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Abstract

One of the major current limitations in the diagnosis derived from auscultation

remains the ambient noise surrounding the subject, which prevents successful

auscultation. Therefore, it is essential to develop robust signal processing algo-

rithms that can extract relevant clinical information from auscultated recordings

analyzing in depth the acoustic environment in order to help the decision-making

process made by physicians. The aim of this study is to implement a method

to remove ambient noise in biomedical sounds captured in auscultation. We

propose an incremental approach based on multichannel non-negative matrix

partial co-factorization (NMPCF) for ambient denoising focusing on high noisy

environment with a Signal-to-Noise Ratio (SNR) ≤ -5 dB. The first contribu-

tion applies NMPCF assuming that ambient noise can be modelled as repeti-

tive sound events simultaneously found in two single-channel inputs captured by

means of different recording devices. The second contribution proposes an in-

cremental algorithm, based on the previous multichannel NMPCF, that refines

the estimated biomedical spectrogram throughout a set of incremental stages
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by eliminating most of the ambient noise that was not removed in the previ-

ous stage at the expense of preserving most of the biomedical spectral content.

The ambient denoising performance of the proposed method, compared to some

of the most relevant state-of-the-art methods, has been evaluated using a set

of recordings composed of biomedical sounds mixed with ambient noise that

typically surrounds a medical consultation room to simulate high noisy envi-

ronments with a SNR from -20 dB to -5 dB. In order to analyse the drop in

denoising performance of the evaluated methods when the effect of the propaga-

tion of the patient’s body material and the acoustics of the room is considered,

results have been obtained with and without taking these effects into account.

Experimental results report that: (i) the performance drop suffered by the pro-

posed method is lower compared to MSS and NLMS when considering the effect

of the propagation of the patient’s body material and the acoustics of the room

active; (ii) unlike what happens with MSS and NLMS, the proposed method

shows a stable trend of the average SDR and SIR results regardless of the type

of ambient noise and the SNR level evaluated; and (iii) a remarkable advantage

of the proposed method is the high robustness of the acoustic quality of the

estimated biomedical sounds when the two single-channel inputs suffer from a

delay between them.

Keywords: Auscultation, Biomedical, Ambient noise, Non-negative matrix

partial co-factorization, Multichannel, Incremental

1. Introduction1

Auscultation is defined as the technique of listening the internal sounds pro-2

duced by the human organs by means of a stethoscope. This technique is simple,3

non-invasive, safe and inexpensive that provides valuable clinical information in4

the diagnosis of the status of the heart, lung and airways [1, 2]. Although to-5

day there are more advanced medical tools to analyze the status of the heart6

and lung, such as chest radiography, electrocardiography (ECG), spirometry or7

laboratory analyses, auscultation is still one of the most widely used techniques8
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to detect any cardiac or pulmonary disease. However, the diagnosis derived9

from auscultation shows two main limitations: i) high subjectivity due to the10

physician’s expertise to recognize sounds that reveal any physiological disorder11

[3]; ii) high dependence on the ambient noise surrounding the subject to provide12

a reliable diagnosis [4].13

Because the process of auscultation in a soundproof room is not possible in14

most cases, especially in low-income and middle-income countries supported by15

a resource-poor health system, ambient denoising performed in the examination16

room of the health center is still a challenging task in biomedical signal process-17

ing in order to maximize the reliability of a diagnosis. The main effects caused18

by ambient noise are the masking, distortion and weakness of the sound of in-19

terest that may provide relevant clues in the diagnosis as shown in Figure 1. As20

a result, the probability of making a medical error increases when auscultation21

is performed in a noisy environment since the physician is not able to correctly22

interpret the diagnostic information contained in the sound signal from auscul-23

tation. In this work, the term biomedical means that the sound sources that24

have generated the sounds of interest have been the human internal organs, and25

specifically, the heart and the lung.26

In recent years, several signal processing tasks have been applied in the field27

of biomedical information retrieval such as, sound source separation [5, 6, 7] as28

well as sound event detection [8, 9, 10, 11] and classification [12, 13, 14, 15, 16].29

However, most of their experimental results have been obtained in environments30

in which the biomedical sounds are not acoustically contaminated by ambient31

noises. Therefore, the task of ambient denoising is still an open research topic32

in biomedical engineering being most of the approaches based on adaptive fil-33

tering [17, 18, 19, 20, 21] and spectral subtraction [22, 23, 24, 25]. Chang34

and Lai [23] proposed a two-channel spectral subtraction method, based on35

autoregressive (AR), mel-frequency cepstral coefficients (MFCC) and dynamic36

time warping (DTW), applied to the lung sound signals under noisy conditions37

before the extraction of lung sound features. Emmanouilidou et al. [24] devel-38

oped a multiband spectral scheme, based on two-microphone setup, to suppress39
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Figure 1: Spectrogram from a clean lung sound recording: (Left) under no ambient noise;

(Right) mixed with ambient noise (babble) in a Signal-to-Noise Ratio (SNR) equals -10 dB.

Comparing both figures, it can be observed that the spectral content from lung is completely

masked by ambient noise. Higher energies are indicated by darker colour.

the background noise while successfully preserving the lung sound content to40

maximize the informative diagnostic value obtained from auscultation. The al-41

gorithm analyzes each frequency band in a nonuniform manner and uses prior42

knowledge of the target sounds to apply a penalty in the spectral domain. It43

follows from the above that it is crucial to develop robust signal processing algo-44

rithms that can extract relevant clinical information from auscultated recordings45

taking into consideration the acoustic environment that surrounds the subject46

in order to improve the decision making process made by physicians.47

It is well known that the conventional Non-negative Matrix Partial Co-48

Factorization (NMPCF) enforces a joint matrix decomposition using multiple49

matrices to recover a set of shared spectral patterns (bases) that model the50

spectral behavior of some of the sound sources contained in the single-channel51

input. Over the last decade, NMPCF has been successfully applied in several52

single-channel sound signal processing fields: i) Music Information Retrieval53

(MIR) such as, singing-voice separation [26], rhythmic extraction [27, 28, 29]54

and speaker diarization [30]; and ii) Enhancement of biomedical sounds such55

as, normal respiratory and wheezes sound separation [31]. In this work, we pro-56
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pose an incremental algorithm, called 2C-NMPCF, that improves the quality57

of biomedical sounds captured in auscultated recordings by applying the con-58

ventional NMPCF from a multi-channel scenario rather than a single-channel.59

In this paper, the term multichannel refers to the use of two single-channel60

audio inputs simultaneously captured by means of different recording devices.61

As occurs in [24], these two single-channel inputs are defined as: (i) the inter-62

nal recording that comes from the audio captured using a stethoscope in which63

both biomedical sounds from inside the human body and ambient noises can be64

listened; (ii) the external recording that comes from the audio captured using65

an external microphone in which only the ambient noise that surrounds the66

subject is captured. Specifically, our first contribution applies NMPCF from67

a multichannel point of view assuming that ambient noises can be modelled68

as repetitive sounds that can be simultaneously found in both single-channel69

inputs. In other words, we implicitly assume that the spectral patterns that70

characterize the ambient noises are repeated sound events contained in both71

the spectrograms from the internal and external recordings. Our second contri-72

bution proposes an incremental algorithm, based on the previous multichannel73

NMPCF, that refines the estimated biomedical spectrogram through a set of74

incremental stages by eliminating a high amount of ambient noise that was not75

extracted in the previous stage, especially in the case of high noise environ-76

ments. In this work, a high noisy environment provides a Signal-to-Noise Ratio77

(SNR) lower than 0 dB.78

The paper is structured as follows: Section 2 details the datasets, the state-79

of-the-art methods for comparison and the proposed method. The metrics, setup80

and results are shown in Section 3. Finally, Section 4 presents the conclusions81

and future work.82
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2. Materials and Methods83

2.1. Data collection84

Due to the lack of publicly available databases consisting of biomedical85

sounds mixed with ambient noises to the best of our knowledge, we have cre-86

ated the database DC . The database DC is composed by the ambient noise87

database DN and the biomedical database DB in order to simulate auscultation88

recordings captured from a stethoscope.89

The database DN has been created taking into account a wide range of90

ambient noises collected from databases widely used in the field of sound source91

separation [32] and sound event detection [33, 34]. Most of these ambient noises92

have been classified as some of the most disturbing noises that can appear in the93

auscultation performed in the hospital room according to information provided94

by medical personnel from the Hospital of Jaen (Spain). For this reason, the95

database DN is composed of five types of ambient noise in order to assess the96

denoising performance of the proposed method considering common indoor and97

outdoor ambient noises that typically surround a medical consultation room:98

ambulance siren [35, 36], baby crying [37], babble (people speaking) [38, 39],99

car (inside the vehicle) [40] and street (car passing by, car engine running, car100

idling, bus, truck, children yelling, people talking, workers on the street) [41, 42].101

The database DN consists of a total of 150 single-channel recordings of ambient102

noises, of which each type of noise consists of 30 recordings. Each recording103

has a duration of 5 seconds that has been obtained applying a pseudo-random104

process, based on the standard uniform distribution, to select a starting time105

followed by a 5 seconds interval.106

The database DB consists of a total of 150 single-channel biomedical record-107

ings from public and private biomedical databases, specifically, 75 heart record-108

ings [43, 44] (typically in the range 10Hz-320 Hz [45, 46]) and 75 lung recordings109

[47] (typically in the range 50Hz-2500 Hz [48, 49]). Highlight that ambient noises110

are not listened on each recording. Each recording has a duration of 5 seconds111

which has been obtained applying a pseudo-random process similarly as used in112

6



the database DN .113

Each mixture recording belonging to the database DC has been generated114

mixing each recording from the database DB with a recording of each type of115

noise randomly chosen from the database DN . Indicate that the recordings of116

noise used for the mixtures with the heart recordings are the same as those117

used for the mixing with the lung recordings. For each mixture recording from118

DC , the ambient noise used in the internal recording is the same noise used119

in the external recording. The database DC is not affected by the effect of120

the patient’s body material or by the acoustics room in order to perform a121

fair optimization parameters of the proposed method avoiding body-specific or122

room-specific optimization. As a result, two databases are created from DC ,123

the optimization database DO and the testing database DT ,124

• The optimization database DO is generated randomly selecting two-thirds125

of all mixtures recordings from the database DC .126

• The testing database DT is generated using the remainder one-third mix-127

tures recordings that are not used in the database DO.128

The set of recordings used in the optimization database DO is not the same129

as that used in the testing database DT in order to validate the denoising results.130

Moreover, several SNR have been applied in the mixing process to create the131

database DC in order to evaluate high noisy environments. In this way, the132

databases DT−20
(SNR=-20 dB), DT−15

(SNR=-15 dB), DT−10
(SNR=-10 dB)133

and DT−5 (SNR=-5 dB) refer to the same database DT but using different134

SNR between biomedical and ambient noise recordings. For example, a value135

SNR=-20 dB indicates that the power of the ambient noise is 100 times greater136

compared to the power of the biomedical sounds used in the audio mixture.137

Table 1 describes the characteristics of the data, according to the databases138

used in the experimental evaluation.139
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ID1 ID2 ID3 ID4 ID5 ID6 ID7 ID8 ID9 ID10 ID11

DB 75 75 - - - - - 150 - 750

DN - - 30 30 30 30 30 - 150 750

DO 50 50 20 20 20 20 20 100 100 2500

DT 25 25 10 10 10 10 10 50 50 1250

Table 1: Characteristics of the data. ID1: database identifier; ID2: number of clean heart

recordings; ID3: number of clean lung recordings; ID4: number of ambulance siren noise

recordings; ID5: number of babycrying noise recordings; ID6: number of babble noise record-

ings; ID7: number of car noise recordings; ID8: number of street noise recordings; ID9: total

number of biomedical (clean heart and lung) recordings; ID10: total number of ambient noise

recordings; ID11: temporal duration for all recordings in seconds.

2.2. Baseline method for comparison140

A reference adaptive filtering method, Normalized Least-Mean-Square (NLMS)141

[50, 51], has been used to assess the performance of the proposed method in the142

task of ambient denoising. The optimal length of the filter has been optimized143

by varying the number of coefficients between 10 and 100 to maximize the de-144

noising performance of the NLMS method. The optimization results showed145

that NLMS obtained the best denoising performance when the size of the adap-146

tive filter is equal to 10. Moreover, one of the most relevant state-of-the-art147

methods, based on Multiband Spectral Subtraction (MSS) [24], has also been148

implemented. Note that the best configuration (algorithm B) of MSS has been149

chosen to perform a fair comparison. The reader can refer to [24] for more150

details.151

2.3. Proposed method for ambient denoising152

The main problem that physicians point out when performing the auscul-153

tation process in high noisy environments is that the biomedical sounds are154

severely overlapped with ambient noises so, part of the valuable clinical infor-155

mation contained in the sounds of interest is masked. The aim of the pro-156

posed method is to improve the quality of the biomedical sounds captured by157

a stethoscope in high noisy environments applying Non-negative Matrix Partial158
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Co-Factorization (NMPCF) in a multichannel (two distinct single-channel sig-159

nals) scenario (2C-NMPCF). The flowchart of the proposed method 2C-NMPCF160

is shown in Figure 2.161
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Figure 2: Flowchart of the proposed method 2C-NMPCF.

2.3.1. Time-Frequency representation162

The internal signal (first single-channel) x(t) represents the sounds captured163

by a digital stethoscope that is composed of two types of additive sound sources:164

(i) the biomedical sounds s(t) from the subject; (ii) the ambient noises n(t)165

surrounding the subject that are still heard inside the human body. We assume166

that s(t) and n(t) can be considered independent sound sources, that is, x(t) =167

s(t) + n(t). Moreover, an external microphone, located outside of the subject,168

captures all ambient noises that are represented by the external signal (second169

single-channel) y(t).170
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The complex and magnitude spectrogram Xc ∈ CF×T
+ , X ∈ RF×T

+ asso-171

ciated to the internal signal x(t) and the magnitude spectrogram Y ∈ RF×T
+172

associated to the external signal y(t) are calculated using the Short-Time Fourier173

Transform (STFT) applying a Hamming window of size N with 50% overlap.174

Indicate that the complex values associated with Xc, in which the phase in-175

formation is included, are used later in the resynthesis process. The size and176

scale of the magnitude spectrograms depend on each input single-channel sig-177

nal. Therefore, a normalization process is applied in order to ensure that the178

proposed method is independent of the size and scale of the input spectrograms.179

Thus, the normalized spectrograms X ∈ RF×T
+ and Y ∈ RF×T

+ are computed180

as follows,181

Z =
Z(∑

f,t Zf,t

FT

) (1)

where Z = {X,Y} according to the input spectrogram. The variables F and182

T represent the number of frequency bins and the number of time frames. To183

avoid the complex nomenclature throughout the manuscript, the variables X184

and Y are hereinafter referred as X and Y, respectively.185

2.3.2. Multichannel Non-negative Matrix Partial Co-Factorization (2C-NMPCF)186

The idea of the proposed method 2C-NMPCF is to enforce a joint matrix de-187

composition using multiple matrices X, Y obtained from distinct single-channel188

spectrograms instead of the several excerpts of the same single-channel spectro-189

gram as occurs in the conventional NMPCF. The main contribution of the pro-190

posed method 2C-NMPCF is to exploit the spectral patterns that are shared in191

two distinct spectrograms since we assume that ambient noises can be modelled192

as repetitive sound events that can be simultaneously found in the spectrograms193

associated both the internal and external signal. This modeling allows to remove194

most of the ambient noises that are active in the internal signal improving the195

quality of the biomedical sounds from the auscultation process. The proposed196

method 2C-NMPCF is composed of two stages:197

• Stage 1. This stage is applied to the internal signal x(t). The input198
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spectrogram X is decomposed into two separated or estimated spectro-199

grams, the magnitude spectrogram only composed of biomedical sounds200

X̂S ∈ RF×T
+ and the magnitude spectrogram only composed of ambient201

noises X̂N ∈ RF×T
+ . The factorization of each spectrogram depends on the202

estimated basis matrix U ∈ RF×K
+ (dictionary of spectral patterns) and203

the estimated activation matrix V ∈ RK×T
+ (temporal gains) as follows,204

X ≈ X̂ = X̂N + X̂S = UV =
[
UN US

]VN

VS

 = UNVN +USVS (2)

where X̂ ∈ RF×T
+ is the estimated or reconstructed magnitude spectro-205

gram of the first channel signal. UN ∈ RF×KN
+ and VN ∈ RKN×T

+ are206

the estimated basis and activations matrix of the ambient noises. The207

variables US ∈ RF×KS
+ and VS ∈ RKS×T

+ are the estimated basis and ac-208

tivation matrix of the biomedical sounds. The parameter K = KN +KS209

indicates the number of bases, being KN the number of bases related to210

the ambient noises and KS the number of bases related to the biomedical211

sounds. In this stage, the described decomposition model (see Equation212

(3)) does not obtain a parts-based objects reconstruction with physical213

meaning as occurs in real-world. Therefore, this stage cannot distinguish214

between spectral patterns belonging to biomedical sounds and ambient215

noises.216

• Stage 2. This stage is applied to the external signal y(t). We assume217

that the external signal is only composed of ambient noises, therefore the218

goal of this model is to reconstruct the external magnitude spectrogram219

Y by using the basis matrix UN composed of the spectral patterns that220

characterize the ambient noises,221

Y ≈ Ŷ = UNHN (3)

where Ŷ ∈ RF×T
+ is the estimated or reconstructed magnitude spectro-222

gram of the external signal. The variable HN ∈ RKN×T
+ is the estimated223
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activations matrix of the ambient noises for the external signal. Note that224

UN can be treated as the same matrix previously used in Equation (2).225

Specifically, 2C-NMPCF extends the conventional NMPCF to a multichan-226

nel scenario sharing the frequency basis matrix UN to factorize simultaneously227

two distinct single-channel magnitude spectrograms X, Y as shown in Figure 3.228

The proposed method 2C-NMPCF allows to factorize jointly X and Y so the229

spectral patterns of the ambient noises, active in both spectrograms, are shared230

in the same dictionary UN since we assume that ambient noises can be con-231

sidered repetitive sounds that can be simultaneously active in both magnitude232

spectrograms X and Y. Contrarily, the dictionary US represents the spec-233

tral patterns of the biomedical sounds that only can be found in the internal234

magnitude spectrogram X.235
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Figure 3: Matrix decomposition based on multichannel NMPCF (2C-NMPCF).

2.3.3. Objective Function and Update rules236

The objective function of the proposed method 2C-NMPCF that must be237

performed to minimize the residuals of the two previous models, see Equations238

(2)-(3), is detailed as follows,239

Γ = DKL

(
X|X̂

)
+ λDKL

(
Y|Ŷ

)
(4)
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where the parameter λ controls the relative importance between the internal240

and the external magnitude spectrogram. So, the contribution of the magnitude241

spectrogram Y is greater when the parameter λ increases. In this paper, the242

Kullback–Leibler divergence, see Equation (5), has been used to calculate the243

signal reconstruction error for the internal spectrogram DKL

(
X|X̂

)
and the244

external spectrogram DKL

(
Y|Ŷ

)
. The reason is because this cost function245

DKL is non-increasing, ensuring the non-negativity of the estimated basis and246

activations matrices and moreover, several works have demonstrated promising247

results in the field of biomedical signal processing [7, 11, 52].248

DKL

(
Z|Ẑ

)
= Z log

Z

Ẑ
− Z + Ẑ, Z = {X,Y} (5)

From Equation (4), the estimated basis matrices UN ,US and activation249

matrices VN ,VS ,HN can be obtained by applying a gradient descent algorithm250

based on multiplicative update rules. The multiplicative update rules to learn251

those matrices can be obtained by taking negative and positive terms of the252

partial derivative of the cost function Γ with respect to UN ,US , VN ,VS and253

HN , respectively,254

UN ← UN �

(
X� X̂

)
(VN )

T
+ λ

(
Y � Ŷ

)
(HN )

T

(VN )
T

+ λ (HN )
T

(6)

255

US ← US �

(
X� X̂

)
(VS)

T

(VS)
T

(7)

256

VN ← VN �
(UN )

T
(
X� X̂

)
(UN )

T
(8)

257

VS ← VS �
(US)

T
(
X� X̂

)
(US)

T
(9)

258

HN ← HN �
(UN )

T
(
Y � Ŷ

)
(UN )

T
(10)
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where � is the element-wise multiplication, � is the element-wise division and259

()
T

is the transpose operator. The set of activation and basis matrices for both260

the internal and external magnitude spectrograms is obtained updating the rules261

detailed in Equations (6)-(10) using an iterative process until the algorithm262

converges or reaches a maximum number of iterations M .263

Focusing on the separation process applied to the biomedical sounds and264

ambient noises present in the internal spectrogram, the estimated magnitude265

spectrograms X̂N and X̂S can be obtained from the estimated basis UN ,US266

and activation matrices VN ,VS as follows:267

X̂N = UNVN (11)

268

X̂S = USVS (12)

In order to denormalize the estimated magnitude spectrograms of the in-269

ternal spectrogram, the matrices X̂N ,X̂S are multiplied by the denominator of270

Equation (1) when Z = X. To guarantee a conservative strategy in the re-271

construction process, the estimated biomedical signal ŝ(t) (Equation (14)) is272

computed by the inverse overlap-add STFT of the element-wise multiplication273

between the complex spectrogram Xc and a Wiener mask [11, 7] that represents274

the relative energy contribution of the biomedical sounds to the energy of the275

internal signal x(t). The estimated ambient noise signal n̂(t) (Equation (13)) is276

calculated in a similar way as explained above in Equation (14), but now taking277

into account that the Wiener mask explains the relative energy contribution of278

the ambient noise sounds to the energy of the internal signal x(t).279

n̂(t) = IDFT

Xc �

∣∣∣X̂N

∣∣∣2(∣∣∣X̂N

∣∣∣2 +
∣∣∣X̂S

∣∣∣2)
 (13)

280

ŝ(t) = IDFT

Xc �

∣∣∣X̂S

∣∣∣2(∣∣∣X̂S

∣∣∣2 +
∣∣∣X̂N

∣∣∣2)
 (14)
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The pseudo code of the proposed method 2C-NMPCF for the ambient denois-281

ing in auscultation is summarized in the Algorithm 1. Although the proposed282

method can return the estimated biomedical signal ŝ(t) and the estimated am-283

bient noise signal n̂(t), only the signal ŝ(t) is required for evaluation purposes284

in this work.285

Algorithm 1 Ambient denoising using 2C-NMPCF

Require: y(t), x(t), KN , KS , λ and M .

1: Compute the normalized magnitude spectrogram X of the internal signal

x(t) using Equation (1).

2: Compute the normalized magnitude spectrogram Y of the external signal

y(t) using Equation (1).

3: Initialize each activation and basis matrix UN ,US ,VN ,VS ,HN with ran-

dom non-negative values.

4: Update each activation and basis matrix UN ,US ,VN ,VS ,HN using Equa-

tions (6)-(10) for the predefined number of iterations M .

5: Compute the estimated magnitude spectrograms X̂N using Equation (11).

6: Compute the estimated magnitude spectrograms X̂S using Equation (12).

7: Denormalize the estimated magnitude spectrograms X̂N , X̂S multiplying

by a factor equal to the denominator of Equation (1) when Z = X.

8: Synthesize the estimated ambient noise n̂(t) using the Equation (13).

9: Synthesize the estimated biomedical signal ŝ(t) using the Equation (14).

return ŝ(t)

2.3.4. Improving the sound quality of biomedical signals by means of an incre-286

mental algorithm based on 2C-NMPCF287

The main limitation of the proposal 2C-NMPCF is related to the objective288

function (see Equation (4)) used to minimize the residuals of the ambient noise.289

Specifically, the iterative process based on the multiplicative update rules that290
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obtains the denoised biomedical basis and activation matrices is applied until291

the convergence of 2C-NMPCF into a local minimum after M iterations. For292

this reason, 2C-NMPCF by itself is not able to extract all spectral patterns293

associated to ambient noises. To overcome the previous limitation, we propose294

an incremental algorithm that runs 2C-NMPCF more than once improving the295

estimated biomedical signal ŝi(t) obtained in the incremental iteration i by re-296

moving additional spectral content associated to ambient noise that 2C-NMPCF297

was not able to remove in the previous incremental iteration i − 1. In general298

considering the iteration i, the internal signal xi+1(t) of the next incremental299

iteration i + 1 is the estimated biomedical signal ŝi(t) obtained in the current300

incremental iteration i, that is, xi+1(t) = ŝi(t). Note that in the first incremen-301

tal iteration i = 1, x1(t)=x(t). However, the external signal y(t) is fixed for all302

incremental iterations since we assume that the signal y(t) is only composed by303

ambient noises (no biomedical sounds are active). The flowchart of the proposed304

incremental algorithm based on 2C-NMPCF is shown in Figure 4.305
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Figure 4: Flowchart of the proposed incremental algorithm based on 2C-NMPCF.

We assume the following assumptions in order to justify our incremental306

proposal based on 2C-NMPCF: (i) the objective function Γ would converge into307

a better local minimum at each incremental iteration since it would find re-308

mainder spectral patterns of ambient noise that have not been extracted in the309
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previous iteration i− 1 but they are still being repeated in both the internal Xi310

and the external Y magnitude spectrograms in the current incremental itera-311

tion i; (ii) 2C-NMPCF will remove most of the ambient noise while preserving312

the content of the biomedical sounds until an optimal number of incremental313

iterations i = io. From this optimal iteration i = io, our proposal can continue314

to eliminate hidden patterns of ambient noise that are still active at the expense315

of eliminating also spectral content related to biomedical signals. Summariz-316

ing, this incremental approach attempts to maintain most of the biomedical317

content ŝio(t) removing most of the ambient noise through the incremental iter-318

ations. An illustrative example of the performance of the proposed incremental319

approach is shown in Figure 5.320

3. Evaluation321

3.1. Metrics322

To evaluate the quality of the biomedical signals estimated by the proposed323

method, the BSS EVAL toolbox [53, 54] has been used because it proposes a324

set of metrics, widely applied in the field of sound source separation [11, 7] and325

background noise removal [55], that quantify the quality of the sound separa-326

tion between the original biomedical signal and its estimation. Two metrics,327

measured in dB, are used as occurs in [56, 57]: (i) Source to Distortion ratio328

(SDR) measures the overall quality of the estimated biomedical signal; and (ii)329

Source to Interference ratio (SIR) measures the presence of ambient noise in the330

estimated biomedical signal. Higher values of these ratios indicate better sound331

quality of the estimated biomedical signal.332

In this paper, the optimization and testing results have been obtained cal-333

culating both SDR and SIR median values [58]. These results do not show334

the absolute SDR and SIR values obtained from the estimated biomedical sig-335

nal ŝi(t) but the SDR and SIR improvement comparing ŝi(t) and the original336

internal signal x(t).337
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Figure 5: A) Magnitude spectrogram X of the internal signal previously shown in Fig. 1

(Right); Some of the estimated biomedical magnitude spectrograms X̂S provided by the

incremental algorithm based on 2C-NMPCF through the incremental iterations i: B) i = 1,

C) i = 2 and D) i = 3. Here, it can be observed that the estimated biomedical spectrogram is

refined after each incremental iteration by removing spurious ambient noise that are still active

in the previous incremental iteration maintaining most of the biomedical spectral content.

As occurs in [24], two metrics related to speech intelligibility (SI) are added338

to the objective assessment of the proposed method, which have been previously339

used in the field of ambient noise suppression in lung auscultation [24, 25]: (i)340

Normalized-Covariance Measure (NCM); and (ii) Coherence Speech Intelligi-341

bility Index (CSII). Specifically, a three-level CSII approach is used by divid-342

ing the signal into three amplitude regions: low (CSIIlow), mid (CSIImid) and343
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high (CSIIhigh). In this work, each metric was computed between the origi-344

nal biomedical signal s(t) and the estimated biomedical signal ŝ(t). Note that345

higher values of these metrics indicate better sound quality of the estimated346

biomedical signal. Finally, more details of these metrics can be found by the347

reader in [24, 25, 59].348

3.2. Setup349

Because most of the spectral content both the biomedical signals [45, 46, 48,350

49] and the ambient noise [23, 60] is concentrated below 4 KHz, in this work, a351

sampling rate equals fs = 8 KHz has been used as occurs in [24].352

A preliminary study showed that the following parameters for time-frequency353

representation provide the best trade-off between the separation performance354

and the computational cost: a Hamming window with N = 512 samples length355

(64ms) and 50% overlap; and a discrete Fourier transform using 2N points356

similarly as in [11, 52]. Furthermore, the convergence of the proposed method357

was empirically observed after 50 iterations, so the parameter M is fixed to358

M = 50.359

Finally, note that the performance of the proposed method depends on the360

initial values with which the basis matrices US , UN and the activation matrices361

VS , VN , HN have been initialised. Although the obtained results are not dis-362

persed and keep the same behavior, in order to overcome this issue, we have run363

the proposed method three times for each mixture and the results shown in this364

paper have been calculated using the median values as previously mentioned.365

3.3. Results366

In this section, experimental results related to the optimization and testing367

are detailed.368

3.3.1. Optimization results369

Several parameters must be fitted to obtain the best performance of the370

proposed method in the removal of ambient noise. Four parameters have been371
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evaluated using the database DO: (i) The number of biomedical bases KS372

used to characterise the spectral content of the biomedical signal s(t), specif-373

ically, KS ∈ [16, 32, 64, 128, 256]; (ii) The number of ambient noise bases KN374

used to characterise the spectral content of the ambient noise n(t), specifically,375

KN ∈ [16, 32, 64, 128, 256]; (iii) The value λ to balance the importance of the in-376

ternal X and external Y magnitude spectrograms in the co-factorization process.377

In this case, λ ∈ [0.01, 0.1, 1, 10, 25, 50, 100, 250, 500, 1000]; (iv) The number of378

incremental iterations i applied to 2C-NMPCF.379

The optimization process is composed of two steps:380

1. Step I. Optimize the three parameters KS ,KN , λ in order to reach the381

greater median of the SDR improvement when applying 2C-NMPCF con-382

sidering all the types of ambient noises and SNR previously mentioned.383

2. Step II. Once the parameters of 2C-NMPCF have been optimized, it must384

be obtained the optimal number of incremental iterations i = io to achieve385

the best performance of the proposed method (see Figure 4).386

Figure 6 shows the median of the SDR improvement analyzing the search387

space derived from the parameters λ, KS and KN . Results indicate that the388

proposed method provides the best denoising performance, by means of the389

maximum median value of the SDR improvement, using the optimal param-390

eters KN=256 and KS=16. These optimal values demonstrate that ambient391

noise requires a greater number of spectral patterns compared to biomedical392

sounds due to their greater spectral diversity. The analysis of different lung and393

heart signals indicates that the spectral modeling of these biomedical sounds394

is simpler and therefore needs a smaller dictionary of bases since lung sounds395

could be factorize by a low-rank decomposition using broadband spectral pat-396

terns that show temporal and spectral smoothness. However, heart sounds could397

be modeled as low-frequency pulses located in regular intervals in time.398

Figure 7 shows the median of the SDR and SIR improvement using the399

previous optimal values of the parameters KS and KN (that is, KS= 16 and400

KN=256). It can be confirmed that giving importance to the sharing of spectral401
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Figure 6: Median values of the SDR improvement (dB) evaluating DO for the following λ

values: λ =0.01 (A), λ =0.1 (B), λ =1 (C), λ =10 (D), λ =25 (E), λ =50 (F), λ =100 (G), λ

=250 (H), λ =500 (I) and λ =1000 (J).

bases in the joint factorization process finds a better local minimum in the fac-402

torization process, since ambient noise clearly reveals its simultaneous presence403

both in the internal and external signal spectrogram. Results report a signif-404

icant and stable SDR and SIR improvement equals 14 dB and 19.5 dB using405

λ ≥ 10. For this reason, we have chosen the optimal parameter λ=10.406

Figure 8 depicts the optimal number of incremental iterations i of the pro-407

posed method using the previous optimal parameters KS , KN and λ. It is408

observed that both SDR and SIR improvement increases sharply when apply-409

ing 2C-NMPCF in the second incremental iteration (i =2), higher increase for410

SIR compared to SDR. In the third incremental iteration (i =3), the SDR im-411
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proposal algorithm evaluating DO, keeping fixed KS=16 and KN=256 varying the parameter

λ.

provement increases slightly and then starts to decrease gradually while the412

SIR improvement continues to grow. Experimental results indicate that am-413

bient noise continues to be suppressed at the expense of starting to remove414

biomedical spectral content when i > 3. For this reason, the optimal number415

of incremental iterations has been set at io = 3 with the aim of providing the416

greatest suppression of ambient noise while maintaining most of the biomedi-417

cal content, being io the iteration in which the maximum SDR improvement is418

obtained.419

3.3.2. Objective results simulating an ideal scenario420

This section evaluates the ambient denoising performance of the proposed421

method simulating an ideal scenario since neither the effects of propagation on422

the patient’s body material nor the acoustics of the room are considered active423

(these effects will be analyzed in section 3.3.3.).424

Figure 9 shows SDR and SIR improvement comparing the behaviour of the425

ambient noise removal evaluating the database DT for the proposed method426

(2C-NMPCF) and the baseline methods MSS and NLMS. Hereinafter, the SDR427
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number of incremental iterations i evaluating DO, keeping fixed (KS , KN , λ)=(16, 256, 10).

and SIR improvement associated to each method are represented by SDRP and428

SIRP (the proposed method), SDRM and SIRM (MSS) and finally, SDRN and429

SIRN (NLMS). Each box represents 250 data points, one for each recording of430

the database DT . The lower and upper lines of each box show the 25th and431

75th percentiles. The line in the middle of each box represents the median value.432

The diamond in the center of each box represents the average value. The lines433

extending above and below each box show the extent of the rest of the samples,434

excluding outliers. Outliers are defined as points that are over 1.5 times the435

interquartile range from the sample median, which are shown as crosses.436

Figure 9A shows that the proposed method outperforms MSS and NLMS, in437

terms of SDR, in most of the SNR, obtaining the best average performance when438

all SNRs are taken into account. It can be seen how the proposed method reports439

the most robust SDR performance compared to MSS and NLMS, mainly in high440

noise environments (SNR∈[-20 dB,-10 dB]), by means of a stable SDR trend in441

this SNR range. It suggests that the multichannel co-factorization approach is442

less dependent on the ratio of ambient noise to biomedical content than the other443

MSS and NLMS methods. Although MSS shows an increasing trend in SDR444

improvement stabilizing its denoising results for SNR≥-10dB, these results are445
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not satisfactory enough to consider MSS as a competitive method with respect446

to the proposed method or NLMS since the same does not happen in terms of447

SIR improvement (see Figure 9B) where MSS provides SIRM ≤14dB in high448

noise environments compared mainly to the proposed method.449

Figure 9B indicates that although the proposed method and NLMS obtain a450

very similar performance considering the average of all SNRs, NLMS is slightly451

better in SNR ≤ -10 dB at the expense of losing a large amount of biomedical452

content, a fact that does not occur with the proposed method. This behavior453

shown by NLMS is confirmed by its SDR and SIR reduction as SNR increases.454

Focusing on the proposed method, the stable SDR and SIR trends regardless455

of the SNR evaluated demonstrate that our incremental approach is a more456

reliable feature to remove ambient noise because: i) MSS provides a satisfactory457

performance assuming a distortion of biomedical sounds at low frequencies and458

penalizing the occurrences of noise with strong energy in high spectral bands459

[24]; and ii) the proposed method assumes ambient noise as a repetitive sound460

event found in both the internal and external spectrograms, so it does not461

depend on any temporal misalignment between the internal and external signal462

as occurs with NLMS.463
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Figure 9: SDR (A) and SIR (B) improvement considering all the noises (Ambulance Siren,

Baby Crying, Babble, Car and Street) for each SNR from database DT . Each box represents

the denoising performance results for each method evaluated. The color of the legend, asso-

ciated to each evaluated method shown in the subfigure 9.A, refers to the same methods for

all subfigures.

Figure 10 shows a detailed analysis of the denoising performance of the464

proposed method considering each particular type of ambient noise evaluated465

previously in Figure 9. Each box represents 50 data points, one for each record-466

ing of the database DT . Highlight the stable SDR and SIR trends regardless467

of the type of noise and level SNR evaluated shown by the proposed method468

unlike what happens with MSS and NLMS.469

• Ambulance siren noise: Figures 10A and 10B show that although NLMS470

only obtains better SDR results compared with the proposed method in471

high noisy scenarios (SNR≤-10 dB), the denoising performance of both472

methods are still competitive averaging all evaluated SNRs. Nevertheless,473

it is interesting that the SDR improvement of the proposed method out-474

performs NLMS in acoustic scenarios in which SNR≥-10 dB because it475

is a frequent acoustic scenario that can be found around an auscultation476

room located inside a health center.477

• Baby crying noise: Figures 10C and 10D show that the proposed method478

significantly improves the SIR denoising performance compared with MSS479
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and NLMS keeping most of the biomedical content as shown SDR results,480

an interesting advantage particularly in high noisy environments. Results481

seem to suggest that the strong harmonic structure contained into this482

type of ambient noise facilitates the sound separation between noise and483

biomedical sounds since the more dissimilar the spectral patterns of the484

noise and the biomedical signal, the better the noise suppression perfor-485

mance of the proposed method.486

• Babble noise: Figures 10E and 10F indicate that NLMS obtains the best487

SDR and SIR improvements evaluating this particular ambient noise but488

showing a decreasing trend as the SNR increases, unlike the other eval-489

uated methods. Experimental results indicate that the spectrum of the490

Babble noise and the biomedical signal, mainly lung sounds, is more sim-491

ilar compared to the above ambient noises (ambulance siren and baby492

crying noise) so, the greater are the spectral differences between the tar-493

get sounds and the noise, the better is the performance of the proposed494

method since the repetitive behaviour of the ambient noise in the co-495

factorization process is more easy to suppress.496

• Car noise: Figures 10G and 10H indicate that the proposed method497

obtains the best ambient denoising performance compared to MSS and498

NLMS since it achieves the best biomedical audio quality by maximizing499

the amount of suppressed ambient noise at the expense of preserving most500

of the biomedical content related to the estimated biomedical signal of501

interest.502

• Street noise: Figures 10I and 10J show that NLMS preserves higher503

amount of biomedical content in high noisy environments (SNR≤-10 dB)504

compared to the proposed method and MSS. However, SDR and SIR re-505

sults indicate that the proposed method and MSS are competitive com-506

pared to NLMS. Moreover, NLMS reports the first SIR ranking position507

in all SNR scenarios. Finally, the proposed method outperforms, in terms508

of SDR results, MSS and NLMS in the remainder SNRs.509
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Figure 10: SDR and SIR improvement results provide by the proposed method and the

baseline methods (MSS and NLMS) evaluating DT and each type of ambient noise along

SNR: Ambulance Siren (A and B), Baby crying (C and D), Babble (E and F), Car (G and H)

and Street (I and J). Each box represents the denoising performance results for each method

evaluated. The color of the legend, associated to each evaluated method shown in the subfigure

10.A, refers to the same methods for all subfigures.
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Figure 11 shows the effect of inserting a time delay between the internal and510

external signals. The purpose of the delay is to simulate the time processing511

that takes the digital stethoscope to apply filtering, artifacts removal and other512

signal processing operations [61]. It can be observed how the delay affects513

to the computation of the median value of the SDR and SIR improvement514

evaluating all the previous ambient noises and SNRs. Results confirm that the515

most remarkable advantage of the proposed method is its robustness with the516

variation of the delay. In fact, the proposed method shows a stable behavior in517

relation to the delay variation between the internal and external signals used518

in the co-factorization, in contrast to a higher dependence of MSS compared to519

the proposed method and a higher dependence of NLMS compared to MSS. The520

ambient denoising performance between the proposed method, MSS and NLMS521

is accentuated when the delay is active since SDR and SIR results obtained522

by MSS and NLMS are reduced as the delay increases. Comparing with MSS523

and NLMS, the proposed method obtains an improvement of 13.1 dB and 16.5524

dB in terms of SDR, and 21 dB and 21.5 dB in terms of SIR applying a delay525

equals to 25 milliseconds. As previously mentioned, results confirm the proposed526

method as a more appropriate approach to remove the ambient noise because527

the multichannel co-factorization is based of the noise modelling as repetitive528

spectral patterns that can be found in any time of the internal and external529

spectrograms, avoiding errors due to presence of temporal misalignment between530

both spectrograms.531

Figure 12 shows the metrics NCM, CSIIlow, CSIImed and CSIIhigh results532

comparing the performance of the ambient noise removal evaluating the database533

DT for the proposed method, MSS and NLMS. The higher metric value is ob-534

tained, greater acoustic similarity between the estimated biomedical signal and535

the original biomedical signal is with respect to their sound contents as occurs536

in [24]. Specifically, each box represents 250 data points, one for each record-537

ing of the database DT . Figure 12 reports that, in general, the best average538

ambient denoising results are obtained by NLMS. However, it is observed that539

the average ambient noise suppression achieved by the proposed method can be540
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Figure 11: Median values of the SDR (A) and SIR (B) improvement analyzing all the noises

(Ambulance Siren, Baby Crying, Babble, Car and Street) and SNRs (-20 dB, -15 dB, -10 dB,

-5 dB) varying the delay between the internal and external spectrograms in the database DT .

The color of the legend, associated to each evaluated method shown in the subfigure 11.A,

refers to the same methods for all subfigures.

considered very similar to MSS in most cases of SNR. Broadly, results obtained541

by each evaluated method improve the acoustic quality of biomedical sounds by542

eliminating ambient noise that typically hinders clinical examination. Finally,543

it can be seen how the above results fall as the SNR decreases, similar to what544

happens in the real world because it is more difficult to hear biomedical sounds545

in those acoustic scenarios where biomedical sounds are barely audible due to546

high ambient noise levels.547

3.3.3. Objective results simulating a real scenario548

This section assesses the ambient denoising performance of the proposed549

method simulating a real scenario where both the propagation in the patient’s550

body material and the acoustics of the room have been considered active.551

From the noise recordings belonging to the database DN (see section 2.1),552
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Figure 12: NCM (A), CSIIlow (B), CSIImed (C) and CSIIhigh (D) results considering all the

noises (Ambulance Siren, Baby Crying, Babble, Car and Street) for each SNR from database

DT . Each box represents the denoising performance results for each method evaluated. The

color of the legend, associated to each evaluated method shown in the subfigure 12.A, refers

to the same methods for all subfigures.

we have selected those indoor and outdoor ambient noises that can be heard553

surround a medical consultation room located in a health center: ambulance554

siren [35, 36], baby crying [37], babble (people speaking) [38, 39] and street (car555

passing by, car engine running, car idling, bus, truck, children yelling, people556

talking, workers on the street) [41, 42], that is, a total of 120 single-channel557

recordings of noises (30 recordings per type of noise) lasting 5 seconds each558

noise recording as occurred in section 2.1.559

The database DF has been created by modifying the database DT in order to560

evaluate the ambient denoising performance of the proposed method taking into561

account the effects of propagation on the materials of the patient’s body and the562
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acoustics of the room. Specifically, two impulse responses, from the open-access563

dataset [62, 63] and measured with an adult human, have been applied to the564

previous database DT . The first impulse response hH(t) has been calculated565

locating the microphone in the position 33 [62] because it can be considered a566

correct placement to replicate a heart auscultation in real conditions. The sec-567

ond impulse response hL(t) has been calculated locating the microphone in the568

position 55 [62] because it can be considered a correct placement to replicate a569

lung auscultation in real conditions. Both impulse responses have been resam-570

pled at 8kHz and calculated using a sound source located behind the chest of the571

human. More details related to the propagation on the patient’s body material572

can be found in [62]. In order to simulate the acoustics of the room, we have573

assumed a standard room in the Hospital Universitario de Jaen (Spain) with574

dimensions of 7m of large, 4m of width and 2.7m of height using the well-known575

image method [64] and the MATLAB RIR generator1. Specifically, the room576

impulse response hR(t) has been designed assuming a moderate reverberation577

time RT60 of 0.4 seconds. The sensor is an omnidirectional microphone placed578

at the center of the room and the sources are placed outside the room, one in579

the waiting room and the other outdoors. As occurs with the database DT ,580

several SNR have been applied in the mixing process to create the database581

DF in order to evaluate high noisy environments. In this way, the databases582

DF−20 (SNR=-20 dB), DF−15 (SNR=-15 dB), DF−10 (SNR=-10 dB) and DF−5583

(SNR=-5 dB) refer to the same database DF but using different SNR between584

biomedical and ambient noise recordings by means of the mixing process shown585

in Figure 13. The mixing process is performed as follows: i) each ambient noise586

signal ni(t) (from the database DN ) is convoluted with the impulse response587

hR(t) to create the external signal y(t). Here, the signal y(t) is only affected588

by the acoustics of the room; ii) the convolution of the external signal y(t) and589

the impulse response of the human body, hH(t) or hL(t), generates the ambi-590

ent noise signal niRB(t). Here, the signal niRB(t) is affected by both the room591

1https://www.audiolabs-erlangen.de/fau/professor/habets/software/rir-generator
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acoustics and the patient’s body material; iii) the ambient noise signal captured592

by the stethoscope niMIX(t) corresponds to the sum of niRB(t) and y(t), that593

is, niMIX(t)=niRB(t)+y(t); and iv) a desired SNR, in decibels, is obtained be-594

tween the biomedical signal s(t) and the ambient noise signal n(t). The signal595

n(t) is calculated weighting niMIX(t) by the parameter α = 10
(SNRinit−SNR)

20 ,596

being SNRinit the initial signal-to-noise ratio between the biomedical signal597

s(t) and the signal niMIX(t).598

Figure 13: Scheme to simulate a more realistic scenario in which both the effects of propagation

on the patient’s body material and the acoustics of the room are active.

Figure 14 shows that the proposed method obtains the best average results599

for SDR (16 dB additional with respect to MSS and 19 dB additional with re-600

spect to NLMS) and SIR (23 dB additional with respect to MSS and 13 dB601

additional with respect to NLMS), significantly outperforming the results pro-602

vided by MSS and NLMS for each SNR evaluated. Once again, the stable trend603

of SDR and SIR achieved by the proposed method for each SNR in compar-604

ison with the rest of the methods is remarkable. The SDR results indicate605

that neither MSS nor NLMS can be considered competitive methods in this606

scenario since the results obtained by both methods yield mean values of SDR607

≤ 1 dB, which implies a huge loss of biomedical content despite the fact that608

NLMS gets a great isolated biomedical signal, showing mean values of SIRN ∈609

[8 dB, 14dB] but lower than those obtained by the proposed method for each610

SNR. Moreover, the worst performance is provided by MSS in high noisy en-611
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vironments (SNR<-10dB) because the large amount of noise mixed with the612

biomedical signal hinders optimal MSS performance by avoiding to estimate613

a correct SNR-dependent factor. Nevertheless, these results again confirm the614

better performance of NLMS compared to MSS similar to what occurs in Figure615

9.616

Comparing Figure 9 and Figure 14, it is evidenced the high robustness of617

the proposed method compared to MSS and NLMS since the average reduction618

related to the SDR and SIR improvement provided by the proposed method619

taking into account the effects of this scenario is ≤ 1 dB and ≤ 5 dB while620

the same SDR and SIR reduction increases to 14 dB and 15 dB for MSS, and621

18 dB and 21 dB for NLMS. Figure 14 reports that the estimated denoised622

spectrogram that models the ambient noise as a repetitive sound event in a623

cofactorized NMF where simultaneously active repetitive spectral patterns are624

sought in two different spectrograms provides higher sound quality compared to625

the spectral subtraction approach or the adaptive filtering technique where the626

use of temporal information between both spectrograms is essential to correctly627

recover the target signal.628
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Figure 14: SDR (A) and SIR (B) improvement considering all the noises (Ambulance Siren,

Baby Crying, Babble and Street) for each SNR from database DF . Each box represents the

denoising performance results for each method evaluated. The color of the legend, associated

to each evaluated method shown in the subfigure 14.A, refers to the same methods for all

subfigures.
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Figure 15 evidences that the proposed method provides the best improve-629

ments of SDR and SIR for each type of ambient noise in most SNR by means630

of maximizing the denoising of ambient noise (highest SIRP ) at the expense of631

minimizing the loss of biomedical energy (highest SDRP ). It is also confirmed,632

as occurs in Figure 10, that the proposed method shows a stable trend in SDR633

and SIR unlike what happens with the other methods evaluated. Comparing634

Figure 15 and Figure 10, it can be deduced that the effect of sound propagation635

through the patient’s body material and room acoustics reduces the denoising636

performance, in terms of SDR and SIR, in all the evaluated methods, however,637

this reduction is significantly lower in the proposed method compared to MSS638

and NLMS since the performance of MSS drops sharply in this acoustic environ-639

ment obtaining SDRM and SIRM results ≤ 0 dB, being the proposed method640

and NLMS (only for the case of street noise) the only competitive methods.641

Again, these results demonstrate what was previously stated in section 3.3.2,642

that the non-dependence of the temporal information, as occurs in the proposed643

method, between both spectrograms associated with the internal and external644

signal achieves a more adequate behavior in the denoising of environmental noise645

in comparison with those methods (MSS and NLMS) in which the temporal in-646

formation is used in greater or less way.647
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Figure 15: SDR and SIR improvement results provide by the proposed method and the

baseline methods (MSS and NLMS) evaluating DF and each type of ambient noise along

SNR: Ambulance Siren (A and B), Baby crying (C and D), Babble (E and F) and Street (G

and H). Each box represents the denoising performance results for each method evaluated.

The color of the legend, associated to each evaluated method shown in the subfigure 15.A,

refers to the same methods for all subfigures.

Figure 16 shows that the proposed method obtains the highest metrics NCM,648

CSIIlow, CSIImed and CSIIhigh for all SNR evaluated increasing the denoising649

performance as the SNR increases. NLMS is ranked in second position followed650

by MSS in the last position. The ambient denoising performance provided by651

MSS (Figure 12) slightly exceeds the proposed method but this performance is652
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not the same when the propagation of the patient’s body material and room653

acoustics are active (Figure 16). Comparing Figure 12 and Figure 16 and unlike654

what happens with the average values of NLMS, it is observed that the proposed655

method shows a clear increasing trend in these metrics as the SNR increases. As656

a result, it seems that the acoustic quality of the biomedical content estimated657

by the proposed method using these metrics is influenced to a greater extent658

by the ratio between the biomedical signal and the ambient noise in the input659

mixture, as opposed to its stable trend previously reported for SDR and SIR.660

Although the denoising performance provided by MSS and NLMS in Figure 16661

drops significantly for all evaluated metrics and SNR compared to the results662

obtained in Figure 12, the same results obtained by the proposed method are663

also reduced but this reduction can be considered marginal compared to that664

suffered by both MSS and NLMS. As a result, it can be deduced that the665

temporal non-dependence between the internal and external spectrograms in a666

multichannel co-factorization is a suitable characteristic to remove ambient noise667

in biomedical sounds mainly considering the effects typically found to model a668

real scenario (e.g., propagation of the patient’s body material, reverberations669

in the room, ...). These effects drastically reduce the acoustic quality of the670

extracted biomedical signal as well as the robustness of the method since any671

temporal misalignment or energy changes caused by impulse responses related672

to the previous effects imply a relevant signal distortion in the spectrograms,673

being those approaches based on spectral subtraction (MSS) or adaptive filtering674

(NLMS) less efficient to minimize the sound interference caused by the previous675

ambient noises.676

3.3.4. Computational complexity assessment677

In this section, the analysis of the computational complexity of each method678

evaluated considering the number of elementary operations (multiplications and679

additions) is detailed in Table 2. The number of operations per second can be680

obtained taking into account the parameters on which each algorithm used in the681

experimental results of this work is based: i) the proposed method with N=512682
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Figure 16: NCM (A), CSIIlow (B), CSIImed (C) and CSIIhigh (D) results considering all the

noises (Ambulance Siren, Baby Crying, Babble and Street) for each SNR from database DF .

Each box represents the denoising performance results for each method evaluated. The color

of the legend, associated to each evaluated method shown in the subfigure 16.A, refers to the

same methods for all subfigures.

samples (Hamming window), F=512 bins, KN=256 ambient noise components,683

KS=16 biomedical components, M=50 iterations of the multiplicative update684

rules, io=3 incremental iterations and T=32 frames per second, implies a total685

computational cost of 3.32 × 109 multiplications per second and 1.99 × 109686

additions per second; ii) MSS with N=400 samples (Hamming window), F=400687

bins and T=23 frames per second, obtains a total computational cost of 2.78×688

105 multiplications per second and 4.10 × 105 additions per second; and iii)689

NLMS with L=10 coefficients of the adaptive filter and fs=8000 samples per690

second, obtains a total computational cost of 2.48 × 105 multiplications per691
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second and 2.40× 105 additions per second. Results confirm that the proposed692

method requires a greater number of elementary operations compared to the693

other evaluated methods, since most of its computational cost is derived from694

the iterative process based on the multiplicative update rules to estimate the695

bases and activations matrices used to model the spectro-temporal behavior of696

biomedical sounds and ambient noise factorized into the NMPCF decomposition697

in order to extract those spectral patterns active in the magnitude spectrograms698

corresponding to the internal and external signal (see section 2.3.3).699

Algorithms Multiplications Additions

ioM [FT (6 + 5KN + 3KS) ioM [FT (3KN + 3KS − 2)

Proposed method +KN (3T + 2F ) +KS(T + F )] −T (2KN + 2KS) − FKS ]

+2TN log2(N) +4TN log2(N)

MSS 13FT + 2TN log2(N) 10FT + 4TN log2(N)

NLMS (3L+ 1)fs 3Lfs

Table 2: Assessment of computational complexity in terms of the number of operations (mul-

tiplication and addition). Note that the number of operations has been calculated from the

set of parameters on which the computational cost of each evaluated algorithm depends.

4. Conclusions and Future Work700

In this work, we propose an incremental algorithm based on multichannel701

non-negative matrix partial co-factorization (NMPCF) for ambient denoising in702

auscultation focusing on high noisy environments with a Signal-to-Noise Ratio703

(SNR) lower than 0 dB. The first contribution applies NMPCF from a multi-704

channel point of view assuming that ambient noise can be modelled as repetitive705

sound events found in two single-channel audio inputs simultaneously captured706

by means of different recording devices. The second contribution proposes an707

incremental algorithm, based on the previous multichannel NMPCF, that re-708

fines the estimated biomedical spectrogram through a set of incremental stages709

by eliminating most of the ambient noises that was not removed in the previous710

stage.711
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The optimization process, using a database that is not adapted to any spe-712

cific patient’s body or room, indicates that the best performance of the proposed713

method is obtained using a higher number of noise bases compared to the num-714

ber of biomedical bases. It suggests that the energy distribution of the types of715

ambient noises analyzed is more complex compared to biomedical sounds due716

to the greater spectral diversity shown by the time-frequency structures of such717

noises.718

Two databases have been created in order to simulate two different acoustic719

scenarios depending on whether the effects of propagation on the patient’s body720

material and the acoustics of the room are inactive (ideal scenario) or active (real721

scenario). Each database is composed of a broad set of biomedical sounds (heart722

and lung) and ambient sounds mixed together with various levels of SNR.723

The results obtained in the ideal scenario indicate that the proposed method724

outperforms MSS and NLMS, in terms of SDR, in most of the levels SNR725

showing the most robust SDR performance mainly in high noise environments726

(SNR∈[-20 dB,-10 dB]). Although NLMS is slightly better, in terms of SIR,727

compared to the proposed method, this fact occurs at the expense of losing728

a large amount of biomedical content. SDR and SIR improvements provided729

by MSS are ranked in the last position since the lowest levels SNR cause sig-730

nificant distortion of biomedical sounds at low spectral ranges. A remarkable731

advantage of the proposed method, compared to MSS and NLMS, is the high732

robustness of the acoustic quality of the estimated biomedical sounds when the733

two single-channel inputs suffer from a delay between them. As a consequence,734

the proposed method can be considered a more reliable ambient denoising ap-735

proach since results obtained assuming ambient noises as repetitive sound events736

found in both the internal and external spectrograms report less dependence on737

the ratio of ambient noise to biomedical content or any temporal misalignment738

between the internal and external signal as occurs with MSS and NLMS.739

From the real scenario, results show that the proposed method significantly740

outperforms MSS and NLMS for each SNR evaluated. The high and stable741

trend of SDR and SIR displayed by the proposed method for each SNR in com-742

39



parison with the rest of the methods is remarkable. Although NLMS shows743

better denoising performance compared to MSS, none of them can be consid-744

ered competitive methods since their SDR results ≤ 1 dB when all ambient745

noises are averaged so, it implies a huge loss of biomedical content despite the746

fact that NLMS gets a great isolated biomedical signal. Comparing the denois-747

ing performance between the ideal and real scenario, it can be observed a high748

robustness of the proposed method compared to MSS and NLMS. Specifically,749

the average reduction of the SDR and SIR improvement suffered by the pro-750

posed averaging all ambient noises and taking into account the effects of the751

propagation of the patient’s body material and the acoustics of the room is ≤752

1 dB and ≤ 5 dB while the same SDR and SIR reduction increases to 14 dB753

and 15 dB for MSS, and 18 dB and 21 dB for NLMS. Moreover, another set754

of metrics (NCM, CSIIlow, CSIImed and CSIIhigh) confirm that the proposed755

method provides the best ambient denoising performance by means of maximiz-756

ing the ambient denoising at the expense of minimizing the loss of biomedical757

energy. Again, these results demonstrate that the multichannel co-factorization758

approach achieves a more adequate behavior in the removal of ambient noise759

compared to the previous spectral subtraction or adaptive filtering approaches.760

As a drawback, highlight the high computational cost of the proposed method761

mainly to the number of operation applied to the multiplicative update rules of762

the co-factorization process.763

Future work will focus on two directions: (i) novel algorithms applied to the764

removal of some of the most disturbing acoustically active ambient noises in clin-765

ical emergency situations, such as noise inside a helicopter or ambulance when766

urgent monitoring is required, and, (ii) real-time multichannel non-negative ma-767

trix partial co-factorization approaches for biomedical ambient denoising.768
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