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 Abstract— Considering that Aedes mosquitoes are a principal 

vector of the Dengue virus, which can cause the death of infected 

people in the worst case, accurate detection of infected Aedes 

mosquitoes is very important to prevent the further spread of the 

virus. This paper proposes a detection algorithm for infected 

Aedes aegypti mosquitoes by Dengue Virus-2 using their wingbeat 

signals. The proposed algorithm uses Long Short-Term Memory 

(LSTM) as a classifier of the input wingbeat signal into healthy 

mosquitoes and infected mosquitoes. All living beings, even those 

of the same species, have different characteristics depending on the 

season in which they are born, temperature, humidity, food, etc. 

This individual difference perhaps influences the level of infection, 

although it is fed by the same blood infected. Considering these 

individual differences, an uncertainty measure based on Monte-

Carlo dropout is introduced. The proposed algorithm detects 

approximately 5% of uncertainty data from all input wingbeat 

signals in the test set and provides a classification accuracy of 

94.87% without any uncertainty. 

 

Link to graphical and video abstracts, and to code: 

https://latamt.ieeer9.org/index.php/transactions/article/view/9221 

 
Index Terms—dengue fever, infected mosquitoes, Long Short-

Term Memory, Monte Carlo dropout, uncertainty  

 

I. INTRODUCTION 

ERTAIN mosquito species are responsible for the 

transmission of diseases such as dengue fever, 

Chikungunya fever, Zika, and malaria. Notably, Aedes 

aegypti and Aedes albopictus are the primary vectors of dengue 

fever, which can, in severe cases, result in mortality among 

infected individuals. According to a report from the Centers for 

Disease Control and Prevention (CDC) in the United States, 

approximately four billion people in the world are at risk of 

 
 

contracting this disease [1]. Many Latin American countries are 

located in tropical or subtropical regions, which coincide with 

the habitat of the Aedes mosquito. Therefore, these countries 

face the common problem of spreading the diseases transmitted 

by Aedes mosquitoes, especially dengue, which accounts for 

approximately 90% of all cases on the American continent [2].  

A countermeasure to prevent further expansion of this 

disease is massive fumigation to exterminate these species of 

mosquitoes. However, massive fumigation causes non-

invertible ecological damage in addition to economic burden. 

Therefore, in many countries, fumigation of a specific area is 

only permitted when human dengue cases are reported. This is 

because detecting infected mosquitoes is only possible through 

molecular biology in specialized laboratories, which is time-

consuming and expensive [3].  

Considering the above-mentioned situations, the final 

objective of this paper is to propose a technological solution to 

detect dengue-infected Aedes aegypti mosquitoes in the field. 

The detection must be rapid to avoid a possible virus spread 

between humans, and detection accuracy must be as high as 

possible, with the lowest uncertainty, to perform effective 

fumigation. Effective fumigation minimizes the impact on 

ecosystems and reduces the economic burden. This research 

could potentially contribute to two of the United Nations 

Sustainable Development Goals (SDGs): Goal 3, "Good health 

and well-being," and Goal 15, "Life on Land." 

Some scientists have reported that the behavior of infected 

mosquitoes has changed compared to that of healthy 

mosquitoes [4-6]. For instance, the authors of [4] and [5] 

reported that the infected female Aedes mosquitoes bite more 

frequently to obtain the same quantity of blood required to lay 

her eggs. The authors of [6] also observed that infected 

mosquitoes exhibited increased locomotor activity compared to 

healthy mosquitoes. These observations related to the change in 

behavior of infected mosquitoes suggest a possible hypothesis 

about the change in flight form of infected mosquitoes, and the 

possibility that infected mosquitoes can be detected by 

analyzing their wingbeat signals, which directly reflect the 

flight form of mosquitoes. 

All living organisms, even those of the same species, have 

individual differences. The differences between individual 

mosquitoes lie in their birth season, feeding habits during their 

immature stages, and environmental factors such as 

temperature and humidity. These individual differences are 
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thought to affect the degree of infection with the dengue virus 

and the degree of behavioral changes in mosquitoes that 

become infected. Considering these individual differences, the 

classification system should introduce a measure of uncertainty 

to ensure a high degree of certainty in the final decision. The 

number of factors influencing variation in individual 

mosquitoes is almost infinite, which is the principal restriction 

on obtaining and managing all possible variations.  

To achieve the goal, this paper proposes an algorithm to 

detect dengue-infected Aedes aegypti mosquitoes using their 

wingbeat signals as an input signal. First, the wingbeat signal is 

transformed into its time-frequency representation, called a 

spectrogram, using the Short Time Fourier Transform (STFT). 

The Mel-scale in the frequency domain is used to generate the 

Mel-spectrogram, which is the input data for the proposed 

algorithm. A recurrent neural network called Long Short-Term 

Memory (LSTM), proposed by [7], is used as a classifier to 

discriminate infected mosquitoes from healthy ones.  

Various LSTM configurations are evaluated to determine the 

best one for the objective. Furthermore, to more accurately 

determine whether a mosquito is infected, an uncertainty 

measure based on Monte Carlo theory is introduced into the 

proposed algorithm using Monte Carlo dropout. In the inference 

phase, the proposed algorithm determines that approximately 

5% of the input data contains some grade of uncertainty, and 

the rest, 95%, does not contain uncertainty. Using input data 

without uncertainty, the proposed algorithm provides an 

accuracy of 94.87%, which is better than the performance 

provided by previous work [8]. 

The rest of the paper is organized as follows: Section II 

provides a brief description of concepts used in the proposed 

algorithm, along with related works. The proposed algorithm is 

described in detail in Section III, and the experimental results 

of the proposed algorithm are presented in Section IV. Finally, 

in Section V, the conclusions are provided. 

II. BACKGROUND AND RELATED WORKS 

A. LSTM Recurrent Neural Networks 

LSTM proposed by [7] is one of the most utilized recurrent 

neural networks for classification or estimation of the time-

serial data, such as voice, video data and biomedical signals [9, 

10]. The LSTM contains several cells formed sequentially 

through time, as shown in Fig. 1(a). The LSTM layer is 

composed of T number of LSTM cells, receiving T input vectors 

𝑋 = [𝑥1, 𝑥2, ⋯ , 𝑥𝑇] , calculating internally T hidden vectors 

𝐻 = [ℎ0, ℎ1, ⋯ , ℎ𝑇−1] and T state vectors 𝐶 = [𝑐0, 𝑐1, ⋯ , 𝑐𝑇−1] 
to obtain T output vectors 𝑌 = [𝑦1 , 𝑦2, ⋯ , 𝑦𝑇] . Each LSTM 

cell is composed of three gates: forget gate “f”, input gate “i” 

and output gate “o”. Using these three gates, the LSTM 

networks determine the importance grade of relationship 

between data of different time-steps. The LSTM cell of time-

step “t” receives input vector 𝑥𝑡 , hidden vector ℎ𝑡−1 and cell 

state vector 𝑐𝑡−1  of the previous time-step to calculate the 

output vector 𝑦𝑡  as shown in Fig. 1(b).  

The outputs of these three gates, and outputs of hidden and 

cell state vectors are given by (1)-(5). 

 

𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (1) 

𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2) 

𝐶̃ = tanh (𝑊𝑐 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶) 

𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶̃𝑡 
(3) 

𝑜𝑡 = 𝜎(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (4) 

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝐶𝑡) (5) 

 
where 𝜎(∙)  and tanh (∙)  are sigmoidal and hyper-tangent 
activation functions, 𝑊𝑓 , 𝑊𝑖   and 𝑊𝑜  are weight vectors of 

three gates, and 𝑊𝑐 is weight vector for state cell. The operator 
“∙” is inner product, while “∗” is element-wise multiplication.  
[ℎ𝑡−1, 𝑥𝑡] means concatenation of two vectors ℎ𝑡−1 and 𝑥𝑡. 

 

 
(a) 

 
(b) 

Fig. 1. (a) LSTM layer and (b) LSTM cell [7]. 

 

Bidirectional LSTM (Bi-LSTM) is a variant of LSTM, in 
which two LSTM layers are combined, performing forward and 
backward data flows. Bi-LSTM allows capturing both past and 
future contexts of the input sequence, therefore in several 
applications, such as speech recognition and natural language 
processing, Bi-LSTM performs better than ordinal LSTM. 

B. Monte Carlo Dropout 

When the input data contains uncertainty for a classification 

or regression system, Bayesian inference can be used to 

estimate the uncertainty of these data and improve system 

reliability. For example, a regression system has been trained 

using N input data 𝑋 = {𝑥1, ⋯ , 𝑥𝑁}  and its corresponding 

output data 𝑌 = {𝑦1, ⋯ , 𝑦𝑁} . When this regression system 

receives new data 𝑥̃, the distribution of output data 𝑦̃ can be 

estimated using Bayesian inference, as given by (6). 

𝑝(𝑦̃|𝑥̃, 𝑋, 𝑌) = ∫ 𝑝(𝑦̃|𝑤, 𝑥̃) 𝑝(𝑤|𝑋, 𝑌)𝑑𝑤 (6) 

where w is the weight of the regression system and 𝑝(𝑤|𝑋, 𝑌) 

is the posterior distribution of w given X and Y. 

Bayesian inference can be applied to conventional machine 

learning systems with reasonable computational complexity. 

However, because classification or regression system based on 
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deep learning contains highly non-linearity, the application of 

Bayesian inference is not feasible [11].  

Monte Carlo dropout was proposed to evaluate uncertainty 

of the data for deep learning-based classification or regression 

systems [11]. Generally, the dropout operation is used to 

mitigate overfitting during the training phase by randomly 

removing a portion of neurons in the hidden layers. Random 

removing weight connection avoids memorized relationships 

between inputs and outputs, improving the generalization 

capability of the system. However, the authors of [11] proposed 

application of the dropout operation at inference phase to detect 

uncertainties in input data.  

During the inference phase, the trained deep learning system 

produces the same output if the same input data is introduced. 

However, the trained system with Monte Carlo dropout can 

produce different outputs if input data contains some 

uncertainty due to a dropout operation during the inference 

phase.  

Other methods exist to quantify uncertainty besides the 

Monte Carlo dropout method. The ensemble-based method and 

the Softmax-based method are the most used [12]. The 

ensemble-based method needs several pre-trained classifiers 

with different initial values or configurations. The uncertainty 

is quantified using discrepancies among the classifiers' outputs. 

This method requires large memory space to store all classifiers 

during the inference phase [12]. The Softmax-based method 

evaluates the output values of the Softmax activation function 

[13]. In this model, uncertainty is calculated by the difference 

between the probabilities of the top-1 and top-2 classes. A small 

difference provides large uncertainty, and vice versa. This 

method is meaningful only for multiclass classification. 

In [14], several uncertainty quantification methods are 

compared using a common deep neural network under the same 

criteria. The comparison result indicates that the Monte Carlo 

dropout method is the most accurate in different datasets. 

Considering the excellent classification accuracy, the 

compactness of the system, and the purpose of use being binary 

classification, the Monte Carlo dropout method seems to be the 

most suitable for this proposal. 

C. Related Works 

To date, several scientific studies have been proposed to 

classify mosquitoes by species, such as Aedes sp, Anopheles sp 

and Culex sp. The main objective of these works is vector 

surveillance in the entomological field and future vector control 

planning, calculating the distribution of different mosquitos’ 

species in determined regions.  Some works are focused on the 

immature stage of mosquitoes [15], such as eggs and larvae, and 

other works focus on the adult stage [16-18]. Within these 

proposals that focus on the adult stage of mosquitoes for species 

classification, [16] uses images data taken by camera to classify 

males and females of three species: Aedes aegypti, Aedes 

albopictus and Culex quinquefasciatus. The works [17, 18] use 

wingbeat signals to classify species of mosquitoes. In [17], 

wingbeat signals were captured by optical sensor, and the 

classification of six species of mosquitoes was performed by 

several off-the-shelf CNNs. The authors of [18] proposed a 

classification algorithm for 20 species of mosquitoes using 

wingbeat signals captured by smartphones. The principal 

objective of this work is to show that relatively cheap 

smartphones are useful for vector surveillance.   

 

The objective of all previous works is a classification of 

mosquito species, which is different from the objective of this 

paper. Our previous proposal [8] has the same objective as this 

paper’s. In [8], 15 spectral features based on spectral analysis 

are extracted from the wingbeat signal of dengue virus-infected 

Aedes aegypti mosquitoes and healthy mosquitoes of the same 

species. The extracted 15 spectral features are Spectral Rolloff, 

Spectral Centroid, Spectral Spread, Spectral Contrast, Spectral 

Flux, Spectral Flatness, Spectral Slop, and so on. Two common 

classifiers, Support Vector Machine (SVM) and K Nearest 

Neighbors (KNN) are used. Additionally, the LSTM recurrent 

network with two layers of 64 hidden neurons is employed for 

the same purpose, showing better performance (89.35%) 

compared with the performance obtained by SVM and KNN. 

III. PROPOSED SYSTEM 

 

 
(a) 

 
(b) 

 

Fig. 2. Global diagram of proposed system. (a) Training phase, (b) Inference 

phase. 
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The proposed system consists of two phases: the training 

phase and the inference phase. Both phases are very similar and 

consist of two steps: the preprocessing step, in which the input 

wingbeat signal is transformed into time-frequency data, and 

training or testing phase based on the LSTM recurrent neural 

network. In the training phase, the LSTM network is trained 

using a time-frequency representation of the wingbeat signal in 

the training set. Meanwhile, in the inference phase, the trained 

LSTM with Monte Carlo dropout uses the time-frequency 

representation of the testing data to classify the input data into 

infected mosquitoes and healthy mosquitoes with high certainty 

or determine that the input data is uncertain. The block diagram 

of the training phase of the proposed algorithm is depicted in 

Fig. 2 (a), while the inference phase is depicted in Fig. 2(b). 

 

A. Time-Frequency Transformation 

 

TABLE I  

PARAMETERS USED FOR MEL SPECTROGRAM 
 

Parameters Values 

Sampling rate 48kHz 
Length of the FFT window 1024 

Hop length (length of overlapping) 256 

Window length 1024 
Window type Hanning 

Number of Mel bands 32 

 

First, the input mosquito’s wingbeat signals are transformed 

into a time-frequency representation using the Short-Time 

Fourier Transform (STFT), and the Mel-scale is applied in the 

frequency domain to obtain the Mel spectrogram. The 

parameters shown in Table I are used to obtain the Mel 

spectrograms. Fig. 3 shows examples of input wingbeat signals 

of infected and healthy mosquitoes and their Mel spectrogram, 

respectively.  

All mosquitoes (infected and healthy) are female Aedes ae. 

mosquitoes. The fundamental frequency, as the first frequency 

zone with a high-power element (yellow part) in the Mel 

spectrogram, is approximately 500Hz, which coincides with the 

fundamental frequency of female Aedes ae. mosquitoes 

reported by [19]. 

 

B. Training Phase and Inference Phases of LSTM 

 

Several architectures of LSTM-based networks are evaluated 

to select the best ones, varying the number of LSTM layers, the 

number of hidden neurons in the ordinal LSTM or Bi-LSTM, 

and the dropout rate. The selection of the best networks is based 

on classification accuracy and the number of trainable 

parameters. This evaluation process of several LSTM 

architectures is provided in Section IV in detail. The 

hyperparameters used to train the selected LSTM networks are 

given in Table II. 

 

 

  
(a) (b) 

  
(c) (d) 

Fig. 3. (a) is wingbeat signal of infected mosquitoes, (b) is Mel spectrogram of 

(a), and (c) is wingbeat signal of healthy mosquitoes, and (d) is the 

corresponding Mel spectrogram. 

 

TABLE II  

HYPERPARAMETERS USED IN TRAINING 
 

Hyperparameters Values 

Loss function  Binary Cross-Entropy Function 

Optimizer Adam, lr =0.000005, 𝛽1 = 0.9, 𝛽2 = 0.999 

Number of Epochs 300 

Batch size 16 

 

Once the best architectures based on LSTM and Bi-LSTM 

were selected and trained using the hyperparameters given in 

Table II, in the inference phase, each test data was introduced 

N times to evaluate its uncertainty using the Monte Carlo 

dropout technique. If the degree of uncertainty of input data is 

greater than a predetermined threshold, it is considered 

uncertain, and the classification result is not taken into account. 

In the inference phase, the proposed algorithm provides one of 

three possible outputs, which are “infected”, “healthy” or 

“uncertain input data” as shown in Fig.2 (b). 

IV. EXPERIMENTAL RESULTS 

A. Data Collection and Dataset Construction 

Due to the nonexistence of a public domain dataset with 

desired characteristics whose wingbeat signal is labeled as 

infected or healthy, our own dataset is constructed, recording 

the wingbeat signals of female Aedes ae. mosquitoes infected 

with dengue type 2 and healthy female Aedes ae. mosquitoes. 

An acoustic chamber, shown in Fig. 4, is constructed to record 

the wingbeat signal. The chamber uses sound-blocking material 

to reduce environmental noise. The upper part of the acoustic 

chamber has a hole for introducing an omnidirectional 

condenser microphone to capture sound. 
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Using this acoustic chamber, approximately 150 wingbeat 

signals from infected mosquitoes and another 150 wingbeat 

signals from healthy mosquitoes are recorded. Infected 

mosquitoes are fed on blood infected with Dengue type 2 four 

days before recording. The sound capture was performed with 

a sampling rate of 48 kHz, and the duration of all signals was 

more than 2 seconds. From each recorded signal, a one-second 

signal is extracted, removing the initial and the final part 

because these parts do not have any wingbeat signals. In total 

300 wingbeat signals (150 infected and 150 healthy) are divided 

equitably into 80% for training set and 20% for test set. The 

temperature and humidity during recording are 19.75±1ºC and 

42.28±3 %rh, respectively. 

 

B. LSTM Architecture 

As mentioned before, the best architecture that provides the 

highest classification accuracy using a reasonable number of 

trainable parameters is determined. To this end, several 

parameters related to LSTM architecture are considered, which 

are given in Table III. 

 

TABLE III 

PARAMETERS USED FOR LSTM ARCHITECTURE 

 

Configuration Values 

Type {LSTM, Bi-LSTM} 

Number of LSTM layers [1,2,3,4,5] 

Number of hidden neurons [32, 64, 128, 256, 512] 

Dropout rate [0.1,0.2,0.3,0.4,0.5] 

 

As mentioned in Section II.A, Bi-LSTM can leverage the bi-

directional relationship in the input sequence, increasing 

classification accuracy in some applications. On the other hand, 

the selection of the number of LSTM layers is essential because 

a deeper network tends to overfit, losing generalization ability; 

however, a few layers can cause underfitting in some tasks. The 

best number of LSTM layers depends on the applications and the 

amount of available training data. The selection of the number of 

hidden neurons in each LSTM layer is also a crucial issue in any 

deep learning system [20]. The main advantage of a wider 

network is its generalization ability, especially when the input 

data contains noise elements, or the diversity of the input data is 

relatively large. However, a wider network structure leads to an 

exponential increase in trainable parameters, so-called as “the 

curse of dimensionality”.  

First, to define the number of layers in the LSTM and Bi-

LSTM architectures, both architectures with five different 

numbers of layers are trained using the training set and evaluated 

using the test set. Fig. 5 shows classification accuracy and the 

number of trainable parameters, varying the number of layers in 

LSTM and Bi-LSTM architectures. Fig. 5(a) shows the 

relationship between the number of layers and classification 

accuracy. Fig. 5(b) shows the relationship between the number of 

layers and the required number of trainable parameters. In all 

cases, the number of hidden neurons in each layer is 256, 

although the tendency is the same regardless of the number of 

hidden neurons. From this figure, the best number of layers in 

both architectures is determined as 2. 

 

  
(a) (b) 

Fig. 5. (a) Relationship between the number of layers and classification 

accuracy. (b) Relationship between the number of layers and number of 

trainable parameters. 

 

To define the best dropout rate, both types of architecture are 

evaluated with five different dropout rates, as shown in Table 

III. The relationship between dropout rates and accuracy is 

shown in Fig. 6. From this figure, the best dropout rate is equal 

to 0.2. 

 

 
Fig. 6. Relationship between dropout rate and classification accuracy. 

 

For two-layer LSTM and two-layer Bi-LSTM with a dropout 

rate of 0.2, the best number of hidden neurons is determined, 

varying this as shown in Table III. Fig. 7(a) shows the 

relationship between the number of hidden neurons and the 

classification accuracy. Fig. 7 (b) shows the relationship 

between the number of hidden neurons and the number of 

required trainable parameters. Considering the results shown in 

Fig.7, two architectures to evaluate the proposed algorithm are 

selected, which are two-layer LSTM and two-layer Bi-LSTM 

with 256 hidden neurons. In both architectures, the dropout rate 

Fig. 4. Acoustic chamber used for recording of wingbeat signals. 
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is set to 0.2. It is worth noting that in all evaluations, the 

accuracies are average values of 10 trials, randomly introducing 

test data on both architectures.  

 

  
(a) (b) 

Fig. 7. (a) Relationship between the number of hidden neurons and 
classification accuracy for two-layer LSTM and two-layer Bi-LSTM (b) 

Relationship between the number of hidden neurons and number of trainable 

parameters for two-layer LSTM and two-layer Bi-LSTM. 

 

The trainable parameters of the selected architectures are 0.8 

million for two-layer LSTM and 2.1 million for two-layer Bi-

LSTM, which are smaller than the small version of 

MobileNetV3 with 2.5 million parameters [21]. This ensures 

future deployment of the proposed algorithm on a mobile 

device and performs real-time detection.   
 

C. Uncertainty Evaluation 

As mentioned in Section III.B, each test data is evaluated for 

its uncertainty by feeding N times the same data into the trained 

network. If all N results are equal, the certainty of the input data 

is 100%. The uncertainty degree (UC) of the input data is 

calculated in the following manner:  

 

𝑈𝐶 (%) = {

𝑁 − 𝑇

𝑁
× 100      𝑖𝑓 𝑇 >

𝑁

2
𝑇

𝑁
× 100           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (6) 

 

where UC is the degree of uncertainty, N is the number of times 
to introduce the same input data, and T is the sum of outcomes 
in N trials. For example, if N is equal to 100 and T is equal to 
99, the UC is 1%, while if N is equal to 100 and T is equal to 
45, the UC is 45%. 

 

  
(a) (b) 

Fig. 8 (a) Histogram of uncertainty data detected using two-layer LSTM, (b) 

Histogram of uncertainty data detected using two-layer Bi-LSTM. 

 

For the two selected networks, two-layer LSTM and two-

layer Bi-LSTM, with 256 hidden neurons and a dropout rate of 

0.2, the UC (%) on the test data is calculated. Where N set to 

100. Fig. 8 shows a normalized histogram of UC (%), in which 

it can be observed that very few data have uncertainty, with 

more than 85% of test data having 0% uncertainty (100% 

reliability). In the case of two-layer LSTM, the network 

classifies 87.5% of the test data as 100% reliability. And the 

two-layer Bi-LSTM considers that 95% of the test data are 

classified as 100% reliability. 
 

D. Classification Accuracy 

In the inference phase, using the UC(%) value and T value 

calculated in uncertainty evaluation, as shown by (6), the 

network’s output is obtained by following the process given by 

(7). 

𝑖𝑓 𝑈𝐶 ≤ 𝑡ℎ   𝑡ℎ𝑒𝑛  

        𝑖𝑓 𝑇 ≤
𝑁

2
    𝑡ℎ𝑒𝑛   

𝑜𝑢𝑡𝑝𝑢𝑡 ← "infected mosquito"  
         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒   𝑜𝑢𝑡𝑝𝑢𝑡 ← "healthy mosquito" 

   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  𝑜𝑢𝑡𝑝𝑢𝑡 ← "𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛 𝑖𝑛𝑝𝑢𝑡"  

 

(7) 

where th is a threshold value, which is set at 0%. N is the 

number of times to introduce the same input data to the trained 

networks. And T is the sum of outcomes in N trials. The 

threshold value is 0% means that only 100% reliable data 

provides classification results, such as “infected mosquito” or 

“healthy mosquito”. The selection of the threshold th may 

depend on the amplitude of environmental noise. In a noisy 

environment, this value must increase because a large part of 

the wingbeat signal would be determined as uncertain data. 
Table IV shows the performances of both architectures, and 

Fig. 9 shows the confusion matrices obtained by both 
architectures. From the confusion matrices provided in Fig. 9, 
it can be concluded that in the proposed algorithm, 
classification confusion is minimal. Considering that all test 
data are reliable with high certainty (100%).  

 

TABLE IV  
PERFORMANCE OF THE PROPOSED ALGORITHM 

 
Architectures Accuracy Precision Recall F1-score 

2-layer LSTM 91.67% 92.06% 91.89% 91.88% 
2-layer Bi-LSTM 94.87% 94.87% 94.87% 94.87% 

 

 

  
(a) (b) 

Fig. 9 Confusion matrices of both best architectures. (a) 2-layer LSTM with 256 

neurons. (b) 2-layer Bi-LSTM with 256 neurons. 

 

 
TABLE V  

PERFORMANCE COMPARISON  
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Methods Accuracy (%) 

KNN with K=3 [8] 84.32 

KNN with K=5 [8] 80.39 

SVM with linear kernel [8] 80.39 
SVM with Gaussian kernel [8] 78.84 

2-layer LSTM with 64 HNs without uncertainty 

evaluation [8] 

89.35 

2-layer LSTM with 256 HNs with uncertainty 

evaluation (Proposed) 

91.67 

2-layer Bi-LSTM with 256 HNs with uncertainty 

evaluation (Proposed) 

94.87 

 

The performance of the proposed algorithm is compared with 

our previous work [8], in which the same dataset was used for 

the classification of infected mosquitoes and healthy 

mosquitoes. This previous work used two common machine 

learning techniques: SVM and KNN classification with two 

different hyperparameters and a two-layer LSTM recurrent 

network with 64 neurons without uncertainty evaluation. Table 

V shows performance comparisons between five previous 

works and two proposed algorithms. 

Table V shows that the proposed algorithm provides much 

better classification accuracy, increasing to 10% accuracy with 

respect to the common classifiers, such as SVM and KNN. 

Additionally, the proposed algorithm shows approximately 5% 

better performance with respect to the previously proposed 

LSTM architecture. It is worth noting that the proposed 

algorithm provides accuracy with high reliability using only 

high certainty test data. These certainty data are detected by 

uncertainty evaluation based on Monte Carlo theory applied to 

deep learning, denominated as Monte Carlo dropout. Providing 

highly reliable results is very important for decision making in 

several fields, such as the medical and public health field. 

V. CONCLUSIONS 

This paper proposes LSTM-based classification algorithms 

to distinguish dengue type 2 infected mosquitoes from healthy 

ones, using their wingbeat signals as input data. The proposed 

algorithm is based on several observations about the change of 

behavior of dengue-infected mosquitoes reported in scientific 

papers [4-6] and on the hypothesis that the flight morphology 

of infected mosquitoes can be modified. 
   
The main contributions of this work are as follows: 

1. The best architectures based on LSTM and Bi-LSTN 

recurrent neural networks are selected from several 

experiments 

2. Incorporate an uncertainty measure based on the Monte 

Carlo theory into the proposed architectures, providing 

highly reliable results. 

3. The proposed algorithm shows 10% higher accuracy than 

the standard hand-crafted classifiers and 5% higher than the 

LSTM-based classifier. 

4. The proposed algorithms can be implemented in a mobile 

device because they require a small number of parameters 

to perform. This can offer possible implementation in the 

field.  

5. Our own dataset was constructed, which contained 150 

wingbeat signals of dengue-infected mosquitoes and 150 

wingbeat signals of healthy mosquitoes. As far as our 

knowledge, it is the first dataset involved in the wingbeat 

signal of infected mosquitoes. 

 

This model can facilitate an alternative method for 

diagnosing insect disease vectors, wherein the distinction 

between the flight frequency of an infected organism and an 

uninfected one is isolated. This approach is applicable to sand 

flies, vectors of Leishmania, or other mosquito species, such as 

those of the genus Anopheles, vectors of the malaria-causing 

parasite. This methodology has implications for utilizing flight 

signal measurements as a diagnostic tool for infected 

mosquitoes, which may prove valuable when implemented in 

areas endemic to dengue mosquito vectors as a strategy to 

mitigate disease transmission. 

The main limitation of this study is that the dataset is small 

and has only slight variations since it was collected during the 

same season. The temperature and humidity were 19.75±1ºC 

and 42.28±3%rh, respectively. According to [19], the 

fundamental frequency of wingbeat signal varies depending on 

environmental and physiological factors, such as flight time 

(day or night), the age of the mosquitoes, and whether they are 

gravid. Because the proposed method is based on the transition 

of frequency components of the wingbeat signal during 

mosquitoes' flight, the variation of fundamental frequency may 

influence the experimental results. Therefore, it is essential to 

collect more data under different conditions to further support 

and substantiate the hypothesis that dengue-infected 

mosquitoes change their flight morphology. The collected data 

must include several variations, such as the age of mosquitoes, 

the number of days since the last feeding, and environmental 

variations, such as temperature, humidity, and recording time.  

The issue in actual field deployment of the proposed system 

depends on how environmental noise can be controlled. An 

adequate noise-canceling algorithm must be introduced to the 

proposed system. After noise cancelation, a certain amplitude 

of residual noise may cause higher uncertainty of recorded 

wingbeat signals. In this case, to detect possible infected 

mosquitoes, the threshold for discarding uncertain signals must 

be increased. Increasing the threshold relaxes the uncertainty 

criterion and may result in an increase in false positive or false 

negative errors. To accurately identify infected mosquitoes in 

the field, the threshold value must be adjusted according to the 

residual noise level. This is considered a major challenge. 
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