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Abstract  
 

In-home automation systems, sound recognized by the system becomes the 

basis to perform certain tasks. However, it is very challenging to use 

conventional methods for audio classification for event prediction leading to 

inappropriate responses. For handlingsuch problems, recent work introduced 

convolution neural networks (CNN) to classifying audio streams. But in that 

work classification provides lesser accuracy. To overcome this issue, this 

work proposes a framework, which consists of a wireless sensor network 

(WSN), for sensing audio events and the machine learning method for sound 

classification phase by usingEntropy-Based Balanced CNN. Particle swarm 

optimization is used for optimizing the CNN parameters. Experimental 

results demonstrate the proposed method’s effectiveness in terms of 

accuracy, end to end delay, and packet delivery ratio.  

 

Keywords: Wireless sensor network, Audio stream, Classification, 

Machine learning, Convolution neural networks (CNN). 
 

1 Introduction 
 

In the last decades, there is a steady increase in the world population’s 

average life expectancy. In addition, during the next century, it is expected to 

grow in depth. As a result, the home automation system requirement is 

increased due to the increase in eldest patients accordingly. For interacting  
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with complex AAL environments by older patients, acoustic interfaces are 

used as a convenient solution, and they can be perceived as the non-intrusive 

and available living environment that can be easily be integrated with it 

Mendoza et al., Wang et al., Nasridinov et al., Alsina-Pagès et al. [1-4]. 

In specific, various purposes like speech recognition, sound source 

localization, audio event detection, and acoustic activity are served by using 

the latest advances in research and technology like Wireless Sensor 

Networks (WSNs). Hence, for detecting domestic accidents like fire, 

flooding, falls, AAL can be provided with patients and their heath are 

monitors and their daily tasks can be assisted and their overall life quality can 

be enhanced Salhi et al., Chen et al., [5-6]. 

Raw information is sensed and transmitted to a central computing host 

so-called remote servers, using nodes, where a huge amount of data nodes 

are processed and there will be their computing capabilities in network nodes 

for implementing required algorithms locally. Many works have been 

proposed in recent days and there is an enhancement requirement in detection 

accuracy Zhang et al.[7].  

To classify audio streams, convolutional neural networks (CNN) are 

introduced in recent works for avoiding these issues. But, less accuracy is 

provided by this classification work. To overcome this issue in this work 

proposes a framework, which consists a wireless sensor network (WSN), for 

sensing audio events and the machine learning method for sound 

classification phase by using Entropy-Based Balanced CNN Fukushima et 

al., Jiao et al., Banka, H. and Jana, P.K. [8-10]. 

Integrated fire detection system and gas leakage into a centralized M2M 

home network using a proposed effective system with low-cost devices. 

Then, for risk incidences early prediction, in hidden patterns, abnormal air 

state changes are detected using machine learning techniques which involves 

data mining technique with sensed information. In smart houses, the 

protection and safety of property are enhanced using this work Azharuddin, 

M. and Jana, P.K., Edla et al., Ram and Mishra [11-13].  

An event detection scheme having WSN, where, the hierarchical 

structure is adopted her for effectively integrating sensor data’s temporal and 

spatial correlation. Both sensors weights are considered in this fusion 

algorithm and neighboring nodes' decisions are fused properly by applying a 

Markov random field. 

After deciding spatial correlation, temporal correlation is extracted 

effectively by adopting Markov chain in this. Detection accuracy is enhanced 

effectively and communication cost is reduced using this proposed scheme as 

demonstrated in simulation results. 

 

3 Proposed Methodology 
 

A detailed discussion about the proposed audio detection technique called 

Entropy-Based Balanced CNN is presented in this section. Audio 

classification is done using this proposed modified CNN. The CNN 

parameters are optimized using particle swarm optimization. Figure 1 shows 

the proposed model’s overall architecture. 
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Figure 1 Overall Architecture of the Proposed Model 

 

3.1 Network Model 
 

There is a central base station and multiple nodes in a Wireless Sensor 

Network (WSN). Over an enclosed area, an audio signal can be gathered and 

processed by implementing this. Environmental audio signals can be 

captured using these wireless acoustic sensor nodes, a desktop computer is 

used as a base station for receiving all captured signals. 

Specific audio events are detected by applying these data processing 

methods at the base station. Figure 2 illustrates the implemented network 

sample, where the router is connected with the main computer and three 

nodes. 

The system uses Raspberry Pi 3 devices as wireless sensor nodes and 

using an integrated sound card, they are interfaced with a microphone. As a 

free open-source Linux operating system is enough for running Raspberry Pi 

devices, they are selected as network nodes. Good computing power is 

provided by these devices and with audio components, it can be interfaced 

easily. Using a microphone, audio data are recorded by this device 

continuously. 

In every 3 s, recordings are done and with 44.1 kHz sampling rate, the 

audio signal is generated in Waveform Audio File Format. In server, for 

preparing data for analysis, audio data is formed as meta-data, like time 

stamps. Through a WiFi network, using Secured Shell (SSH), audio files are 

transferred.  

Then server retrieves the files and modified CNN is used at the server for 

classification. From various source nodes, audio files are derived, then 

estimated their energy signatures for generating a consensus on which file 

can be used for signal analysis at a specified time. Figure 3 shows this 

system’s set-up, where Raspberry-Pi is connected with a microphone and 

received audio data is encoded and then send to the computer immediately. 
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Figure 2Wireless Sensor Network Diagram 

 

 
 

Figure 3 Setup using Raspberry- Pi 

 

3.2 Sound Representations 
 

The Short-Time Fourier Transform (STFT) is used for extracting 

features, where, every frame is 30 ms long. Every frame overlap at 15ms and 

1024 Fast Fourier Transform (FFT) points are extracted for computing 

spectrogram at sae frequency resolution.  

At various frequencies, signal strength over time are represented using 

spectrogram features. In time-frequency representation, signals are expressed 

using this, where, extracted the frequency presence per time frame. 

Spectrograms are visualized using spectrogram representative images in 

audio processing. In that, time frames are represented on x-axis, and 

frequencies are represented in the y-axis. In spectrogram images, for 

indicating frequency components intensity, a color scheme is utilized. The 

presence of high-intensity amplitude is indicated by a lighter color. When 

compared with spectrogram features, more effectiveness is shown by these 

input types.  

A kind of time-frequency representation is constant Q-transform, where, 

there exists a geometric spacing between frequency bins. For low 

frequencies, it exhibits a better frequency resolution and for high frequencies, 

it exhibits a better time resolution. In this feature, with 12 bins per octave and 

512 sample hop length, various parameters are set. Short time processing is 

done using a hamming window.  
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3.3 Audio Stream Classification Using Entropy-Based Balanced 
CNN 

 

Proposed a balanced CNN architecture based on entropy framework in 

this work. Richer convolutional features form the base for this balanced CNN 

architecture based on entropy. From VGG16, modified this balanced CNN 

based on entropy. There are five stages in VGG16. With a 3 × 3 filter, there 

are some convolution layers in every stage, and a 2 × 2 max-pooling layer is 

used for connecting various stages. Figure 4 shows the CNN architecture.  

Figure 4 Convolutional Neural Networks 
 

More discriminative signal details can be learned for describing strength 

with the increase in the network layer. As more details are extracted by 

shallow layers and more abstract information is contributed by deep layers, 

useful information that is indispensable for classification is provided by 

every stage. 

In addition, all middle layer information is used for increasing network 

depth, which produces discriminatory information. Every middle layer’s 

feature map is merged as output which produces multi-scale information. 

Balanced CNN based on entropy takes full advantage of it. After every 

intermediate convolution layer, a 21 × 1 × 1 convolution operation is added 

first, then in every stage, with a 1 × 1 convolution operation, these features 

are fused. In order to connect with the respective side-output, every stage 

map is sampled to the original frequency.  

At multilevel and multiscale, richer information is used by balanced 

CNN based on entropy in this manner. Furthermore, meaningful signal class 

labels are expressed in an abstracted manner with the convolution layers 

count increase. For coping with retinal vessel segmentation, a four-stage 

network architecture is adopted. 

Enhanced cross-entropy loss function. Signal frequency and noise are 

given as input data, which are seriously imbalanced by 90% noise and 10 %  
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of the signal. The learning process is inclined as a non-signal majority 

classification if the sample balance problem is not considered in the loss 

function. For solving the imbalance problem, the class-balanced cross-

entropy loss function is adopted as,  

                  
( )

(   ( ))     ∑        ( (  
( )))(1) 

   (   )   ∑    
     (    (  

( )
))

(2) 

Where m
th
side-output’s loss is represented as      

( )
(   ( )), 

convolutional layers parameters are represented as W and mthside-output 

parameters are represented as w
(m)

, the signal is represented as Y+ and noise 

is represented as Y−. Classes are balanced using weights   and   . The ratio 

between signal features and all features is represented as  and 

hyperparameter is given by    At pixel j, on activation value   
( )

, sigmoid 

is performed for producing probability map, which is represented as 

 (  
( )). 

The convergence of the loss function is approached when the end is 

approached by the training phase, but, there exist a few pixels, which are 

highly difficult to get identified. Hard samples cannot be focused on by this 

model and it leads to the disposal of easy samples.   

More attention is pied to frequency, as it is highly difficult to learn, cross-

entropy loss function based new loss function is proposed. The specific loss 

function is given by,  

(3). 

     
( )

(   ( ))     ∑     ( (  
( )))          ( (  

( )))(3) 

  (   )   ∑     ( (  
( )))          (    (  

( ))) (4) 

A large difference between real value and probability leads to 

misclassification. Network performance is enhanced with a close prediction 

of probability value to true value by CNN. Proper identification is done if the 

probability value is close to the true value. Pixel’s loss is set as 0 if  2 is 

greater than the non-signal portion and  1smaller than signal probability. 

Non-signals that are far away from their true labels are punished using this 

loss function.  

After analyzing the relationship between binary map and probability 

map, a portion of signal probability value greater than specified value or non-

signal probability value less than the specified value is computed. From the 

binary map, they are computed properly. At the same time, faked points great 

majority has a probability, which is greater or less than the corresponding 

threshold.  

The fuse layer’s loss function also takes the same form as side-output. 

Linear combination of all side maps forms sigmoid function’s input. This is a 

major difference. So, expression (5), can be expressed as,  
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Where 

       ∑     
( ) 

    

The M side-outputs fusion represented by weights   .  This networks 

objective function is expressed as,  

 (   ( ))           (   )  ∑      
( )

(   ( )) 
   (7) 

The Sum of the side-output and fuse layer is represented by this. In the 

training phase, for retinal vessel segmentation, for learning a proper model, 

this function is minimized.  

 

3.3 Entropy-Based Balanced CNN Parameter Optimization Using 
Particle Swarm Optimization (PSO) 
 

The convolution neural network’s accuracy is affected by multiple 

parameters. For selection, an evolutionary algorithm is given with three 

parameters. The size of the filter and filter count are included in these 

parameters. In the convolutional neural network’s first layer, the best 

parameters are selected by incorporating PSO in this study. Parameter sets 

indices computation is a major task in this proposed PSO. Figure 5 shows the 

PSO working procedure.  

 
Figure 5 Particle Swarm Optimization Working Procedure 

 

Initial Population 

The problem of parameter value selection is modeled as a mathematical 

model. For computing optimum parameter values optimum subset, expressed 

the problem of parameter values selection as an optimization problem.  
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For specified parameters set F, a vector Fi= fi, 1, fi, b, . . ., fi, j, . . ., fi, is 

used to represent it, where, all values count is represented as t, data sample 

number is represented as i. Assume, best  parameter values new subset as FS, 

SFi= si, 1, si, 2, . . .,  si, j, . . ., si, with anew length m, which selection 

algorithm generated, s ij {0, 1}, j = 1, 2, . . ., m. In sample number i, if si, j= 1 

corresponds to selection of jth best as information best. But, in data sample 

number i, if si,j= 0 corresponds to non-optimal or hidden value of jth  values. 

Solution   representation 

A sample features subset is represented by every solution or particle in 

the selection problem using PSO algorithm. A particle or position collection 

is included in PSO swarm, which is used for representing binary vectors as in 

row and some positions called parameters are included in every particle. In 

the sample, one feature is represented by every position. The j
th
 feature’s 

situation is specified by j
th
 position in particle. 

 The PSO algorithm based parameter selection technique is applied, 

random solutions are used for initializing it an optimal global solution is 

reached by enhancing the solution. A Sample parameter values a new subset 

is designed using an optimum solution. In a specified dataset, every unique 

parameter values are considered as one search space.  

The j
th
filter size is selected as the best one, if the position of j is equal to 

1, j
th
 size is not selected as size, if position j is equal to 0. Exclusion of j

th
 size 

in the original document is indicated with the position of j with the value −1. 

Fitness   function 

Every candidate solution specified using feature selection algorithms for 

tackling the problem of parameter size selection are evaluated using fitness 

function(FF) as an evaluation measure. For all candidate solutions, the fitness 

function is calculated by every generation. If there is an increase in solution 

quality, the current solution will be replaced with this solution and vice 

versa. 

In PSO algorithm, the optimum solution corresponds to the solution 

having a high fitness function and it is utilized for solving current documents 

selected parameter values. For parameter values selection problem, in PSO 

algorithm, classification accuracy is used as a fitness function in this work. 

However, standard PSO is having a premature convergence problem and it 

can easily be trapped into local minima.  

PSO 

According to two major factors, the position of every particle which is 

particle position is updated in PSO as expressed in (8) and velocity is 

updated as expressed in (9). Based on particle movement effect, updated 

every particle’s velocity and every particle attempt to move towards 

optimum position. 

       +                                  (8) 

Where  

                         (        )           (        )   (9) 
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Based on the iteration, the inertia weight value changes in the range 

between 0 to 1. At iteration number I, the current best local solution is 

represented as LBI and the current best global solution is represented as GBI. 

Random numbers are represented as rand1 and rand2 and they lie between 0 

to 1, two constant are represented as c1and c2. Using expression (10), inertia 

weight is computed. 

W=(         )   (
       

    
)      (10). 

Where the largest inertia weight is represented as wmaxand the highest 

inertia weights are represented as wmin. These weight values lie in the 0.5 to 

0.9 range. 

Improved PSO 

With every problem dimension, the proposed technique is enhanced by 

equalizing velocity (v) for overcoming above mentioned problem of 

premature convergence. Every population dimension is assigned with factor 

v separately. Hence, for every dimension, exploitation, and exploration 

operations are done simultaneously. 

 

Input : Filter size and filters count 

Output: Optimum Size Filters 

Step1 (Data samples initialization)  

Every particle’s position xi and velocity vi are initialized 

randomly. 

Step2 Evaluation of particle (parameters) fitness 

if   the fitness of 𝑥𝑖>𝑝𝑏  𝑡𝑖 
𝑝𝑏  𝑡𝑖=𝑥𝑖 
if the fitness of 𝑝𝑏  𝑡𝑖> 𝑏  𝑡𝑖 
 𝑏  𝑡𝑖=𝑝𝑏  𝑡𝑖 
Step3. Update particle (parameters  )i’s velocity 

    
    {

    
             

                      
 

Update particle (parameters) I’s position 

                                                            𝑥  
    

𝑥  
  +   

   .  

 Step4. If the stopping criterion is not met, continue Steps 

2   and 3. 

Step5. Return  𝑏  𝑡 and its fitness values (classification 

accuracy). 

 

In IPSO, around the best solution’s j dimension, a local search is 

performed. The expression (8) is used in PSO for performing local search 

around the best solution and updated up to dimension j as,  
 

 

 

 



 

 

 

 

 

12283 Rakesh Kumar 

 

   
    {

    
 𝑥        𝑥  

 𝑖           𝑡    𝑖   
                  (11) 

  

For modified CNN, these selected values of parameters are given as 

initialization values. 

 

4 Results and Discussion 
 

With respect to the accuracy, packet delivery ratio, available Markov 

random field (MRF) and Convolutional Neural Network (CNN) and 

proposed Entropy-Based Balanced CNN(EBCNN) model are compared in 

this section. Urban Sound Dataset is an audio dataset is used to train the 

classification model.  

 With 10 classes, it has 8,732 sound sources. Training and 

testing sets are formed by splitting audio data (80% and 20%). At 44.1 kHz, 

audio files are sampled and converted as mono and if original data is too 

long, it is reduced to 3 s and it will be appended with silence in other 

conditions. Table 1 shows performance comparison results for Audio 

classification accuracy 

 
Table 1 Performance Comparison Results for Audio Classification Accuracy 

 

 

 

 

 

 

 
 

Figure 6 Audio Classification Accuracy of Different Methods 

 

 Accuracy metric comparison between available CNN and MRF 

techniques with proposed EBCNN is shown in figure 6. Around 86% 

accurate results are produced in the proposed EBCNN technique, which is a 

greater one when compared with 74% of MRF and 80% of CNN. 
 

 

 

 

 

Methods Accuracy 

MRF 74 

CNN 80 

EBCNN 86 
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Table 2 performance comparison results for Packet delivery ratio 

 
Table 2Performance Comparison Results for Packet Delivery Ratio 

 

No of nodes 
 

  Methods 

MRF CNN EBCNN 

100 0.2 0.4 0.6 

200 0.4 0.5 0.8 

300 0.6 0.8 0.9 

400 0.8 0.85 1 

 

 
Figure 7 Packet Delivery Ratio 

 

Packet delivery ratiometric comparison between available CNN and MRF 

techniques with proposed EBCNN is shown in figure 7. Around 1.00 packet 

delivery ratio results are produced in the proposed EBCNN technique, which 

is a greater one when compared with 0.85 of MRF and 0.8 of CNN. Table 3 

shows performance comparison results for an end toend delay (sec). 

 
Table 3 Performance Comparison Results for an End To End Delay (Sec) 

 

No of 

nodes 

    Methods 

 CNN MRF EBCNN  

100 65 50 40 

200 70 60 42 

300 75 65 47 

400 80 62 50 
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Figure 8 Packet Delivery Ratio 

 

End To End delay performance metric comparison between available 

CNN and MRF and proposed EBCNN techniques are shown in figure 8. 

Around 50 (sec) End To End delay results are produced by the proposed 

EBCNN model as shown in that, which is a very less value when compared 

with 80 (sec) End To End delay result sof MRF and 62 (sec) End To End 

delay results of CNN techniques. 

 

5 Conclusion and Future Work 
 

A framework that is used to assist living applications is created in this 

work. Wireless sensor nodes are used for sensing audio events in this work 

and these sensed data will be sent to the base station. For audio classification, 

balanced CNN based on entropy is used in this. Errors are minimized in 

improved CNN by tuning training parameters. 

Better classification accuracy and packet delivery ratio are provided by 

the proposed model as shown in experimental results. However, more 

computational complexities are exhibited by deep learning models, so, in the 

future, other models can be used. 
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