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Abstract— The paper presents the task of 

recognizing type of insects using a novel Hidden 
Markov Model referred to as Hidden-to-Observable 
Markov Model (H2O-MM) clustering on optimally 
selected features. It performs empirical analysis on 
spatio-temporal feature set of insect’s sound and 
selects a subset of feature set using Binary Matrix 
Shuffling Filter (BMSF) that leads to good accuracy 
of recognition of type of insects. Additionally, it 
approximately estimates the vector density, ie. 
number of insects based on the cluster density. A lot 
of open issues exist in the field of Entomology in 
identifying the insects that threaten the ecosystem.  
Entomologists are also in need of an automated tool 
that rightly recognizes the type of insect and their 
vector density. Extensive experiments are 
conducted on the Benchmark dataset, ESC-50 and 
the Davies Bouldin (DB) Index is estimated to 0.46 
with BMSF on H2O-MM clustering.  
 

Keywords—Feature Selection; Binary Matrix 
Shuffling Filter Method; Hidden-to-Observable 
Markov Model Clustering; ESC-50 database.  

I. INTRODUCTION 

A stream of audio data when compared to the 
visual data, contains a significant wealth of 
information that the user needs. Hence, acoustical 
data provide vital information in recognizing the 
species of insects. The features that characterize the 
insects’ sounds are spatial-temporal-based. 
Traditionally, farmers recognize the insects’ sound 
and provide a guess of their density. Yet, this is 
time-consuming and error-prone method. 
Nowadays, there is a need of an automated tool that 
recognizes the insects economically, accurately and 
in a user-friendly manner.  

 
 
 
Insects play a vital role in the ecosystem. 
Identification of insects that causes unfavorable 
response is major issue for the Entomologists. Some 
endangered species of insects have negative impact 
on the economic condition. Entomologists need an 
automated economic tool that detects such 
unwanted species.    

With novel inventions, we have smart, and 
intelligent traps that are used to attract and capture 
some specific insect species. Later on such 
endangered species can be killed. Yet these tools 
are not affordable and compact to the 
entomologists. Hence, the scope of finding an 
economic tool for insect recognition arises. 

 The task of recognizing the type of insect species 
based on the acoustics is implemented in two major 
stages. (i) Feature Optimization using BMSF and 
(ii) Recognizing type of insects using H2O-MM 
clustering. The stage of feature optimization is 
computationally complex, as the extracted feature 
set is of high dimension. Hence, the feature sets 
need to be optimized by selecting only the relevant 
features for further processing. A variety of feature 
reduction techniques exist and this paper focuses on 
Binary Matrix Shuffling Filter (BMSF) [2] method. 
The second stage, recognition of type of insects 
based on optimally extracted sound features. 
Hidden-to-Observable Markov Model [1] clustering 
is used in the second stage as it results in good 
accuracy of recognition on spatio-temporal feature 
set. The clustering performance is measured in 
terms of Davies Bouldin index. 

Three categories of feature selection methods are 
generally available. (i) Feature selection based on 
ranking the features. This method is of low 
complexity but resulting in redundant feature set. 
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Wilcoxon rank sum [3] and Markov blanket filter 
[4] are some rank-based feature selection methods. 
(ii) Representative methods like forward selection 
and backward selection [5] methods are 
computationally complex methods. (iii) Embedded 
Methods like Binary Matrix Shuffling Filter 
(BMSF) [2] embedded in any one classifier 
produces good accuracy of classification. And in 
this paper BMSF a rapid and efficient feature 
selection strategy, is also implemented as embedded 
method in H2O-MM clustering.   

Hidden Markov Model is innovated to Hidden-to-
observable Markov Model with high accuracy of 
insect recognition. This model increases the 
accuracy by providing the feedback from hidden 
states to observable variables.  

This paper is organized into five sections. Section 
II provides a literature survey on several strategies 
that exists and can be used in our proposed work.  
Section III deals with the dataset implemented and 
methods of implementation of the proposed work. 
Section IV describes the experimental evaluation 
and results. Section V concludes with strengths and 
limitations of our work as well as future work to be 
focused. 

II. RELATED WORK 

 
A lot of work exists in the process of identifying 

insects using their images, sounds and their physical 
movements. But entomologists are in need of a 
software tool that is rapid, less complex, and ease in 
implementation. A few reviews are discussed in this 
section related to recognizing insects based on their 
sounds. In order to reduce the computational 
complexity, a variety of feature optimization 
techniques exists. And hence, the review is also 
focused towards the feature optimization 
techniques. To improve the accuracy of recognition 
a better clustering algorithm is needed. Hence, 
Hidden Markov Model is renovated with a feedback 
from hidden to observable state. This review also 
emphasizes its attention towards clustering 
algorithms that groups the dataset based on the 
same feature set extracted from sounds produced by 
the species.   

A novel tool (Mehrnaz Fani, Mehran Yazdi, 
David.A.Clausi, and Alexander Wong, 2017) that 
accurately classifies shot views and providing a 
play-break segmentation in soccer video uses 
Hidden-to-observable Markov Model. This paper 
deals with the method that improves temporal 
labeling of broadcast soccer videos, and thereby 
improving the overall automated event detection in 
soccer video. Reliable feature extractors that are 
learned automatically is pursued in this article.  

The feature extraction method is more suitable for 
Neuronal Morphology Classification (Congwei Sun, 
Zhijun Dai, Hongyan Zhang, Lanzhi Li and 
Zheming Yuan, 2015) is Binary Matrix Shuffling 
Filter (BMSF). Initially 43 features were extracted 
using L-measure software. BMSF removed the 
redundant and irrelevant features. Then this method 
is embedded in Support Vector Machine for 
identifying the neuron type. 

Wilcoxon Rank-Sum (WRS) test (Z. Fang, R. Du, 
and X. Cui, 2012) reported a common method used 
in gene set enrichment analysis. It assigns ranks for 
genes and performs the comparison of ranks of 
genes in a gene set against those of genes outside 
the gene set. This method is easy to implement and 
ignores the significance of genes. It incurs less 
computations.   

Feature selection plays a vital role in multivariate 
time series analysis. A novel forward feature 
selection method, Markov blanket (M.Han and X. 
Liu, 2012) uses approximate estimation feature set 
and its corresponding output. If the feature is not a 
subset of above mentioned approximation, then it is 
considered as irrelevant feature.  

A lot of feature selection algorithms are available 
according to (J.Kittler, 1978). The algorithms are 
generally based on statistical pattern recognition 
(SPR) techniques, and artificial neural networks 
(ANN). The SPR techniques are again categorized 
into those guaranteed to find the optimal solution 
and those that may result in a suboptimal feature 
set. The sub categories of the suboptimal methods 
are those that store just one “current” feature subset 
and make modifications to it, versus those that 
maintain a population of subsets. Some algorithms 
are deterministic, producing the same subset on a 
given problem every time. There exist many 
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algorithms that produce different subsets on every 
run in a randomized fashion.   

Classification using Hidden Markov Model 
(Sarika Hegde, K. K. Achary and Surendra Shetty, 
2015) with features extracted from Mel frequency 
cepstral coefficient is used for automatic speech 
recognition. In this work, a subset of 12 MFCC 
coefficients with discriminating patterns are 
selected and are embedded in Hidden Markov 
Model to produce good accuracy. Fisher ratio 
technique evaluates the selection of feature set.  

  

III.  DATA AND METHODS 

A. Dataset – ESC-50 (Environmental Sound 
Classification)   

 The ESC-50 dataset contains 2000 
environmental audio recordings that are already 
labeled and can be used for acoustical classification. 
This dataset is available in a unified format (5-
second-long clips, 44.1 kHz, single channel, 
OggVorbis compressed @ 192 kbit/s) with a 
collection of short environmental recordings.  

 At the time of testing from the Benchmark 
dataset, ESC-50, 200 files are considered in a cycle. 
Among which 100 are tested for insects and 150 for 
non-insects. And for the next cycle, remaining 200 
files, which are not previously used are selected 
from the testing samples (80 + 100). The same 
process is repeated till all the 2000 files are used for 
the recognition of insects| non-insects. Table 3.1 
shows the distribution of dataset as training and 
testing data. 

   

Table 3.1 Distribution of dataset for clustering 

Dataset 

ESC – 50 

Insects 
Non-

insects 
Total 

Training 
Files 

100 100 200 

Testing 
Files 

80 100 180 

 

The entire work is depicted in Figure 3.1. The 
proposed work accepts the insects sound from the 

benchmark dataset, ESC-50. The input analog 
signal is transformed to digital by means of Fourier 
transformation and thereby extracting the spectral 
and temporal features. The extracted feature set is 
multi-dimensional. The analysis of extracted 
features shows that the data are time variant with 
many hidden patterns; hence the data that are really 
relevant need to be identified. For this, irrelevant 
and redundant features need to be identified and 
removed. Such elimination is implemented using 
Binary Matrix Shuffling Filter. Then the relevant 
feature identified are fed to the Hidden-to-
Observable Markov Model for the process of 
clustering similar patterns together and thereby 
recognizing the type of insects and their vector 
density with high accuracy.  

 
 

 
Figure 3.1 Overall block diagram of the proposed work 

B. Preprocessing 

 The input insect sounds are hyperspectral, multi-
dimensional, time-variant, with missing patterns, 
partially incomplete, and highly dynamic in nature. 
Hence, for further processing of such sound, the 
entire dataset needs to be optimized.  The dominant 
frequency of the insects is 2-13 kHz. Since the 
signal was recorded in the natural environment, all 
sounds were disturbed by some sources near each 
observation such as the wind, truck sounds, and 
animal sounds. Hence, these frequencies have to be 
removed with a high-pass filter. Dynamic Time 
Warping optimally aligns two time series sequences 
and captures similarities among both the sequences.  

C. Short Time Fourier Transformation (STFT) 

Short Time Fourier Transformation divides a 
longer time signal into shorter segments of equal 
length and determines the sinusoidal frequency and 
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phase content of local sections of a signal as it 
changes over time. 

D. Feature Extraction 

 Discrete Fourier Transform (DFT) is used as 
feature-extraction technique that transforms the 
time-series data into the frequency domain, where 
data dimensionality can be reduced and frequency 
components can be extracted. In case of existence 
of noise in the sequence, Fourier transformation 
does not perform well and then short time Fourier 
transformation is used as it can extract both time 
and frequency domain information. All audio 
features are extracted from the successive windows 
or frames of the audio sequence. The spectral 
decomposition of the signal is represented by finite 
number of sine/cosine waves. Each wave is the 
Fourier coefficient and is with low amplitude. These 
low amplitude coefficients are discarded without 
loss of information.  

  The spectral features extracted are spectral 
centroid(CNT), spectral flux(FLX), spectral 
irregularity(IRR), spectral roll-off(RLF), spectral 
spread(SPR), spectral brightness(BGT), spectral 
kurtosis(KTS), spectral crest(CST), spectral 
variation(VRT), spectral skewness(SKW), spectral 
entropy(ENT), spectral decrease(DCR), spectral 
flatness(FLT), and spectral bandwidth(BDW). 
These spectral features specify the frequency 
components of the acoustical sound. 

 The temporal features extracted include plosion 
index(PI), normalized cross correlation 
coefficient(NCC), zero crossing rate(ZCR) and 
short time energy(STE). These are the 
discriminating features used to identify insects. 

E. Feature Optimization using BMSF 

In this work, an optimal subset of feature set is 
selected using Binary Matrix Shuffling Filter 
(BMSF) method.  

The selection of subset of feature set that includes 
relevant features is done in four steps. 

(i) Original feature set is considered as (�i, xi,j) 
with � samples and � features, where � =1, 2, 
. . ., �, � = 1, 2, . . . , �. A matrix is randomly 
generated with � × � dimension. Matrix 
elements are either 1 or 0, representing 

whether the feature in that column is included 
or not. K can be user defined. The number of 
1 or 0 in each column (each feature) is equal. 

(ii) And for each combination we get a reduced 
matrix as after k iterations. 

(iii)To evaluate the significance of each feature, 
change all the 1 in jth column to 0 and all 0 in 
that column to 1 and use them as test sets. 
Using this obtain the predictive vectors of �1 
and �0.  

(iv) Perform a comparison on the mean of 
predictive vectors. If mean value of �1 is 
bigger than that of �0, the feature 
corresponding to this column has to be 
included otherwise exclude the corresponding 
feature. 

The extracted features and their description are 
listed in table 3.2. 

Table 3.2 Features extracted using Fourier transformation 

Sl.No. Feature Description 
Spectral Features 

1. 
Spectral 
Centroid 
(CNT) 

 The individual centroid of a 
spectral frame is computed as 
the average frequency weighted 
by amplitudes, divided by the 
sum of the amplitudes. 

2. 
Spectral 
Flux (FLX) 

Spectral flux is computed as a 
measure of the degree of 
variation in the spectrum across 
time and this is restricted to the 
positive changes 

3. 
Spectral 
(IRR) 
Irregularity 

The spectral irregularity 
quantifies the variations of the 
logarithmically-scaled rate-map 
across frequencies 

4. 
Spectral 
Rolloff 
(RLF) 

The spectral roll-off point is 
correlated to the harmonic 
cutting frequency 

5. 
Spectral 
Spread 
(SPR) 

The spectral spread describes 
the average deviation of the rate-
map around its centroid, which 
is commonly associated with the 
bandwidth of the signal 

6. 
Spectral 
Brightness 
(BGT) 

The brightness reflects the 
amount of high frequency 
information and is measured by 
relating the energy above a pre-
defined cutoff frequency to the 
total energy. 
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Sl.No. Feature Description 

7. 
Spectral 
Kurtosis 
(KTS) 

The excess kurtosis measures 
whether the spectrum can be 
characterized by a Gaussian 
distribution 

8. 
Spectral 
Crest (CST) 

It is defined as the ratio between 
the maximum value and the 
arithmetic mean and can be used 
to characterize the peakiness of 
the rate-map 

9. 
Spectral 
Variation 
(VRT) 

The spectral variation is defined 
as one minus the normalized 
correlation between two 
adjacent time frames of the rate-
map  

10. 
Spectral 
(SKW) 
Skewness  

The spectral skewness measures 
the symmetry of the spectrum 
around its arithmetic mean  

11. 
Spectral 
(ENT) 
Entropy 

The entropy can be used to 
capture the peakiness of the 
spectral representation 

12. 
Spectral 
(DCR) 
Decrease 

The spectral decrease describes 
the average spectral slope of the 
rate-map representation, putting 
a stronger emphasis on the low 
frequencies  

13. 
Spectral 
(FLT) 
Flatness 

The spectral flatness IS a 
measure of the noisiness of a 
spectrum 

14. 
Spectral 
(BDW) 
Bandwidth 

It is the Wavelength interval in 
which a 
radiated spectral quantity is not 
less than half its maximum value 

Temporal Features 

15. 
Plosion 
Index (PI) 

The ratio of the peak amplitude 
in the transient to the average of 
absolute values over an 
appropriate interval. 

16. 

Normalized 
Cross 
Correlation 
(NCC) 

Normalized cross-correlation 
(NCC) quantifies the degree of 
similarity as a function of the 
lag between two finite energy 
signals, irrespective of their 
energies. 

17. 
Short Time 
Energy 
(STE) 

The short time energy is 
the energy of the short segment. 

18. 
Zero 
Crossing 
Rate (ZCR) 

 Zero-crossing rate is defined as 
the number of times the signal 
changes sign within a given 
time window. 

 

F. Hidden-to-Observable Markov Model 
Clustering 

The pseudo code of Hidden-to-Observable 
Markov Model clustering algorithm is depicted 
below: 

Algorithm: Hidden-to-Observable Markov 
Model  

Input: Initial hidden states 
Output: Observed Sequences 

1. Accept the subset of feature vectors 
evaluated using the BMSF method. 

2. Consider Missing sound sequence as hidden 
state at time t0 and the audible sound 
sequence at time t0 as observable state. 

3. Assign the reference labels rt at time t0. 
4. Iterate maximum number of times. 

(i) Estimate transition and emission matrices 
using reference labels.  
(ii) Use observed sequence and estimate the 
next hidden state (use Viterbi algorithm). 
(iii) Update the reference labels at each time 
step. 
(iv) Transmit the hidden state to observed 
state as a feedback step. 

5.  Stop 
6. Estimate the vector density using equation 

(3.1)  
 

 

          where  is detected right sound of insects 
in T hours in the area of covered size  with  

false positives,   is estimated call rate,   is the 
estimated probability of sound produced in  . 

 

 
Figure 3.2 Feedback phase of H2O-MM clustering 

The above algorithm accepts relevant feature set 
matrix (7 feature set  5 spectral features and 2 
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temporal features) that is obtained using Binary 
matrix shuffling filter method. Next, estimate 
emission matrix that includes the chances of the 
observable states. Transition matrix is evaluated 
as probability of frequency of state change. Next, 
Viterbi algorithm is used to evaluate the most 
probable sequence of state change that resulted in 
observed states. Using this observed sequence, 
the hidden states are estimated. The process is 
iterated maximum number of times. 

 
Figure 3.3 Obtaining the Hidden States 

IV. EXPERIMENTAL EVALUATION AND RESULTS 

This work extracted 14 spectral and 4 temporal 
features of the acoustical sound of insects from the 
ESC-50 dataset as shown in table 3.2. The BMSF 
algorithm filtered 5 spectral features (Spectral flux, 
spectral centroid, spectral flatness, spectral 
bandwidth, and spectral rolloff) and 2 temporal 
features (Short Time Energy and Zero crossing rate) 
as relevant feature set as listed in table 4.1 for the 
task clustering similar type of insects together. The 
files of entire dataset is partitioned in the ratio of 
50:25:25 for training, testing and validation sets. 
Table 4.2 shows the results of clustering on ESC-50 
dataset.   

Table 4.1 Subset of selected features using BMSF 
and corresponding Clustering performance 
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 CST,SKW,FLX, 
CNT,FLT, RLF, 
KTS,ENT,BDW, 
BGT,SPR,IRR 

PI, 
STE, 
ZCR 

0.736 

III 8 2 
CST,FLX, SPR 
CNT,FLT,BGT 
RLF,BDW 

STE, 
ZCR 

0.643 

IV 7 2 
CST,FLX, CNT, 
FLT, RLF, BDW, 
BGT 

STE, 
ZCR 

0.491 

V 5 2 
FLX, CNT, FLT, 
RLF, BDW 

STE, 
ZCR 

0.464 

 
 
 

Table 4.2 Results of H2O-MM algorithm on ESC-50 

Clustering 
Algorithm 

Benchmark 
Dataset (ESC-50) 

Sample 
Test File 

Type of 
Insect 

Approxi
mate 
No. of 

Insects 

H2O-MM 

https://github.com

/karoldvl/ESC-50 

 

Tested 300 files 

(150 insects and 

150 non-insects) 

out of 2000 files 

1-75189-

A.ogg 
Flies ≈8 

5-

194932-

A.ogg 

Bees ≈12 

5-

233787-

A.ogg 

Bumble 
Bee 

≈6 

 

V. CONCLUSION 

A framework has been developed in this work 
that performs Hidden-to-observable Markov Model 
clustering of similar type of insects together on 
optimally selected spectral (5 out of 14) and 
temporal (2 out of 4) features using Binary Matrix 
Shuffling Filter method. Hence, this approach 
recognizes the type of insect and estimates the 
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density of the cluster which specifies the 
approximate estimation of vector density of the 
corresponding type of insect. This feature 
optimization technique has led to good accuracy of 
recognition of type of insects. The accuracy of 
clustering is measured in terms of Davies Bouldin 
(DB) index. This framework has its scope in 
supporting the entomologists for identifying the 
type of insect and provides enough information 
about the sensitiveness of impact of such insects by 
estimating the quantity of insects in that location by 
that time period. Extensive experiments are 
conducted on the Benchmark dataset, ESC-50 and 
produced a good clustering performance of DB 
Index, 0.46 with BMSF on H2O-MM clustering.  
And in future, exact density of flying insects at a 
given location can be identified by using a 
combination of several other clustering techniques 
simultaneously. 
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