceding hidden state is connected to the memory cell with the help of weight values
represented as X ,, X ;. The memory cell’s bias value is represented as d,, .

The update gate and the memory cell are used to upgrade the hidden state i and it is elucidated in Eq.
(15).

i = pxtani(d") (15)

The basic operation of the LSTM is expressed by the above expressions. The pictorial representation of
the LSTM is given in Fig. 4.

Figure 4.Pictorial representation of the LSTM

Long Short Term Memory

Forget
gate
Cell state update
Output gate

5.3 ATCN-LSTM for Climate Factor Prediction of Dengue Outbreak

The ATCN-LSTM is developed by incorporating the attention TCN and LSTM. The climate factors related
to the dengue outbreak are predicted by the combination of the TCN and LSTM. The TCN requires very
minimum time and computational resources for predicting the dengue outbreak. In addition, it enhances
the receptive field to get precise grades in the outbreak prediction process The TCN [29] can have the
capability to extract significant characteristics from the input data. Likewise, the long-term dependencies
in the data are captured by the LSTM so it gives accurate results in the climate factor prediction for the
dengue outbreak. The focus of the TCN on the relevant features is enhanced by adding the attention

mechanism with the TCN. The optimally selected features G!*° are given to the ATCN-LSTM for

predicting the dengue outbreak based on climatic factors. Here, the ATCN structure retrieves the
significant features and they are passed to the LSTM to predict the climate factors related to the dengue
outbreak, which includes precipitation, humidity, and temperature that greatly influence the population
of the mosquito in the dynamic environment. Based on the above climatic factors, the suggested model
predicts the chance of dengue outbreak at the high mosquito region. Predicting the microclimatic
variation helps to control the dissimilation of the mosquito that can be used to prevent the development
of an outbreak in the country. The ATCN-LSTM-based climate factor detection provides valuable insights
to the healthcare department for taking effective treatment to prevent the transmission of dengue in the
specific region.

Attention [28]: The long-term dependencies are effectively modeled by incorporating the attention
mechanism with the deep network. The utilization of the attention mechanism prioritizes the features in
the given input data and provides accurate results in the outbreak prediction process. When making the
prediction, the incorporation of the attention mechanism guides the deep model to focus on the most
relevant information to get accurate prediction results within the minimum time period. The context
vector is produced by the attention module at the given time step and it is represented in Eq. (16).

du = k%IKukik (1 6)

The total number of time steps is expressed asU , for each statei, , and the weight value at each time
stepu is denoted as «,, . The structural demonstration of the ATCN-LSTM-based climate factor prediction
is presented in Fig. 5.

Figure 5. Structural representation of the ATCN-LSTM-based climate factor prediction
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5.4 Optimal Control of Mosquito Spreading

The mosquito is the major cause of dissemination of dengue fever all around the world. To control
mosquito spreading in a specific region, the micro level and its parameters are optimally determined
using the MGEO. The MGEO optimizes the micro level variables like air temperature minimum level, air
temperature maximum level, station temperature minimum level, station temperature maximum level,
dew point temperature minimum level, dew point temperature maximum level, relative humidity
minimum level, relative humidity maximum level, specific humidity minimum level and specific humidity
maximum level to get accurate results in the Mosquito spreading control process. Here, the mean value of
the five micro-level attributes is determined by averaging the maximum and the minimum level values of
the individual micro-level attributes. The attained mean dew point temperature, mean station
temperature, mean air temperature, mean relative humidity, and mean specific humidity are utilized to
control the spread of the mosquito in the country. The metabolism of the mosquito is slowed down under
the particular air temperature and also the high air temperature in the environment can affect the
breeding process of the mosquito thus it helps to control the spreading of mosquitoes in the country. The
station temperature is used to find the temperature in a particular area to take effective control measures
to prevent the spread of mosquitoes in the country. The humidity of the particular area is determined by
the dew points. The survival rate of the mosquito is controlled by maintaining a particular level of relative
humidity. The optimal identification micro-level parameters manage the population of the mosquito and
neglect the breeding sites of the mosquito. Further, the favorable condition for mosquito breeding is
predicted by continuously monitoring the rainfall, humidity, and temperature conditions of the particular
sites. Because of the optimal control of mosquito spreading, the burden of the dengue outbreak is greatly
reduced. The objective of the optimal control of mosquito spreading is given in Eq. (17).

S= arg min (outbreak) (17)
AT AT ST ST

DT™ DI;™ RH™ RHP™
SHImm ,SHE"'“

Here, the objective function is delineated asS, the main objective of considering the micro-level
attributes is to minimize the chance of dengue outbreak in the country.

6.Results and discussion

6.1 Experimental setup

The recommended ATCN-LSTM-based dengue outbreak prediction with mosquito spreading control
approach was implemented using Python software. The reliability of the ATCN-LSTM-based dengue
outbreak detection model was compared with the conventional algorithms such as “Seagull optimization
algorithm (SOA) [30], Golf Optimization Algorithm (GOA) [31], Namib Beetle Optimization Algorithm
(NBOA) [32]”, GEO [26] and the prior approaches like XGBoost [33], TCN [27], and LSTM [28] were
employed to find the effectiveness of the dengue outbreak prediction model. We take the value of the
chromosome length as 5, population as10, and maximum iteration as 50.
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6.2 Evaluation indices
The evaluation indices like “False Negative Rate (FNR), False Positive Rate (FPR), and Precision” are taken
for the comparison process.

b
accuracy = v (17)
vw+vb+nn+nm
FPR=-—"" (18)
vb +nn
FNR =" (19)
vV + nm
precision = s (20)
v+ nn

Here, the true positive rate is represented as vv and the true negative rate is denoted as vb, the false
positive is expressed as nn , and the false negative is delineated as nm .

6.3 Roc curve evaluation

The ROC curve analysis of the ATCN-LSTM-based dengue outbreak prediction with mosquito spreading
control approach is specified in Fig. 6. The ROC curve analysis is carried out to assess the relative
efficiency of the suggested dengue outbreak prediction framework. Here, the proposed ATCN-LSTM (blue
line) has a higher ROC area in comparison with the traditional approaches like XGBoost, TCN, LSTM, and
ATCN-LSTM. The huge ROC curve indicates that the designed approach attained a higher accuracy value
in the dengue outbreak prediction so it is more effective in managing the dissemination of mosquitoes in
society. The results comparison show that the combination of the ATCN-LSTM is more effective for
predicting the dengue outbreak and it helps to control the mosquito control, which may influence the
spreading of dengue in the country. The dengue outbreaks influenced by the long and short-term factors
are significantly predicted by the recommended ATCN-LSTM. The suggested ATCN-LSTM is helpful in
dengue outbreak prediction and enhances public health efforts.

Figure 6.ROC curve analysis of the suggested dengue outbreak prediction with mosquito spread
control approach for (a) Dataset 1, (b) Dataset 2
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6.4 Convergence analysis

Fig. 7 presents the convergence assessment of the MGEO-ATCN-LSTM-based dengue outbreak prediction
with a mosquito spreading control approach. Here, the convergence assessment is performed by
comparing it with traditional algorithms like SOA, GOA, NBOA, and GEO. Here, the iteration value ranges
from 0 to 50. Overall, the MGEO-ATCN-LSTM model performs best as it converges within limited iteration
values. It is worth to note that the recommended MGEO-ATCN-LSTM initially gets a similar convergence
value with the GOA. At 1st iteration, the convergence of the MGEO-ATCN-LSTM is suddenly lowered and it
ultimately lowered after the 20t iteration. As the iteration is increased, the cost function of the developed
MGEO-ATCN-LSTM tends to degrade, which indicates that the suggested MGEO-ATCN-LSTM provides an
optimal solution with a minimum convergence rate. The suggested MGEO-ATCN-LSTM model predicts
the dengue outbreak and controls the dissemination of the mosquito in the country. The suggested model
is also useful for seeking the proper diagnosis and treatment for saving one’s life from dengue fever.
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Figure 7.Convergence investigation of the suggested dengue outbreak prediction with mosquito
spread control approach for (a) Dataset 1, (b) Dataset 2
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6.5 Confusion matrix evaluation

The convergence examination of the developed MGEO-ATCN-LSTM-based dengue outbreak prediction
with mosquito spreading model is given in Fig. 8. To find the overall performance of the MGEO-ATCN-
LSTM, the convergence analysis is carried out. The convergence analysis uses four factors like true
positive and negative, false positive and negative to find the overall accuracy of the recommended MGEO-
ATCN-LSTM. On the dengue outbreak prediction, the suggested MGEO-ATCN-LSTM outperformed other
approaches especially it considering the climatic data to perform the prediction process. The proposed
MGEO-ATCN-LSTM was successfully applied for predicting the dengue outbreak and offered convenient
results. The suggested model also controls the spread of mosquitoes for controlling the spread of the
dengue disease. In addition, the developed MGEO-ATCN-LSTM controls the mosquito as it carries viruses
for dengue fever and causes the endemic situation. The dengue disease causes severe complications and
death in humans. The controls of mosquito spreading prevent the major causes of dengue fever. Thus, the
recommended MGEO-ATCN-LSTM is obviously suited for the dengue outbreak prediction process.

Figure 8.Confusion matrix of the suggested dengue outbreak prediction with mosquito spread
control approach for (a) Dataset 1, (b) Dataset 2
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6.6 Accuracy analysis

The accuracy analysis of the ATCN-LSTM-based dengue outbreak prediction with mosquito spreading
control approach for the two datasets is given in Fig. 9. Here, the accuracy of the recommended ATCN-
LSTM is examined by varying the K fold metric in the axis X and its ranges from 1-5. At the 2n K fold
value, the accuracy of the recommended ATCN-LSTM is reaches maximum value and it is slightly lower at
the 1st k fold value. Again at the 5t K fold value, the accuracy of the recommended ATCN-LSTM reaches
maximum value. In all K fold values, the least accuracy is attained by the XGBoost. The results showed
that the developed ATCN-LSTM was able to accurately predict the progression of the dengue outbreak by
consuming minimum time and it developed superior grades in the outbreak detection process. The
person around the globe is greatly affected by dengue fever, which is a kind of mosquito-borne disease.
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The developed ATCN-LSTM helps healthcare officials take preventative actions by providing timely
information regarding dengue diseases.

Figure 9.Accuracy examination of the suggested dengue outbreak prediction with mosquito
spread control approach for (a) Dataset 1, (b) Dataset 2

Techniques
B GBOOST P (STR W NOLO-ATORLSTH B TE00ST  E TN R VOED ATONASTM
- N B ATNASTM - N B AONASTM

AcCuracy

(a) (b)
Algorithms
e SOAATONLSTM e NEOAATON.LSTM - MGEOATON.LSTM SRR e MOAANNLETN  ofe MUECATEMLSTS
+ GOA-XTCN-LS™ "= GEG-ATCNAS™ e GOAATECNLSTM ROATTNLS™™
i /“\‘\a /"ﬁ s, /'ﬁ
7~ ® g %1 o St -
. V. L e 7/ ‘-~ .
( . "~ = . - *
92 1 g e " e o~ -~ 4
e Tt % % e -~
- - < R .
£ 904 s e 7 et =7 -
g y 5 . ~., -~
3 » " g o 7 St
* v
88+
~ - A Be
. ./ . \‘\ ) p A / . a *
LI Y 4 -~ a .
. ~ .
re o B
1 3 4 5 1 3 3 - 5
EFOLD F0L
(a) (b)

6.7 Performance analysis over numerous algorithms

Fig. 10 exemplifies the performance comparison of the suggested MGEO-ATCN-LSTM with the traditional
algorithms. The recommended model is analyzed in terms of numerous evaluation indices. From the
visualized graph, the precision of the developed MGEO-ATCN-LSTM is greater than the SOA-ATCN-LSTM,
GOA-ATCN-LSTM, NBOA-ATCN-LSTM, and GEO-ATCN-LSTM with 5.3%, 7.44%, 1.06%, and 3.72% at the
2nd K fold value. With the increase in K fold values, the precision of the MGEO-ATCN-LSTM is greatly
enhanced. At the 5™ K fold value, the MGEO-ATCN-LSTM gains a higher value of precision. The results
revealed that the suggested model predicts the dengue outbreak in the country to prevent mosquito
spreading. In addition, the suggested MGEO-ATCN-LSTM is more robust for predicting the dengue disease
from the climatic factors. Moreover, the developed MGEO-ATCN-LSTM provides effective prevention
efforts by providing vital information regarding the dengue outbreak based on climatic data. Thus, the
developed MGEO-ATCN-LSTM is potentially applied in the dengue disease outbreak prediction for taking
the necessary action to prevent the spreading of mosquitoes in the country.

Figure 10.Performance assessment of the deep model-based dengue outbreak prediction model
over various algorithms for (a) FNR, (b) FPR, (c) Precision
| Dataset 1 |
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6.8 Performance examination over numerous techniques

The analyses of the developed MGEO-ATCN-LSTM with numerous existing approaches are specified in
Fig. 11. The FPR of the recommended MGEO-ATCN-LSTM is nearly the same as the ATCN-LSTM at the 15,
2nd, 3rd, and 4th K fold values. But, in the 2rd K fold value, the FPR of the developed MGEO-ATCN-LSTM is
comparatively superior to all other K fold values. The extreme least value of FPR is attained by the
XGBoost model at the 4t K fold value. The results showed that the suggested MGEO-ATCN-LSTM model
helps to predict the dengue outbreak and warn the healthcare authorities and international community to
take the proper actions to treat the disease. Dengue outbreak means the dissemination of dengue disease
to a huge quantity of people around a specific region within a limited time period. The developed MGEO-
ATCN-LSTM determines the escalating number of dengue diseases in the specific area to take mitigative
efforts to prevent the transmission of the disease. The suggested MGEO-ATCN-LSTM provides valuable
insights to manage the mosquito and avoid the dissemination of dengue in the community and it also
reduces the risk of dengue for the human.

Figure 11.Performance assessment of the deep model-based dengue outbreak prediction model
over various approaches for (a) FNR, (b) FPR, (c) Precision
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6.9 Results on climate factor prediction

Table 2 provides the results comparison of the climate factor prediction. The proposed model attains a
higher value of the best solution at all values. The higher value of the best solution indicates the proposed
model effectively handles the mosquito spreads in the country and that is used to prevent the occurrence
of dengue outbreaks in the country.

Table 2. Numerical comparison of the climate factor prediction over existing approaches

NBOA- MGEO-

SOA-ATCN- | GOA-ATCN- | ATCN- GEO-ATCN- | ATCN-
Algorithms LSTM [30] LSTM [31] LSTM [32] LSTM [26] LSTM
Dataset 1
Best solution
1 300.2542 300.2782 300.3211 298.0396 297.4
2 300.3226 299.1103 297.4579 303.1203 295.9318
3 28.13168 26.06711 29.25618 26.79288 28.5339
4 26.1637 30.44196 27.56242 24.34714 29.71558
5 299.2428 292.9717 294,575 297.8279 297.4099
6 291.2535 294.4545 298.1457 292.0521 294.4103
7 64.8471 60.863 96.06894 61.52085 61.92936
8 80.01053 81.0595 60.16241 77.96079 95.69852
9 12.10666 19.3642 15.14827 18.13716 14.29423
10 19.00764 17.73197 11.82847 15.52466 12.164
Dataset 2
Best solution
1 295.9995 303.5421 300.724 301.4916 299.5368
2 296.3619 300.4504 298.6159 295.5329 300.5252
3 24.02119 27.34597 26.73286 28.89802 24.50348
4 25.54381 25.39802 25.38118 26.89531 29.26834
5 298.9994 296.0202 297.3164 293.807 292.6047
6 293.1828 296.3427 294.8772 290.615 299.2921
7 97.31472 98.09631 81.40052 60.45921 95.58092
8 84.73472 77.27927 97.15618 77.84167 88.33067
9 10.31421 15.57662 14.64184 10.91658 12.05327
10 11.33798 11.02 19.19397 19.85986 13.24889
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7.Conclusion

The major contribution of the works was to develop a deep learning model to forecast the outbreak in the
country based on climatic factors to help doctors take the treatment measures for enhancing the quality
of life of humans. The suggested model adopts the climatic data from the online resources to perform the
dengue outbreak prediction process. From the collected data, the optimal features were selected using
MGEO. The features selected in an optimal manner were passed to the ATCN-LSTM to predict the
outbreak in the country. Further, the micro-level and its parameters were optimally determined using the
MGEO. From the visualized graph, the precision of the developed MGEO-ATCN-LSTM was greater than the
SOA-ATCN-LSTM, GOA-ATCN-LSTM, NBOA-ATCN-LSTM, and GEO-ATCN-LSTM with 5.3%, 7.44%, 1.06%,
and 3.72% at the 2n K fold value. The output showed that the suggested ATCN-LSTM surpassed the
conventional approaches in the dengue outbreak prediction process. In the future, the non-climatic
factors will be considered to find the dengue outbreak in the specific region.
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