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Speech signals-based identity recognition is an active research area, which has a wide range of important appli-
cations such as human-computer interaction, forensic investigation, sound surveillance, transaction authen-
tication, and health monitoring. As a special speech event, cough plays a crucial supplementary role in identity
recognition scenarios, especially when traditional biometric features are unavailable. However, compared to
traditional speaker recognition, very few research efforts have been made by researchers to explore identity
recognition using cough acoustic signal analysis. In this work, we propose an EGOOSE-LightGBM model for
cougher recognition, in which the hyperparameters of Light GBM are optimized by EGOOSE algorithm. Chaot-
ic mapping, Gaussian mutation, and crisscross optimization are employed in the proposed metaheuristic-type
EGOOSE algorithm, which demonstrates superior performance in terms of convergence speed and accura-
cy compared to GOOSE algorithm. A static-dynamic feature fusion (SDFF) technique is used to fuse cough
sound characteristics including Mel frequency cepstral coefficient (MFCC), fundamental frequency, formant,
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AMFCC, and jitter of formant to improve recognition effectiveness and noise robustness. Using the self-re-
corded cough sounds, we establish a dataset, the size of which is enlarged by data augmentation techniques.
Performance improvement of 3.167% is obtained due to the exploitation of cough data augmentation. Exper-
imental results show that EGOOSE-LightGBM outperforms other existing machine learning models such as
SVM, XGBoost, RF-Adaboost, LSTM, and LightGBM, achieving remarkable recognition accuracy of 99.500%.

KEYWORDS: Identity recognition, EGOOSE-LightGBM model, Static-dynamic feature fusion (SDFF),
Cough data augmentation, Cough acoustic signal analysis.

1. Introduction

Coughing is a biological protective reflex action, oc-
curring when the mucous membranes of the larynx,
trachea, and bronchi are irritated by inflammation,
allergies, or physical chemical stimuli. Cough is a
well-known symptom as sociated with various re-
spiratory disorders. Therefore, cough sound signals
are widely used in disease detection/diagnosis [7],
[18], [24], [30], [36], [38], and patient monitoring/
caring [3], [40].

Identity recognition based on speech signals, termed
speaker recognition (SR), is an active research field
[10], [43], which has drawn wide attention from
researchers. As a type of bioacoustics signal deter-
mined by physiological structures such as the vocal
cords, trachea, lungs, and resonant cavities, cough
sound exhibits individual specificity. Due to the dis-
tinct pronunciation organ and coughing style of each
individual, a cougher’s voice inherently encapsulates
personal traits. Leveraging these individual-specif-
ic characteristics, it becomes feasible for comput-
er-based systems to automate the process of identity
recognition by analyzing the discriminative proper-
ties embedded in cough sound signals. Therefore, as
a special speech event, cough sound signal has also
been investigated for speaker recognition (SR) [46],
cougher identification (CI) [22], [31], cougher verifi-
cation (CV) [42], and security supervision.

The approach to identity recognition from cough
sound signals mainly involves two crucial stages,
i.e., the extraction of suitable features and the em-
ployment of classification algorithms to accurately
recognize cougher’s identity information. MFCC
[18], Mel-spectrogram [3], [22], i-vector [31], and
formant [28] are acoustic features widely used in
cough acoustic signal analysis. In [31], Pahar et al.
pointed out that i-vectors demonstrates superior
performance compared to both d-vectors [46] and

x-vectors for the task of cougher identification. The
extracted features are subsequently fed to classifica-
tion algorithms [31] such as support vector machine
(SVM), multi-layer perception (MLP), convolution-
al neural network (CNN), long short-term memory
(LSTM), ResNet, etc.

Zhang et al. [46] presented a deep neural network
model to learn the deep acoustic feature for speak-
er recognition using cough, laugh, and “Wei” sound
recordings. The approach in [46] achieved EER of
10.99% for cougher recognition. Joki’s et al. [22]
proposed a triplet network for cougher identifi-
cation, in which the CNN model was designed to
learn an embedding function that maps Mel-spec-
trograms of cough audio recordings into a discrim-
inative embedding space. This approach enables
easier differentiation between embedded samples
compared to original data. Pahar et al. [31] recorded
cough sounds under quiet and noisy acoustic condi-
tions to build the dataset, and put forward a system
to detect coughs among other triggering phrases
and simultaneously identify the individual who is
coughing. The system in [31] obtained an accuracy
up to 99.91%. Whitehill et al. [42] employed a Res-
Net model for the task of cougher verification, which
gave 82.15% accuracy for four users. Tran et al. [39]
presented a contrastive learning-based network for
identity recognition using both temporal and spatial
features of cough sound signals, which obtained an
accuracy of 97.18%. Notably, the implementation of
the cross-entropy loss method contributed to the
superior recognition performance. Laska et al. [25]
employed a distillation technique to extract cough
prints for identifying cough acoustic signals. In re-
cent years, multimodal signal processing methods
that incorporate cough sounds and other types of
signals have drawn increasing attention [4], [20].
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Forensic SR serves as evidence in criminal inquiries
or judicial proceedings [5], [33], [41]. Using cough
sounds for individual identification holds unique
potential application value in forensics science.
Compared to active vocal signals like speech, cough
sounds are harder to deliberately disguise and eas-
ier to record in involuntary scenarios. Moreover,
the production mechanism of cough sounds relies
more on physiological instincts, which makes their
individual characteristics more stable. Therefore,
cougher recognition is expected to serve as a low-
cost, non-invasive auxiliary tool in criminal foren-
sics, particularly playing a supplementary role in
scenarios where traditional biometric features are
unavailable. From a feature perspective, on one
hand, the duration of a cough sound is extremely
short, typically ranging from 0.1 to 0.5 seconds. On
the other hand, a cough sound has abroader frequen-
cy range than speech signal, making its frequency
domain spectrum more dispersed.

In this work, we investigate identity recognition by
using cough acoustic signal analysis. The major con-
tributions of this work are summarized as follows.

— Unlike traditional speaker recognition [19],
investigations on leveraging cough sound signals
for the purpose of identity recognition remain
scarce. In this paper, the EGOOSE-LightGBM
model is proposed for cougher recognition, in
which the hyperparameters of LightGBM are
optimized with an enhanced GOOSE (EGOOSE)
algorithm. We use three techniques, i.e., chaotic
mapping, Gaussian mutation, and crisscross
optimization, to enhance the basic LightGBM
algorithm. As a result, the proposed EGOOSE
algorithm is capable of effectively evading local
optimum traps, boosting the search efficiency, and
accelerating the convergence speed.

— In this paper, we adopt the static-dynamic feature
fusion (SDFF) technique. The static features, i.e.,
MFCCs, formants (F1, F2, F3), and fundamental
frequency, are fused with the dynamic features,
ie., AMFCC and jitter, to enhance the feature
representation ability. Its main advantages include
enhancing the model’s ability to perceive the
dynamic changes of features and improving noise
robustness.

- A self-recorded cough sound dataset is established.
Cough data augmentation techniques such as time
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stretching, addition of white noise, and pitch shifting
are utilized to enrich the dataset. By introducing the
varieties and diversities of characteristics of cough
voice data, these augmentation methods enhance
the model’s cougher recognition accuracy, mitigate
overfitting, and improve its generalizability.

- Comprehensive studies on different model
parameters, different noiselevels, and comparisons
with the existing models are presented to
demonstrate the remarkable performance of our
proposed model.

The rest of this paper is organized as follows. Sec-
tion 2 introduces the cough sound dataset we es-
tablished. Feature extraction methods for cough
sound signals are elaborated in Section 3. The prin-
ciples and design process of the proposed EGOOSE-
LightGBM model are presented in Section 4. Details
on experimental setup procedure and a comprehen-
sive analysis of experimental results are provided in
Section 5. Finally, concluding remarks of this study
are given in Section 6.

2. Cough Sound Dataset

2.1. Data Acquisition

We constructed a cough dataset using the self-re-
corded dry cough sounds. Dry cough is character-
ized by the absence of phlegm, whereas wet cough
involves the expulsion of phlegm. Compared with
wet cough, the sound of dry cough has higher stabil-
ity and more prominent individual characteristics,
which enables more accurate extraction of individu-
al-specific voiceprint features. We recorded the dry
cough sound signals using a microphone that was
linked to a laptop equipped with a Conexant Smart
Audio HD sound card. The recording software used
for cough sound data collection was Cool Edit Pro.
The cough sounds were recorded in a 5 m8 m meet-
ing room (Figure 1), with the sampling rate of 16,000
Hz and resolution of 16 bits. The dataset consists of
the cough sound recordings of 6 volunteers, includ-
ing 3 male and 3 female coughers. Each cougher got a
long cough sound recording, which was divided into
short cough segments by using the voice activity de-
tection (VAD) technique. The information for the six
coughers and their cough sounds is given in Table 1.
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Figure 1
Data acquisition environment for cougher recognition.

2.2. Cough Data Augmentation

The original dataset consists of 1200 short cough
sound segments in total. Given its relatively small
scale, it is susceptible to overfitting. In order to en-
rich the diversity of characteristics of cough sound
and enlarge the size of dataset, we chose to use cough
data augmentation technique.

Table 1
Gender information and number of segments of cough
sound for six coughers.

Cougher Gender Nu;?giﬁ;fl‘lsseog:;?ts
Cougher1 female 225
Cougher 2 female 210
Cougher 3 female 202
Cougher 4 male 181
Cougher 5 male 182
Cougher 6 male 200

This diversifies the acoustic feature space during train-
ing, thereby curbing overfitting and enhancing the mod-
el’s generalization capability. In this study, we adopted
the following three types of augmentation options:

1 Time stretching: Its principle involves altering
the temporal spacing of audio samples through
techniques like resampling. This enables the ad-
justment of audio duration.
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Figure 2
A segment of original cough sound waveform and the
waveforms after data augmentation.
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2 Addition of white noise: Characterized by a flat
spectrum and Gaussian distribution, additive
white noise is imposed onto cough sound by linear-
ly combining its amplitude samples with the cough
acoustic waveform.

3 Pitchsshifting: As an audio signal processing tech-
nique, pitch shifting involves altering a sound’s
perceived pitch [19], [34]. It analyzes frequency
components, shifts frequency components, and
then resynthesizes the audio signal.

For time stretching augmentation, the cough sound
is accelerated by 20% using a stretching rate of 1.2.
For augmentation of addition of white noise, the val-
ue of signal-to-noise ratio (SNR) is set to be 15 dB.
For pitch shifting augmentation, the cough sound is
shifted by 6 semitones. As an example, a segment of
original cough sound waveform and the waveforms
after augmentation are shown in Figure 2.

After the implementation of cough data augmenta-
tion, the original dataset was enlarged to cover 4,800
segments of cough sound recordings in total.

3. Extraction of Static and Dynamic
Features of Cough signals

3.1. Cough Signal Pre-processing

Over a relatively long period, cough acoustic signal
exhibits non-stationary characteristics. However,
within a very short time period, the characteristic
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parameters of cough signal can be approximately re-
garded as unchanged. Therefore, cough signal is di-
vided into a series of frames of 16 ms with 50% over-
lap. The i-th frame of the cough signal is represented
as s(n). Then, the Hamming window is applied to the
framed cough signal to ensure smooth transitions at
the frame edges:

x,(n) =s,(mwy, (n). ©

3.2. Static Features of Cough Signals

3.2.1. MFCC

MFCC is a widely used short-term spectral feature
in audio signal processing [14], [17] [32], [37]. The ex-
traction process of MFCCsis shown in Figure 3. MFCC
is based on the Mel scale analysis of cough signal. The
Mel-frequency is derived from frequency as follows:

f
Mel =2595x1lo 1+—|. 2
el(f) g]o( 700 @

The graphical representation of Mel-scale filter
bank is shown Figure 4.

x/(n) is transformed into frequency domain signal
X(k) by using Discrete Fourier Transform (DFT).
The energy E (k) of the corresponding spectral line is
calculated as follows:

E (k) =[X, (0] ©

Subsequently, E(k) is filtered by the Mel-scale filter
bank. The filtering operation is carried out by using
Y,(m) = X2" E(k)H (m,k), wheren H(m,k) denotes the
m-th Mel scale filter in filter bank. Then, applying
Discrete Cosine Transform (DCT) to Y(m),we have
the coefficients of MFCC, i.e.,

M-l _
MFCC(i,n) = %Zlogm(z(m))co{%} )

m=0

where n=0,1,...,C—1, and C denotes the number of
MFCCs.
3.2.2. Formant

Formants contain abundant acoustic information
[21], [28], [37], which is conducive to improving
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the recognition accuracy. Meanwhile, formants are
less susceptible to noise interference, which can en-
hance the anti-noise performance of feature-based
recognition. The extraction process of cough voice
formants is shown in Figure 5. As can be seen from
Figure 5, the first three steps are the same as those
in the extraction process of MFCCs. Subsequently,
we calculate X, (k) = log, (|X,. (k)|). By computing in-
verse DEFT (IDFT) of X, (k), the cepstrum X(n) is ob-
tained. Then, a window function W,(n) is applied to
x(n), i.e., h(n) = x(n) W.(n), where W.(n) is given as
follows:

1, n<b-lorn>=N-b+l1

w, = ) 5
#() {0, b-1<n<N-b+l v

in which b denotes the width of Wy.(n).

By computing the DFT of 4,(n), we achieve the enve-
lope curve H(k). By identifying the local maxima of
the amplitude on H,(k), the formants can be obtained.
In this paper, we consider the lowest three formants
(F1,F2,F3).

3.2.3. Fundamental Frequency

The period of vocal cord vibration is referred to as
the fundamental period, and its reciprocal is the
fundamental frequency, which is denoted as F0. The
feature of F0 mainly represents the timbre informa-
tion of a speaker and is of great significance in speak-
er recognition [37].

3.3. Dynamic Features of Cough Signals

The MFCC coefficients and formants described above
only represent the static features of cough acous-
tic signals. However, as the human auditory system
exhibits enhanced sensitivity towards the dynamic
components of acoustic signals, the dynamic infor-
mation embedded within vocal spectra holds valuable
details that can improve recognition accuracy.

3.3.1. The First-Order Difference of MFCC

To capture the dynamic information of MFCCs, the
first order difference of the MFCC (AMFCC) [11] is
calculated as follows:

(6)
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Figure 3
Diagram of the computation of MFCCs.
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where M(n+i) denotes a frame of MFCC coeffi-
cients, and k£ =2. It is worth noting that the fea-
tures of the first and last frames should be removed

because the first-order differences of these two
frames are zeros.

3.4. Static-Dynamic Feature Fusion

By conducting statistical analysis, we obtain the
mean, minimum, maximum, variance of cough sig-
nal features described in the Subsections 3.2-3.3. We
employ a technique called static-dynamic feature
fusion to construct a hybrid feature vector sd_vector
for cougher recognition. sd vector has the form sd

vector = [FO_vec, F1 _vec, F2 vec, MFCC vec, AMF-
CC vec, jitter],

where,

FO0 vec=[FO0,,,.FO0,,.F0,..FO0.,]

Fl1 vec=[F1,,,.F1,. . F1,  F1_],

F2 vec=[F2,,,F2,,F2,..F2,]

F3 vec=[F3,,,.F3,.,.F3,..F3,]

MFCC yec=[MFCC,,,,MFCC,, . MFCC,  .MFCC,,|
,and

AMFCC _vec = [AMFC

AMFCC,;,,AMFCC,,,,
AMFCC,,, |

‘mean >
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4. Proposed EGOOSE-LightGBM
Method

4.1. LightGBM

LightGBM algorithm, proposed in [23], is a gradient
boosting framework based on decision trees [13], [27],
[47]. The diagrammatic sketch of gradient boosting
decision tree architecture is shown in Figure 6. Due
to its remarkable performance in terms of efficiency
and accuracy, LightGBM is extensively utilized in a
variety of machine learning (ML) tasks [2], [29], [44].

LightGBM employs the strategy of histogram opti-
mization, the process of which [29] is shown in Fig-
ure 7. It constructs a histogram with a width of K.
In terms of time complexity, histogram-based algo-
rithm in LightGBM only requires iterating through K
feature values (bins) when searching for the optimal
split point. In terms of spatial complexity, Light GBM
requires only 8 bits to store these K discrete values.
In contrast, XGBoost [8] needs to use floating-point
numbers to store all sorted feature values.

Figure 6
Gradient boosting decision tree architecture.
Drlgiﬁal .. |
data Diecision tree |
residual ]
L“'L‘I:_‘llll."ﬂ » = Ensemble | Strong
data Diecision tree 2 model leamer

1

residual |

L Weighted ||
ata Decision tree M

XGBoost adopts the level-wise growth strategy (Figure
8), which treats all leaves at the same tree level with-
out discrimination. LightGBM instead employs the
leaf-wise growth strategy (Figure 9) and imposes a con-
straint on the tree depth, which can alleviate overfitting.

Compared to XGBoost, LightGBM boasts several
advantages, such as higher training efficiency, lower
memory usage, and superior accuracy, particularly
when dealing with high- dimensional features and
large-scale datasets.
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4.2. GOOSE Algorithm

The GOOSE algorithm, proposed in [16], is a novel
meta heuristic optimization approach, which draws
inspiration fromthe behavioral patterns of goose flocks
in natural environments. Goose flocks exhibit distinct
resting behaviors characterized by close huddling and
unilateral leg stance. Particularly, some geese adopt
the strategy of placing small stones on their raised legs.
Once a goose falls asleep, the sound of the stone strik-
ing the ground serves as a wake-up signal. The GOOSE
algorithm deeply simulates the social aggregation,
adaptive monitoring, and efficient group communi-
cation behaviors of goose flocks, which constructs a
computational model and algorithmic framework with
robustness and extraordinary adaptability.

4.2.1. Exploitation Phase

The algorithm randomly determines the mass of the
stone that the goose carries, and the weight varies
from5to25¢.

S = randi([5,25),1,1). ®

In order to compute the average duration for a sound
to propagate through a flock of geese and make a
round trip, it is necessary to find out the overall time
T,,.. of sound propagation.

T +T
T _ = °

total

©
dim

where T, denotes the time needed for the stone to reach
the ground, 7, denotes the time needed for a certain
goose to pick up the sound of the stone striking the
ground, and dim denotes the number of dimensions.

Subsequently, the average time 7, can be obtained
as follows:

T
T = "’2’”’ . (10)

The GOOSE algorithm assigns a variable pro, ran-
domly chosen from the range of 0 to 1, for controlling
the evolution process. In a flock of geese, there are
behaviors of safeguarding and waking up individu-
al members within the group. When the conditions
pro>0.2and S, >12 are satisfied simultaneously, this

w

type of behaviors are simulated by F.
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The distance D, that sound propagates in the air is
expressed as:

D, =V T, (12)

where V, denotes sound speed.

The distance D, between a goose on guard duty and
another goose can be represented as halfof D, as it is
sufficient to consider only the one-way propagation
distance of the sound.

D, =0.5*D,. 13)

For the purpose of waking individual members in
a group of geese, it is necessary to find an opti-
mal spot X, ,, the formula of which is presented
as follows:

X

it+1

_ 2
—Fﬁ+Dg*7; . 14)

Onthe other hand, ifthe conditions S, <12 or pro<0.2
are satisfied, F & is revised into a new form:

S
=T *—>_. 15)
’ 9.81 ‘

Correspondingly, the new value of X is also adjusted
to the following form:

Figure 7
Histogram optimization.
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X

it+1

:Fﬁ *Dg *YZIZ*Coe, (16)

where Coe is a coefficient.

4.2.2. Exploration Phase

The goose starts screaming as it wakes up and then
moves into the exploration phase. To enhance the
search efficiency of the GOOSE algorithm, if rnd<0.5,
the formula for calculating the optimal position
during this phase can be rewritten as follows:

X

4o =randn(l,dim)* M, * alpha +Pos,,, , a7
where Pos,,, denotes the best position we found so far
within the search region, and M, represents the mini-
mum total time. The parameter alpha, the formula of
which is given in Equation (18), is employed to adjust
the search step size, which in turn has an impact on
the convergence of the algorithm. Specifically, it plays
a crucial role in determining how the algorithm pro-
gresses during each iteration, and its proper adjust-
ment can significantly contribute to achieving a more
rapid and stable convergence of the algorithm.

2*loop

alpha =2 — ,
s Max It

(€L

where Max_It denotes the maximum number of iter-
ations performed in the GOOSE algorithm. The pa-
rameter loop stands for the current number of itera-
tions conducted. Figure 10 exhibits a representative
illustration of GOOSE behavior [16].
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Figure 8
Level-wise growth strategy adopted in XGBoost.

) .
o ‘ b
Figure 9

Leaf-wise growth strategy adopted in LightGBM.

Figure 10
Graphical representation of GOOSE behavior.
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4.3. Enhanced GOOSE (EGOOSE) Algorithm

To improve population diversity and alleviate the
risk of getting stuck in local optima, we propose a
novel method termed Enhanced GOOSE (EGOOSE)
algorithm, which adopts three strategies including
chaotic mapping, Gaussian mutation, and crisscross
optimization.

4.3.1. Chaotic Mapping

Dueto the ergodic property of chaotic mapping, meta-
heuristic swarm intelligence optimization can cover
different regions of the search space during the ini-
tialization stage, which is conducive to discovering
a better solution space range and laying a solid foun-
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Figure 11

(a) Samplings of Chebyshev chaotic mapping, (b)

Histogram of samplings of Chebyshev chaotic mapping.
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dation for global search. When the algorithm starts to
search from a population initialized by chaos, it can
more effectively avoid the premature convergence
problem caused by the poor distribution of the initial
population. In this paper, we use Chebyshev chaotic
mapping, the definition of which is given as follows:

X, = cos(k*cos’1 (x, )) (19)

where £ is an integer, and |k|>1. In the experiments
of this work, the parameter £ is set to 4. The range
of the state value x, of the chaotic orbitis x, e [-1,1].

Figure 11(a) shows the 2000 samplings of Chebyshev
chaotic mapping, and Figure 11(b) shows the histo-
gram of samplings of Chebyshev chaotic mapping.

4.3.2. Gaussian Mutation

Population diversity is of vital importance for pre-
venting the algorithm from getting trapped in local
optimal solutions. By increasing the diversity of pop-
ulations, Gaussian mutation enables the algorithm
to explore the solution space more comprehensively,
thus enhancing the algorithm’s robustness and adapt-
ability. Particularly when the algorithm is approach-
ing the optimal solution, Gaussian mutation can
prompt individuals to converge rapidly. The Gaussian
mutation operation applied to X, is defined as follows:

X

it+1

=X, *Gauss (X, ,Pos,, o), 20)

where

1 X, — P 2
Gauss(X,,, Pos,,,,0) = exp| — X, Ozsbm) @D
2ro 20
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During the iterative process of the algorithm, o is
dynamically adjusted according to the following
formula:

2
O = .
1+10%it / Max _It

(22)

During the initial stage of iteration procedure, arela-
tively large variance is employed to enhance the glob-
al search ability. As the iteration procedure moves
into its later phase, the variance is progressively re-
duced to strengthen the local search capability.

4.3.3. Crisscross Optimization

The crisscross optimization [26] enhances in-
ter-individual differences and population diversity,
thereby facilitating the algorithm’s search in com-
plex solution spaces. This mechanism mitigates
the risk of entrapment in local optima, accelerat-
ing convergence toward global optima while main-
taining a balanced trade-off between exploratory
search and exploitative refinement. The crisscross
strategy consists of horizontal crossover and verti-
cal crossover.

In horizontal crossover stage, individuals in the pop-
ulation are first randomly paired, followed by per-
forming horizontal crossover on each pair. For par-
ent individuals G,, and G, in a pair, their offspring
Gleand GJ¥ are generated as follows:

G

i — X -G, '+(1_a1)'Gi2,j +8-(G,

il,j

-G,;) @3

Lj

Gl

i2,j

=a,-G,; +(1_az)'Gi1,j +5, ’(Giz,/ _Gil,j) (24)

where G, ;and G,,; represent the j-th dimensions of

G,and G,, respectively. G/, and G5, are the j-th di-
mensions of the offspring generated by horizontal
crossover. a,€(0,1), a,€(0,1), f,e(-1,1), p,e(-1,1) are
random numbers. The offspring individual is com-
pared with its parent counterpart, and the one ex-

hibiting a smaller fitness function value is reserved.

In vertical crossover stage, each individual updates
only one specific dimension while preserving the
others unchanged. Suppose that j1 and j2 are ran-
domly selected, then the j1-th dimension of the off-
spring G} is updated according to the following for-
mula:
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GV(,‘

i1

=a-G

i j1 +(1—C()‘Gl.’j2 > (25)
where a € (0,1) denotes a random number. Similarly,
off spring individuals with a fitness function value
smaller than its parent counterpart is retained.

4.3.4. Application of Three Strategies for
Enhancement of GOOSE Algorithm

The EGOOSE algorithmis developed to enhance the
performance of GOOSE algorithm through three
strategies. First, initial population is generated
with Chebyshev chaotic map ping in Equation (19).
Second, in the exploration phase, if 0.45 <rnd < 0.5,
the formulation for calculating the individual op-
timal position with Gaussian mutation is given by
Equation (20). On the other hand, if rnd<0.45, the
formula for calculating the individual optimal po-
sition still follows Equation (17). Third, horizontal
and vertical crossover operations, defined in Equa-
tions (23)-(25), are applied to update X;. The whole
flow of EGOOSE algorithm is shown in Figure 12.

4.3.5. Outline of the Proposed Work

Figure 13 demonstrates the outline of the imple-
mentation of the proposed EGOOSE-LightGBM
model. There are five phases in the procedure of
the EGOOSE-LightGBM model-based cougher
recognition.

Phase 1: The cough sound signal recording is con-
ducted to establish the original dataset, the size of
which is subsequently enlarged by using cough data
augmentation techniques.

Phase 2: Cougher-specific acoustic characteristics
are extracted to construct the hybrid feature vector
sd_vector by using SDFF technique.

Phase 3: The EGOOSE-LightGBM model for cough-
er recognition is built.

Phase 4: The training dataset is employed to per-
form iterative optimization of EGOOSE-LightGBM
model parameters.

Phase 5: The model evaluation is dedicated to assess
the model’s performance for cougher recognition.

It is worth noting that LightGBM serves as the foun-
dational model for cougher recognition, with its
hyperparameters optimized through the EGOOSE
algorithm.
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5. Results and Discussion

5.1. Evaluation Metrics

To assess the performance of multi-class cougher
recognition model, five evaluation metrics, i.e., accu-
racy, precision, F1 Score, ROC-AUC, and MCC [9],
[15], [35], are used.

1 TP +TN,
Z 1 1

Accuracy = — (26)
N ‘T TP+ FP+TN, +FN,
. 1< TP
Precision = — Z—’ @7)
N T TP+FP
Fl-Score = 1 ZN: 2x Pre.c?sionl. x Recall, .
N ‘' Precision, + Recall,

Figure 12
The flowchart of the proposed EGOOSE algorithm.
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where TP, FP, TN, and FN, denote True Positive,
False Positive, True Negative, and False Negative,
respectively. N denotes the number of coughers.

b N
axb-Y" rxq

MCC = - R s
\/(b2 - Zk:l rkz )(b2 T Ll C],f)

(29

where a=Y) c,, b=Y", Z?f:lcﬁ, r,=Y"c,, and
g, =X!c, c, denotes the element in the i-th row
and j-th column of confusion matrix. ROC-AUC de-
notes the area under ROC curve.

5.2. Comparison between GOOSE and
EGOOSE

The experiments were performed on a comput-
er equipped with 16 GB of memory and an Intel(R)
Core(TM) i7-9700 CPU. This work exploited Matlab
2024b as the software for experiments.
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Figure 13
The overall analysis process of EGOOSE-LightGBM model-based cougher recognition method.
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Table 2
Benchmark test functions for the comparison of GOOSE and EGOOSE.
Test Function n range S win
_ n 2 n
Fx)=Y"x 30 | [-100,100] 0
n n
F(x)=>" x|+ x| 30 [-10,10]" 0
no, 4
E(x)= Zi:l ix; +random|0,1) 30 | [-1.281.28]" 0
F(x)=)" —xsin ( %, |) 30 | [-500500]" = -12569.5
)
Fy(x)=2"" [x —10cos(27x,)+10] 30 | [-512512) 0
1 n 2 1 n
F,(x)=-20exp —0.2 —Z, X |mex —Z‘ ,cos27x, (+20+e 30 [-3232]" 0
n=—"mv n=—"mv
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Test Function

) 2
Fi(x) = 2111|:ai S (b *bx,) }

2
b’ +bx,+x,
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n range S win
4 [-55]" 0.0003075
2 [-55]" 3

Fo(x) = [1+(xl +x, +1)2(19 - 14x, +3x> —14x, + 6x,x, +3x22)}<

[30+ (2x, = 3x,)" (18- 32x, +12x +48x, —36x,x, + 27x§)}

To comprehensively compare the performance of
GOOSE and EGOOSE, we selected 8 classical test
functions from the CEC2005 [12], [45] benchmark
function suite for algorithm evaluation. In this
study, three unimodal functions, ie., F(x), Fy(x),
and F,(x), focused on assessing the convergence
speed and local search ability of algorithms. Mean-
while, three multimodal functions, i.e., Fy(x), Fy(x),
and, F,(x) focused on evaluating global search abil-
ity of algorithms. Additionally, two hybrid compo-
sition functions, i.e., Fs(x) and F4(x), focused on
gauging algorithm’s balancing capacity of local and
global search within complex search spaces. The
definitions and properties of the 8 functions are de-
scribed in Table 2. In F\(x), the coefficient [a,,a,,...
,a,,]=[0.1957,0.1947,0.1735, 0.16,0.0844,0.0627,0.045
6,0.0342,0.0323,0.0235,0.0246], b,=4x2"7 i=1,...4,
and b,=1/(2i-6), i=5,...,11.

In the experiment conducted for performance eval-
uation of GOOSE and EGOOSE, the swarm size was
chosen as N =100, and the maximum number of itera-
tionswas setto Max It=1000. Figure 14 illustrates the
results of performance comparison between GOOSE
and EGOOSE. It should be noted that the vertical
axis in Figure 14(e) employs a logarithmic scale, and
the fitness value of EGOOSE drops precisely to zero
when the number of iterations exceeds 150. The con-
vergence curves intuitively present the trend of per-
formance indicators and convergence status during
algorithm iteration. It can be seen that, for unimodal,
multimodal, and hybrid composition test functions,
our proposed EGOOSE algorithm exhibits superior
performance in terms of convergence speed and ac-
curacy compared to GOOSE algorithm. The improve-
ment in performance highlights the effectiveness of
strategies, i.e., chaotic mapping, Gaussian mutation,
and crisscross optimization, adopted in EGOOSE.
The EGOOSE convergence curves in Figure 14(b),

Figure 14(c), Figure 14(e), and Figure 14(f) show
step-type decline, demonstrating its adaptive capa-
bility to break away from local optima and ultimately
converge toward global optimal solution.

5.3. Performance Evaluation for Different
Values of Swarm Size

To assess the impact of swarm size on the EGOOSE-
LightGBM recognition model, we applied the model to
scenarios with swarm sizes of 10, 20, 50, 100, 150, and
200, respectively, for comparison. The comprehensive
ranking of the performance metrics of the EGOOSE-
LightGBM recognition model with different swarm
sizes is shown in Table 3. Since there are six cases of
swarm size in total, the top performance level for each
evaluation metricis assigned arank of 6. The lower the
performance level, the lower the corresponding rank
it receives. By summarizing the rank values of all eval-
uation metrics for each swarm size, we can obtain its
total rank value. The graphical representation of the
ranking of performance metrics for the model opti-
mized with different swarm sizes is shown in Figure
15. It can be observed that the highest comprehensive
performance ranking is achieved when the swarm size
is 100, accompanied by the following performance
metrics: accuracy of 99.500%, precision of 99.508%,
F1-Score 0f 99.498%, ROC-AUC of 0.99700, and MCC
of 0.99402. As the swarm size increases, it not only
leads to additional computational overhead but also
elevates the likelihood of search agents clustering in a
single region, which may potentially weaken the mod-
el’slocal search capability.

The hyperparameters of LightGBM model in
EGOOSE-LightGBM to be optimized include learn-
ing rate, nestimators, maxdepth, and minchildsam-
ples. When the swarm size is set to 100, the search
ranges and optimal values of hyperparameters are
demonstrated in Table 4.
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Figure 14

3D maps and convergence curves for 8 classical benchmark test functions: (a) F,(x), (b) F,(x), (c) F,(x), (d) Fy(x), (e)
Fy(n), () F\y(%), () Fi5(x), and (h) Fy().
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Table 3

Evaluation metrics of the EGOOSE-LightGBM cougher recognition model for different swarm sizes.

Swarm

Size Accuracy (%)
10 98.833
20 99.333
50 99.333

100 99.500
150 99.167

200 99.000

Information Technology and Control

Rank | Precision (%)
2 98.838
5 99.336
5 99.333
6 99.508
4 99.168
3 98.998

2026/1/55

Performance and Rank
Rank @ Fi1Score (%) Rank A ROC-AUC Rank MCC Rank
1 98.834 2 0.99300 2 0.98601 1
5 99.332 5 0.99600 5 0.99201 5
4 99.332 5 0.99600 5 0.99200 4
6 99498 6 0.99700 6 0.99402 6
3 99.165 4 0.99500 4 0.99001 3
2 98.998 3 0.99400 3 0.98800 2

5.4. Comparison with Existing Models

In this experiment, six models including SVM,
XGBoost, RF-Adaboost, LSTM, LightGBM, and
EGOOSE-LightGBM were evaluated for comparison

Figure 15
Comprehensive ranking of model performance evaluation

metrics with different swarm sizes.
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Table 4

Search ranges and optimal values of hy-perparameters of
LightGBM in EGOOSE-LightGBM.

Hyperparameter Search Range Optimal Value
learning_rate [0.01,1] 0.23107
n_estimators [5,300] 188

max_depth [3,20] 5
min_child samples [8,40] 10

To train the recognition models and test the trained
models, the dataset was split into training and test
subsets. The test subset was composed of 600 seg-
ments of cough sound data, and the rest of cough
sound segments were used for training. Five perfor-
mance evaluation metrics, namely, accuracy, preci-
sion, F1-Score, ROC-AUC, and MCC, were employed
to assess the performance of models. Notably, the six
recognition models shared the identical training and
test datasets to ensure fairness in comparison.

Theresults are shown in Table 5, from which it can be
seen that the accuracies for SVM, XGBoost, RF-Ad-
aboost, LSTM, LightGBM, and EGOOSE-LightGBM
are 97.833%, 91.667%,98.167%, 98.000%, 93.667%,
and 99.500%, respectively. This demonstrates that
the EGOOSE-LightGBM is the most accurate mod-
el among them. Likewise, the values of precision,
F1-Score, ROC-AUC, and MCC of the EGOOSE-
LightGBM model are higher than that of SVM, XG-
Boost, RF-Adaboost, LSTM, and LightGBM. This
indicates that our proposed EGOOSE-LightGBM
model yields the best performance for cougher rec-
ognition among all models in Table 5.

5.5. Comparison of Six Models in Terms of
Their Confusion Matrices

The confusion matrix serves as a visual aid that viv-
idly presents a model’s outcomes for a recognition
task. Figure 16 displays the confusion matrices of the
six recognition models. As depicted in Figure 16, the
rows of the confusion matrix denote the true labels,
while the columns represent the predicted labels.
The value within each cell indicates the proportion
of correct or incorrect predictions. When prediction
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Figure 16
Confusion matrices of different models.
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Table 5

Performance comparison with other machine learning models.

Model
Accuracy (%) Precision (%)

SVM 97.833 97.946
XGBoost 91.667 92.082
RF-Adaboost 98.167 98.202
LSTM 98.000 98.111
LightGBM 93.667 93.697
EGOOSE-LightGBM 99.500 99.508

accuracy of a category is higher, it appears as a dark-
er shade in the visualization. Especially, all correct
predictions are aligned along the diagonal, whereas
incorrect predictions are placed off the diagonal.

It has been observed from Figure 16 that out of 600
segments of cough sounds, 13, 50, 11, 12, 38, and 3 seg-
ments were misclassified for SVM, XGBoost, RF-Ad-
aboost, LSTM, LightGBM, and EGOOSE-LightGBM,
respectively. In addition, our proposed model has the
highest recognition accuracies for cougher 2, cougher
3, cougher 4, cougher 5, and cougher 6 among these six
models. Accordingly, the experimental results vali-
date the proposed EGOOSE-LightGBM model’s capa-
bility to classify six distinct categories with the best
overall recognition performance on the test dataset.

Furthermore, based on the confusion matrices of the
six different recognition models, it can be found that
cougher 6 has the highest average recognition rate,
from which it can be inferred that the sound-related
features of cougher 6 are significantly different from
those of other coughers.

5.6. Performance Evaluation for Noise
Robustness

To evaluate the noise robustness performance of
SDFF against static features, we carried out com-
parison experiment for the EGOOSE-LightGBM
model under different signal-to-noise ratios (SNRs).
The definition of SNR is given as follows:

E{l s}

SNR =10log,, ————.
" E{[n0F}
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Performance

F1-Score (%) ROC-AUC MCC
97.842 0.00987 0.97420
91706 0.95000 0.90065
98.172 0.98900 0.97805
98.091 0.98800 0.97615
93.656 0.96200 0.92410
99.498 0.99700 0.99402

In Figure 17, we provide the results for the cougher
recog-nition accuracies of static features and SDFF
with SNR values of 0, 10, 20, 30, and 40 dB, respec-
tively. As demonstrated in Figure 17, the EGOOSE-
LightGBM model with SDFF, which fuses static
and dynamic features of cough voice, achieves bet-
ter noise robustness compared to the EGOOSE-
LightGBM model that uses only static features.

We also conducted experiment to investigate the im-
pact of various noise levels on the recognition per-
formance of LightGBM and EGOOSE-LightGBM.
Table 6 shows the recognition accuracy versus SNR.
It can be seen from the table that, under SNRs of 0,
10, 20, 30, and 40 dB, EGOOSE-LightGBM outper-
forms LightGBM in terms of recognition accuracy

Figure 17

Cougher recognition accuracy comparison of static features
and SDFF for the proposed EGOOSE-LightGBM model.
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Table 6
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Comparison of LightGBM and EGOOSE-LightGBM under different SNRs.

Accuracy (%) under Different SNRs

Model
0dB 10dB
LightGBM 77.333 87.833
EGOOSE-LightGBM 87667 96.833

by 10.334%, 9.000%, 9.334%, 6.833%, and 5.834%, re-
spectively. As demonstrated by the analysis results
above, EGOOSE-LightGBM exhibits significantly
stronger noise robustness compared to LightGBM,
particularly under low SNR conditions.

5.7. Comparison of Recognition Effects with
Data Augmentation

To enhance the model’s generalization ability and
robustness, three types of audio augmentation meth-
ods, i.e., time stretching, addition of white noise,
pitch shifting, were applied to construct dataset for
training the model. In this experiment.

three audio augmentation methods were gradually
added to the original dataset in sequence. For the
sake of brevity, we use A, B, C, and D to represent
original dataset, dataset with time stretching, data-
set with addition of white noise, dataset with pitch
shifting, respectively. Hence, four datasets, i.e., A,
A+B, A+B+C, A+B+C+D, were built for validating
the effectiveness of data augmentation in improv-
ing algorithm performance. Table 7 shows that, as
datasets B, C, and D are progressively incorporated
into the original dataset A to form more comprehen-
sive datasets, all performance evaluation metrics of
EGOOSE-LightGBM exhibit consistent improve-
ment. This verifies that data augmentation enriches
the diversity of data, thus boosting the model’s gen-
eralization capability.

6. Conclusion

As a special speech event, cough signal conveys a
wealth of valuable acoustic characteristic informa-
tion, which can be dedicated to identity verifica-
tion, disease diagnosis, forensic investigation, pa-
tient monitoring, security supervision, etc. Unlike
traditional speaker recognition, studies focusing

20dB 30dB 40dB
88.333 91.667 93.333
97667 98.500 99.167

on cougher recognition through acoustic cough re-
cordings are still scarce. This paper presented the
EGOOSE-LightGBM model for cougher recognition
using the characteristics of cough sound signals.

This study employed SDFF technique, in which the
static acoustic features (MFCC, formant, and fun-
damental frequency) are fused with the dynamic
acoustic features (AMFCC and jitter of formant) to
combine the merits of the two types of acoustic char-
acteristics of cough recordings. It was found that
SDFF yields better recognition performance than
individual static features.

Based on GOOSE algorithm, we proposed a new
metaheuristic algorithm called EGOOSE. Compared
to GOOSE algorithm, EGOOSE boosts population di-
versity, improves the ability to escape local optimum
traps, and elevates global search efficiency due to the
utilization of three enhancement strategies, i.e., cha-
otic mapping, Gaussian mutation, and crisscross opti-
mization. In the proposed EGOOSE-LightGBM mod-
el for cougher recognition, the hyperparameters of
Light-GBM are optimized with EGOOSE algorithm.
Experimental results show that, EGOOSE-LightGBM
obtains higher accuracy rates than LightGBM at the
SNR levels of 0, 10, 20, 30, and 40 dB, which validates
that our proposed model achieves stronger robust-
ness against noise and maintains better performance
in cougher recognition.

We established a cough dataset, which consists of
coughing voices of 3 male and 3 female coughers.
The original 1200 segments of cough sound data are
extended to 4800 enhanced segments by using the
audio data augmentation techniques including time
stretching, addition of white noise, and pitch shift-
ing, which contribute to the performance improve-
ment of the EGOOSE-LightGBM model. Specifically,
it achieves a recognition accuracy of 96.333% on the
original dataset and 99.500% on the augmented data-
set, which implies 3.167% increase in performance.



Information Technology and Control

Table 7
Performance comparison for data augmentation.

Dataset
Accuracy (%) Precision (%)
A 96.333 96.379
A+B 97.833 97911
A+B+C 98.167 98.207
A+B+C+D 99.500 99.508

We have carried out extensive experiments on the
cough dataset to validate the superiority of the pro-
posed EGOOSE-LightGBM model. The comparison
results show that the devised EGOOSE-LightGBM
model outperforms other models such as SVM,
XGBoost, RF-Adaboost, LSTM, and LightGBM in
terms of accuracy, precision, F1-Score, ROC-AUC,
and MCC.

In the future, we will deepen the research on cough
sound-based identity recognition from three as-
pects. First, we will study the utilization of richer
and more effective cough sound. features. Second,
we will explore the implementation of efficient deep
neural networks with promising performance for
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