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1. INTRODUCTION

Bioacoustic signals (BAS) are defined as a family of signals

that includes the sounds produced by the human body,

whereas, in general, the study of sounds produced by liv-

ing organisms is referred to as bioacoustics (1). As BAS are

the audible outcome emitted from the human body, they

possess valuable diagnostic information regarding the

functionality of the human organs involved in the sound

production mechanisms.

An everyday-life example of BAS is the pressure signals

produced from the beating of the heart, namely heart

sounds (HS). To obtain HS, a stethoscope is typically placed

on the chest above the heart. The end of the stethoscope

has a diaphragm that bends in response to sound; the

sound waves travel through the tubes of the stethoscope to

the clinician’s ears. The clinician listens to these sounds to

determine certain aspects of the mechanical functioning of

the heart (mostly whether the heart valves are functioning

properly or not), of which the clinician has been trained to

detect. This measurement is qualitative. A microphone

can also be used to pick up sound. Microphones con-

vert the mechanical energy of sound into electric energy.

The resulting analog electric signal can be digitized and

analyzed quantitatively with computer-based algorithms.

Consequently, proper extraction and use of the diagnostic

information of the digitized BAS can transform the art of

BAS auscultation into a scientific discipline. With proper

signal processing methods, the BAS could be converted

from acoustic vibrations inside the human organism into

graphs and parameters with diagnostic value, resulting in

novel diagnostic tools that objectively track the character-

istics of the relevant pathology and assist the clinicians in

everyday practice.

Apart from HS, the BAS family also includes lung

sounds (LS), bowel sounds (BS), and joint sounds (JS),

with LS and HS being the most often used BAS in every-

day clinical practice, although, recently, sufficient re-

search effort has been placed on BS and JS analysis,

facilitating their adoption by the physicians as diagnostic

means.

2. DEFINITION, CATEGORIZATION, AND MAIN
CHARACTERISTICS OF BAS

2.1. Lung Sounds

2.1.1. Definition and Historical Background. From the

time of ancient Greeks and their doctrine of medical ex-

perimentation until at least the 1950s, the LS were con-

sidered as the sounds originating from within the thorax

and they were justified mainly on the basis of their acous-

tic impression. For example, the writings of the Hippo-

cratic School, in about 400 B.C., describe the chest (lung)

sounds as splashing, crackling, wheezing, and bubbling

sounds emanating from the chest (2). An important con-

tribution to the qualitative appreciation of LS and HS was

the invention of the stethoscope by René Theophil Laën-

nec in 1816. Laënnec’s gadget, which was originally made

of wood, replaced the ‘‘ear-upon-chest’’ detection procedure

enhancing the emitted LS and HS (3). Unfortunately, it

took over a century for quantitative analysis to appear.

Attempts for a quantitative approach date to 1930, but the

first systematic, quantitative measurement of their char-

acteristics (i.e., amplitude, pitch, duration, and timing in

controls and in patients) is attributed to McKusick et al.,

in 1953 (4); the door to the acoustic studies in medicine

was finally opened.

2.1.2. Categorization and Main Characteristics. The LS

are divided into two main categories [i.e., normal LS

(NLS) and abnormal LS (ALS)]. The NLS are certain

sounds heard over specific locations of the chest during

breathing in healthy subjects. The character of the NLS

and the location at which they are heard defines them.

Hence, the category of the NLS includes the following

types (5):

– tracheal LS (TLS), heard over the trachea having a

high loudness,

– vesicular LS (VLS), heard over dependent portions of

the chest, not in immediate proximity to the central

airways,

– bronchial LS (BLS), heard in the immediate vicinity

of central airways, but principally over the trachea

and larynx,
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– bronchovesicular LS (BVLS), which refers to NLS

with a character in between VLS and BLS heard at

intermediate locations between the lung and the

large airways, and

– normal crackles (NC), inspiratory LS heard over the

anterior or the posterior lung bases (6,7).

The ALS consist of LS of a BLS or BVLS nature that

appear at typical locations (where VLS are the norm). The

ALS are categorized between continuous adventitious

sounds (CAS) and discontinuous adventitious sounds

(DAS) (8), and include the following types (9–11):

– wheezes (WZ), musical CAS that occur mainly in ex-

piration and invariably associated with airway ob-

struction, either focal or general,

– rhonchi (RH), low-pitched sometimes musical CAS

that occur predominantly in expiration, associated

more with chronic bronchitis and bronchiectasis than

with asthma,

– stridors (STR), musical CAS that are caused by a

partial obstruction in a central airway, usually at or

near the larynx,

– crackles, discrete, explosive, nonmusical DAS, fur-

ther categorized between:

* fine crackles (FC), high-pitched exclusively inspirato-

ry events that tend to occur in mid-to-late inspira-

tion, repeat in similar patterns over subsequent

breaths and have a quality similar to the sound

made by strips of Velcro being slowly pulled apart;

they result from the explosive reopening of small air-

ways that had closed during the previous expiration,

and

* coarse crackles (CC), low-pitched sound events found

in early inspiration and occasionally in expiration as

well, develop from fluid in small airways, are of a

‘‘popping’’ quality, and tend to be less reproducible

than the FC from breath to breath,

– squawks (SQ), short, inspiratory wheezes that usu-

ally appear in allergic alveolitis and interstitial fi-

brosis (12), predominantly initiated with a crackle,

caused by the explosive opening and fluttering of the

unstable airway that causes the short wheeze, and

– friction rub (FR), DAS localized to the area overlying

the involved pleura and occur in inspiration and

expiration when roughened pleural surfaces rub to-

gether, instead of gliding smoothly and silently.

As the preceding paragraph has demonstrated, it is

not difficult to provide evidence that the LS are directly

related to the condition of the pulmonary function. The

variety in the categorization of LS implies changes in the

acoustic characteristics either of the source or the trans-

mission path of the LS inside the lungs because of the

effect of a certain pulmonary pathology. It is likely that the

time- and frequency-domain characteristics of the LS sig-

nals reflect these anatomical changes (13).

In particular, the time-domain pattern of the NLS re-

sembles a noise pattern bound by an envelope, which is a

function of the flow rate (13). Tracheal sounds have higher

intensity and a wider frequency band (0–2 kHz) than the

chest wall sounds (0–600Hz) and contain more acoustic

energy at higher frequencies (14). The CAS time-domain

pattern is a periodic wave that may be either sinusoidal or

a set of more complex, repetitive sound structures (13). In

the case of WZ, the power spectrum contains several peaks

(‘‘polyphonic’’ WZ), or a single peak (‘‘monophonic’’ WZ),

usually in the frequency band of 200–800Hz, indicating

bronchial obstruction (13). Crackles have an explosive

time-domain pattern, with a rapid onset and short dura-

tion (13). It should be noted that this waveform may be an

artifact of high-pass filtering (15). Their time-domain

structural characteristics (i.e., a sharp, sudden deflec-

tion usually followed by a wave) provide a means for

their categorization between FC and CC (16), as it is

shown in Fig. 1.

For an extensive description and a variety of examples

regarding the LS structure and characteristics, the reader

should refer to (13).

2.2. Heart Sounds

2.2.1. Definition and Historical Background. HS are

defined as the repetitive ‘‘lub-dub’’ sounds of the beating

of the heart (17). Heart auscultation followed similar path-

ways with lung auscultation because of the topological co-

existence of the heart with lungs. Hippocrates (460–377

B.C.) was familiarized with heart auscultation, and he may

have used HS for diagnostic purposes (18). Nevertheless,

it took almost two thousand years for re-evaluation of HS

by William Harvey (1578–1657), and three hundred years

more, with the contribution of Laënnec’s stethoscope

(1816), for Dr. Joseph Skoda (1805–1881) first to describe

the cardiac sounds and murmurs, by pinpointing their

locations and defining the clinical auscultatory signs that

have allowed the noninvasive diagnosis of cardiac patho-

logy via auscultation (18).
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Figure 1. An example of the crackles morphology in the time-

domain used for their categorization into fine and coarse crackles.
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2.2.2. Categorization and Main Characteristics. The HS

are named according to their sequence of occurrence and

are originated at specific points in the cardiac cycle (18). In

particular, the HS are categorized as follows:

– first heart sound, or S1, occurs at the beginning of

ventricular systole when ventricular volume is maxi-

mal and is considered as normal HS,

– second heart sound, or S2, occurs at the end of ven-

tricular systole and is considered as normal HS too,

– third heart sound, or S3 or ‘‘S3 gallop,’’ occurs just

after the S2, as a result of decreased ventricular com-

pliance or increased ventricular diastolic volume,

and is a sign of congestive heart failure,

– fourth heart sound, or S4 or ‘‘S4 gallop,’’ occurs just

before the S1, as a result of decreased ventricular

compliance or increased volume of filling, and is a

sign of ventricular stress, and

– murmurs, sustained noises that are audible during

the time periods of systole, diastole, or both, associ-

ated with backward regurgitation, forward flow

through narrowed or deformed valve, a high rate of

blood flow through normal or abnormal valves, vibra-

tion of loose structures within the heart (chord-

aetendineae), and continuous flow through A-V

shunts. They are further categorized between:

* systolic murmurs (SM), sustained noises that are

audible between S1 and S2, categorized as early SM,

which begin with S1 and peak in the first third of

systole; mid SM (or ‘‘ejection’’ murmur), which begin

shortly after S1, peak in mid-systole, and do not quite

extend to S2; late SM, which begin in the later one-

half of systole, peak in the later third of systole, and

extend to S2; and pansystolic murmurs, which begin

with S1 and end with S2, thus heard continuously at

about constant amplitude throughout systole, and

* diastolic murmurs (DM), sustained noises that are

audible between S2 and the next S1, categorized as

early DM, which begin with S2 and peak in the first

third of diastole; mid DM, which begin after S2 and

peak in mid-diastole; late DM, which begin in the

latter one-half of diastole, peak in the later third of

diastole, and extend to S1; and pandiastolic mur-

murs, which begin with S2 and extend throughout

the diastolic period.

The acoustic content of HS is concentrated in low fre-

quencies (19). In fact, over 95% of the acoustic energy of S1

and 99% of the one of S2 is concentrated under the 75Hz

(20). The average spectrum decays exponentially from its

peak at approximately 7Hz and often contains one or

more shallow and wide peaks (21). The S2 contains much

more energy in the lower frequencies than S1 does. In ad-

dition, the frequency content of most cardiac murmurs is

also in the low range (20). The two most common HS (i.e.,

S1, and S2) have much longer duration and thus a lower

pitch than crackles, and both of them are short-lived com-

pared with NLS and CAS (17), which contributes to the

facilitation of their separation from the LS. Nevertheless,

HS from patients with irregular cardiac rhythms (tran-

sient character) or loud murmurs tend to overlap the LS

more and thus are less separable.

2.3. Bowel Sounds

2.3.1. Definition and Historical Background. Bowel

sounds are defined as the sounds heard when contractions

of the lower intestines propel contents forward (22). Knowl-

edge of BS has advanced little since Cannon’s pioneering

work in 1902 (23), which used the sounds as a way of

studying the mechanical activity of the gastrointestinal

tract. Clinical tradition assesses the BS in a ‘‘passive’’ way

(i.e., by tracing not their presence but their absence) be-

cause the latter is an indicator of intestinal obstruction or

ileus (paralysis of the bowel) (22). This lack of interest in

‘‘active’’ abdominal auscultation is due, in part, to its lack

of support in scientific fact and definitely not because of

its lack of diagnostic information. Bowel sound patterns

in normal people have not been clearly defined, as only

a small number of them have been studied (24–28). In

addition, the trivial signal processing methods that have

been involved (29–31) have also been a problem. The

vague notion about the usefulness of the BS in clinical

practice that has been cultivated all these years, along

with the lack of a worldwide-accepted BS categorization,

has resulted in a reduced interest in their processing and

evaluation, even today.

2.3.2. Categorization and Main Characteristics. Up to

now, no reference of what can be considered as normal

bowel sound activity, and no physiological understanding

of the significance of different types of BS exist. Attempts

to describe the acoustic impression of normal BS, such as

‘‘rushes,’’ ‘‘gurgles,’’ etc., fail because of their subjectivity

bias. Sporadic works in the literature try to analyze the

time- and frequency-domain characteristics of BS, defin-

ing as normal BS those with a frequency content in the

range of 100–1000Hz, with durations within a range of

5–200msec, and with widely varying amplitudes (32). An

analysis of the ‘‘staccato pop,’’ which is one of the most

common BS characteristic of the colon, proves that it has a

frequency content between 500 and 700Hz and a duration

of 5 to 20msec (32).

Recent work based on the differences seen between the

sound-to-sound intervals of BS from different pathologies

(i.e., irritable bowel syndrome, Crohn’s disease, and con-

trols) introduces a time-domain-based tool for relating BS

to the associated bowel pathology (33). In a similar vein,

the approaches of BS presented in this chapter contribute

to the provision of an extended, accurate, and objective

alternative to the current BS processing and evaluation

status.

2.4. Joint Sounds

2.4.1. Definition and Historical Background. JS are de-

fined as the sounds heard during the functioning of a joint.

In particular, the sound heard when our knuckles crack

results when a finger joint is extended almost to the end

of its range. The joint, surrounded by a lubricating fluid,

is encased in a capsule. At times, we intentionally or
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unintentionally extend the joint so far that the gas dis-

solved in the fluid spontaneously separates from the so-

lution, forming a small bubble, and making a cracking

sound. Not until the fluid reabsorbs the gas can the sound

be reproduced. On the other hand, the sound heard when

we do deep-knee bends is a snapping sound, produced

when our tendons, which are merely the fibers that con-

nect muscles and bones, elastically snap into new posi-

tions as our joints move under stress. Because the tendons

shift back and forth with the movement of the joint, no

waiting time exists before this snapping sound can be

reproduced.

Another interesting joint that produces JS is the tem-

poromandibular (jaw) joint (TMJ), which is the ‘‘ball and

socket’’ joint that allows the lower jaw to open, close,

and move sideways when chewing and speaking. Located

about one centimeter in front of the ears, they are the only

joints in the head. The ball is technically known as the

‘‘condyle’’ of the joint, and it rotates in a cuplike depression

(the socket) technically known as the ‘‘fossa.’’ Although the

joint looks like it is attached directly to the sinuses, it is

actually separated from them by soft tissue ligaments that

entirely enclose the joint. The ‘‘meniscus’’ is a disk of car-

tilage that lives in the space between the condyle and the

fossa and is capable of moving forward and backward as

the jaw opens and closes. The condyle and the fossa are

each covered with a thin layer of nonmovable cartilage of

their own. All three layers of cartilage help to provide

smooth, frictionless surfaces for comfortable joint opera-

tion. TMJ sounds (TMJS) are produced in the form of

clicking or crepitation. In many cases, the cartilage that

separates the ball from the socket tends to tear and dis-

place so that it bunches up in front of the ball. When

opening the jaw wide, the ball moves forward pushing the

bunched up cartilage in front of it. At some point in this

forward movement, the ball jumps over the mass of car-

tilage snapping back hard onto the bone on the other side

causing a loud pop or clicking sound. Sometimes, the

bones are forced into such close approximation that you

might hear a grinding noise (crepitus) when opening or

closing (34).

Robert Hooke is credited with the first auscultation of a

joint in the Seventeenth century and for the first sugges-

tion that joint noises could be used as diagnostic sign in

patients suffering from painful joints. Heuter described, in

1885, a ‘‘myo-dermato-osteophone’’ to localize loose bodies

in joints (35). In 1902, Blodgett reported on auscultation of

the knee, with attention to sounds of apparently normal

joints, the change in sounds with repetitive motions, and

reproducibility over several days (36). He notes an age-re-

lated increase of sound and the relative absence of sound

when an effusion was present. Bicher, in 1913, reported

that each type of meniscal injury emitted a distinctive

sound signal (37). A paper on the Value of Joint Ausculta-

tion was published in 1929 by Walters, in which joint

sounds recorded from 1600 patients were graded and cor-

related with presumed pathology (38). The results were

said to help in the diagnosis of painful joints, with limited

physical findings and normal ‘‘skiagrams.’’ These studies

were expanded by Erb, who used a contact microphone to

reduce extraneous sounds (39). His was the first attempt

at electronic and graphic recording of the knee joint sound

(KJS) signal. A ‘‘cardiophone’’ was used by Steindel to lis-

ten to sounds at several locations (40), and he appears to

be the first to have recorded joint angles and the first to

include filtering to remove noise and improve the signal.

He classified the JS based on the pitch, amplitude, and

sequence of the sounds, which in many cases were corre-

lated with pathology demonstrated by operative findings.

In 1953, Peylan reported on a study of 214 patients with

several types of arthritis using a regular and an electronic

stethoscope (41). He believed that he could distinguish

between periarticular sounds, osteoarthritis, and rheuma-

toid arthritis, but did not present evidence of any ‘‘blind’’

evaluation of this ability. Fischer and Johnson showed, in

1960, that sound signals could be detected in rheumatoid

arthritis before x-ray changes were observable (42). Chu

et al. at Ohio began the true scientific analysis of JS in a

series of papers dealing with methods to reduce skin fric-

tion and ambient noise; the use of statistical parameters,

such as the autocorrelation function of the KJS signal for

classification of signals into categories, such as rheuma-

toid arthritis, degenerative arthritis, and chondromalacia

patella; and the relationship between signal acoustic

power and articular cartilage damage (surface roughness)

(43,44). They also pointed to a number of artifacts (local

and ambient) in the acoustic recording of KJS. A good un-

derstanding of the nature of the KJS signals, their diag-

nostic potentials, as well as the problems encountered in

practice may be obtained from the work of Mollan et al. in

Northern Ireland (45–49).

2.4.2. Categorization and Main Characteristics. From

the aforementioned JS, the TMJS and KJS are the most

important aspects. According to Widmalm et al. (50), the

TMJS are categorized in five types of clicking, i.e.,:

– Types 1, 2, and 3: short-duration signals with well

localization in the time-frequency domain with a single

energy peak in the frequency range below 600Hz, from

600Hz to 1200Hz, and above 1200Hz, respectively.

– Types 4 and 5: long-duration crepitation signals with

nonlocalization in the time-frequency domain. Type 4

sounds contain all of the energy in the frequency

region below 600Hz, whereas type 5 sounds have

energy both below 600Hz and above 600 Hz.

Similar to the case of BS, the categorization of KJS

is implied through the related knee pathology. As Mollan

et al. note (49), patients with meniscal injuries produce

characteristic KJS signals, and that alterations in normal

joint crepitus may be a useful indicator of early carti-

lage degeneration. They report the largest KJS signal on

the affected side, with a large displacement, and repetitive

appearance at the same knee angle in cycles. In addition,

bizarre, irregular KJS signals are noticable in the range of

300Hz to 600Hz, produced by degenerate articular carti-

lage. Furthermore, Frank et al. (51) report sharp bursts

(click) in the KJS signal for the case of meniscal lesions,

with short-duration energy in the range of 0–200Hz. Mild

chondromalacia (softening of the cartilaginous surface of
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the inner side of the patella, namely the chondrol) is seen

in the KJS signal as long-duration activity in the range of

0–300Hz. Finally, KJS signals associated with severe

chondromalacia are of relatively low frequencies (i.e., 0–

100Hz) because of loose cartilage tissue existing between

the rubbing surfaces.

3. RECORDING STANDARDS OF BAS

3.1. Recording Sensor Types

The BAS auscultation is traditionally performed by means

of the stethoscope. Listening to BAS by means of a stetho-

scope involves several physical phenomena, such as vibra-

tions of the chest wall that are converted into pressure

variations of the air in the stethoscope, and these pressure

variations are then transmitted to the eardrum. However,

the stethoscope cannot be used in the quantitative analy-

sis of BAS, because it does not provide any means of signal

recording. In addition, it presents a selective behavior in

its frequency response instead of a flat one (at least in the

area of interest, 40–4000Hz).

One basic category of recording devices of BAS signals

refers to microphones. Whatever the type of microphone, it

always has a diaphragm, like in the human ear, and the

movement of the diaphragm is converted into an electric

signal. Two major microphone approaches exist: the

‘‘kinematic’’ approach, which involves the direct recording

of chest-wall movement (‘‘contact sensor’’) and the ‘‘acous-

tic’’ approach, which involves the recording of the move-

ment of a diaphragm exposed to the pressure wave induced

by the chest-wall movement (‘‘air-coupled sensor’’). The

chest-wall movements are so weak that a free-field record-

ing is not possible; it is essential to couple the diaphragm

acoustically with the chest wall through a closed-air cavity.

Whatever the approach, kinematic or acoustic, vibrations

must be converted into electric signals using transduction

principles of (52): electromagnetic induction (movement

of a coil in a magnetic field induces an electric cur-

rent through the coil); condenser principle (changing the

distance between the two plates of a charged capacitor in-

duces a voltage fluctuation); and piezoelectric effect [bend-

ing of a crystal (rod, foil) for the induction of an electric

charge on the surface].

The other category of recording devices includes piezo-

electric accelerometers. A piezoelectric accelerometer ap-

plies the piezoelectric effect in such a way that the output

voltage is proportional to the acceleration of the whole

sensor. Early applications used heavy-weight sensors with

high sensitivity and good signal-to-noise ratio. The dis-

advantages because of its heavy mass are mechanical

loading of the surface wall, difficulties with attachment,

and a low resonance frequency (well within the band of

interest). A piezoelectric accelerometer of very low mass

(1 g) has been applied successfully in the past, yet it may

be so fragile that routine clinical applications may be dif-

ficult (52).

Although both condenser microphones and piezoelec-

tric contact sensors are displacement receivers, the wave-

forms that they deliver are different because of the

coupling differences. Selection criteria of a device should

also include size, average lifetime, and maintenance cost.

Both sensors possess some disadvantages [i.e., piezoelec-

tric sensors are very sensitive to movement artifacts, for

example, by the connecting wire, their characteristics de-

pend on the static pressure against the body surface (53)

and they are brittle, whereas condenser microphones need

mounting elements that change the overall characteristics

of the sound transduction (52)].

3.2. Recording Procedures and Considerations

The most common bandwidth for LS is from 60–100Hz to

2kHz when recorded on the chest and from 60–100Hz to

4kHz when recorded over the trachea. In addition, record-

ing of adventitious sounds on the chest requires a band-

width from 60–100Hz to 6kHz (52). For HS, the useful

bandwidth is from 20Hz to 150Hz, whereas for BS, the

useful bandwidth is similar to the LS recorded from the

chest (i.e. 60–2000Hz). As a result, sampling frequencies of

5 kHz to 10kHz and of 1kHz to 2kHz are sufficient enough

for the acquisition of all LS and HS signals, respectively.

The KJS bandwidth is controversial, and different

ranges have been reported in the literature. In particu-

lar, Chu et al. mention that the frequency content of the

that KJS extends to 20kHz (43,44) whereas Mollan’s work

indicates that the KJS signal is predominantly low-fre-

quency in nature (45–49). They also point out the impor-

tance of the lower frequencies, which are missed by

acoustic microphones but are recorded by contact sensors.

The use of the latter obviates the need to record the KJS

signals in an anechoic or soundproof chamber, or the need

to employ a differential microphone pair for noise cancel-

lation, as in Chu’s experimental setup (43,44). Contact

sensors are insensitive to background noise and small in

size in order to be securely fixed to minimize skin friction

(51). Furthermore, multiple sensors can be employed to

localize defects by multichannel KJS signal analysis (49).

For the case of TMJS, recent studies (50,54) indicate

that the analysis of TMJS needs to cover the whole audible

range (from 20Hz to 20kHz). Consequently, sampling fre-

quency of 48 kHz is the most preferable. Electret micro-

phones, like the SONY ECM 77, have a flat frequency

response from 40Hz up to 20kHz in free-space and

are usually preferred in the recordings of almost all types

of BAS.

For the processing of BAS, an analogue system is re-

quired, which consists of a sensor, an amplifier, and filters

that condition the signal prior to analogue-to-digital (A/D)

conversion (usually with a 12- or 16-bit resolution). A

combination of low-pass filters (LPF) and high-pass filters

(HPF) in cascade is usually applied. The purpose of using

a HPF is to reduce the heart, muscle, and contact noises.

The LPF is needed to eliminate aliasing. The amplifier is

used to increase the amplitude of the captured signal so

that the full A/D converter range can be optimally used,

and sometimes to adjust the impedance of the sensor.

Table 1 tabulates the recommendations regarding the

acquisition of the LS signals. These recommendations

can easily be adapted to the rest of the BAS, taking

into account the aforementioned characteristics per signal

category.
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4. BAS ANALYSIS

The original method of BAS interpretation is auscultation of

the sound signals by the physician. Modern computer-based

analysis extend BAS capabilities by supplying informa-

tion not directly from the sound perception. Nevertheless,

auscultation is still a widespread technique, because it

involves the use of the stethoscope. To this end, in most

cases, the agreement of an automatic method with physi-

cian’s interpretation is a basic criterion for its acceptance.

The BAS analysis includes three main categories: noise

reduction-detection, modeling, and feature extraction-

classification.

4.1. Noise Reduction Detection

Objective analysis of BAS requires a preprocessing proce-

dure regarding the elimination of possible noise effect in

the recorded signal, which mainly refers to the elimina-

tion of the impact of the HS on the LS recordings, elim-

ination of the background noise from BAS recordings or

detection of BAS with transient character, such as DAS or

BS bursts, and reduction of interference in different rep-

resentations of BAS, like the TMJS or HS time-frequency

representation. The above cases are met in the routine

recordings of BAS; hence, advanced signal processing

techniques are needed in order to efficiently circumvent

these noise effects.

4.1.1. HS Interference Elimination. Heartbeating pro-

duces an intrusive quasi-periodic interference that masks

the clinical auscultative interpretation of LS. This is a se-

rious noise effect that creates major difficulties in LS anal-

ysis because of the fact that the intensity of HS is three- to

ten-fold that of LS over the anterior chest and one- to

three-fold that of LS from the posterior bases (55). This

high relative intensity of the HS can easily saturate the

analog amplifiers or the A/D converter, leading to a trun-

cated signal and artifacts, especially in the case of children

and infants, where the heart rate is high and its HS are

loud (56,57). As it is already mentioned, the main fre-

quency components of the HS are in the range of 20Hz to

150Hz (58,59) and overlap with the low-frequency com-

ponents of breath sound spectrum in the range of 20Hz to

2000Hz (14).

Two basic approaches for heart noise reduction were

followed in the literature: high-pass (HP) linear filtering,

with a cutoff frequency varying from 50Hz to 150Hz, and

adaptive filtering. The first approach (14,52) effectively

reduces the HS noise, but, at the same time, it degrades

the respectively overlapped frequency region of breath

sounds. The second approach uses the theory of adaptive

filtering (60) with a reference signal highly correlated to

the noise component of the input signal. To this vein, a

signal preprocessing system with varying amplifier gain

using an adaptive filter (61) was initially proposed. In

addition, a portable breath sound analysis system that

uses an adaptive filter based on the Least Mean Square

(LMS) algorithm for removing HS interferences (62) was

suggested. In both cases, HS signals recorded on the

patient’s heart location were used as the reference input

for adaptive filtering, which inevitably included LS as

Table 1. Summary of Recommendations for the Case of LS Signal Acquisition with Piezoelectric or Condenser Sensors.

Sensor specifications

Frequency response Flat in the frequency range of the sound.

Maximum deviation allowed 6dB

Dynamic range 460dB

Sensitivity Must be independent of frequency, static pressure, and sound direction

Signal-to-noise ratio 460dB (S¼ lmV �Paÿ1)

Directional characteristics Omnidirectional

Coupling

Piezoelectric contact

Condenser air-coupled Shape: conical; depth: 2.5–5mm; diameter at skin: 10–25mm; vented

Fixing methods

Piezoelectric Adhesive ring

Condenser Either elastic belt or adhesive ring

Noise and interferences

Acoustic Shielded microphones; protection from mechanical vibrations

Electromagnetic Shielded twisted pair or coaxial cable

Amplifier

Frequency response Constant gain and linear phase in the band of interest

Dynamic range 460dB

Noise Less than that introduced by the sensor

High-pass filtering Cut-off frequency 60Hz; roll-off 418dB � octaveÿ 1; phase as linear as possible; minimized ripple

Low-pass filtering Cut-off frequency above the upper frequency of the signal; roll-off 424dB � octaveÿ 1; minimized ripple

Source: Ref. 52.
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well. Electrocardiogram (ECG) signal information was

also used as the reference signal for LMS-based adaptive

filtering to reduce HS (57,63), using hundreds of taps (i.e.,

1000 and 300, respectively) resulted, however, in a high

adaptation time. The use of reduced order Kalman filter-

ing (ROKF) for HS reduction was proposed by (64). In

this work, an autoregressive model was fitted to the HS

segments free of respiratory sounds (i.e., breath hold seg-

ments including HS) under the adoption of three assump-

tions (i.e., heart and respiratory sounds are mutually

uncorrelated; these sounds have additive interaction;

and the prior and subsequent HS are linearly related to

the HS corrupted by the respiratory signal). However,

these prior assumptions make the method inefficient

in practical implementations, and it was tested only

with synthesized data and not actual LS; in addition,

this ROKF-based approach exhibits increased computa-

tional cost.

Kompis and Russi (65) proposed a modification to the

adaptive LMS algorithm (58), which combines the advan-

tages of adaptive filtering with the convenience of using

only a single microphone input, eliminating the need of

recording a reference signal. Their modification consisted

of adding a LPF with a cutoff frequency of 250Hz in the

error signal path to the filter. However, their results

showed that HS were still clearly audible because of the

improper identification of the HS segments within a long

sound recording, achieving a moderate heart noise reduc-

tion by 24% up to 49%.

In the same perspective, yet with much better HS noise

reduction results, another single recording adaptive noise

cancellation (ANC) technique based on fourth-order sta-

tistics (FOS) was proposed by Hadjileontiadis and Panas

(66). The ANC-FOS algorithm is an adaptive de-noising

tool that employs a reference signal z(k) highly correlated

with the HS noise. The ANC-FOS algorithm analyzes the

incoming LS signal x(k) to generate the reference signal

z(k), by detecting the real location of the HS in the incom-

ing LS signal. Therefore, the ANC-FOS scheme initially

applies on x(k) a peak detection algorithm, namely local-

ized reference estimation (LOREE) algorithm (66), which

searches for the true locations of HS noise, based on am-

plitude, distance, and noise-reduction percentage criteria.

Its output, z(k), is a localized signal with precise tracking

of the first (S1) and second (S2) heartbeats, highly corre-

lated with heart noise and with no extra recording re-

quirement as Iyer’s method requires (58). The basic

characteristic of the ANC-FOS is that, during the adap-

tation procedure, its update equation consists only of the

fourth-order cumulants of the incoming and reference sig-

nals, and it is not affected by Gaussian uncorrelated noise.

This observation reveals the enhancement achieved in

the robustness of an ANC scheme when FOS are em-

ployed in its structure. Comparing the ANC-FOS algo-

rithm with the adaptive schemes proposed by Iyer et al.

(58) and Kompis with Russi (65), it can be deduced that,

unlike the latter, the ANC-FOS algorithm finds the true

locations of S1 and S2 without assuming any similarity in

the two HS. In addition, neither Iyer’s nor Kompis’ meth-

ods take into account any nonlinear transformation that

might be necessary to correctly account for nonlinearities

in the system, as the ANC-FOS algorithm does because of

the employment of FOS. Furthermore, although Kompis’

method, unlike Iyer’s, avoids the need of extra recording,

it results in moderate noise reduction percentages com-

pared with that of the ANC-FOS scheme. Finally, both

Iyer’s and Kompis’ methods are sensitive to additive

Gaussian noise, whereas the ANC-FOS algorithm is in-

sensitive to Gaussian uncorrelated noise and independent

of it, because it is based on FOS, which are zero for Gauss-

ian processes. An example of the output of the ANC-FOS,

when applied on breath sound recordings contaminated

with HS, is depicted in Fig. 2. From this figure, the effi-

ciency of the ANC-FOS in deteriorating the HS noise leav-

ing the LS signal unaffected is evident.

Recently, a bandpass-filtered version of the original

signal was used as the reference input for an ANC-Recur-

sive Least Squares (ANC-RLS) filtering technique (67).

Although the performance of this method is promising
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Figure 2. (a) Time waveform of 3.27-s raw contaminated LS re-

corded from a subject during normal breathing. (b) Time wave-

form of the corresponding reference signal [LOREE output (66)].

(c) Time waveform of adaptively filtered LS [ANC-FOS output

(66)]. The small, black lines in the input tracing indicate the

presence of the HS noise (S1 and S2 correspond to first and second

HS, respectively).
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both qualitatively and quantitatively, its computational

load is quite high.

Multiresolution analysis, based on the discrete wavelet

transform (WT), has also been used to form filtering tech-

niques for the HS reduction from LS (68,69). In particular,

in (69), an ANC-WT filter is proposed based on the fact

that explosive peaks in the time-domain (HS peaks) have

large signal amplitudes over many WT scales. On the con-

trary, ‘‘noisy’’ background (LS) dies out swiftly with in-

creasing scale. The definition of ‘‘noise’’ is not always clear.

For example, in this case, the HS peaks are temporary

considered as the ‘‘desired’’ signal in order to be isolated

from the LS (background noise); after their isolation, the

residual (i.e., the de-noised LS) is now the desired signal

and the isolated HS peaks are the noise. Hence, it is better

to view an N-sample signal as being noisy or incoherent

relative to a basis of waveforms if it does not correlate well

with the waveforms of the basis (70). From this notion, the

separation of HS from LS becomes a matter of breath

sounds coherent structure extraction. The basic charac-

teristic of the ANC-WT scheme is that, unlike most of the

adaptive-filtering techniques, it does not need any refer-

ence signal for its adaptive performance. Comparing the

ANC-WT algorithm (69) with the adaptive schemes pro-

posed by Iyer et al. (59), Kompis and Russi (65), and the

previously described ANC-FOS (66), it can be noticed that

the ANC-WT scheme possesses all the advantages of the

ANC-FOS algorithm over Iyer’s and Kompis’ methods,

such as finding the true locations of S1 and S2 without as-

suming any similarity in the two HS, avoiding the need of

extra recording, and resulting in high noise reduction. In

addition, the ANC-WT scheme performs better than the

ANC-FOS scheme when the additive noise has an impul-

sive character (e.g., friction sound caused by movement,

impulsive ambient noise, etc). On the other hand, the

ANC-FOS scheme performs better than the ANC-WT

scheme when the input LS signal is contaminated by ad-

ditive Gaussian uncorrelated noise (66,69). Although the

ANC-WT algorithm results in smaller reduction percent-

ages (84.1%) than the ANC-FOS algorithm (4 90%), its

‘‘reference-free’’ structure equalizes this loss characteriz-

ing both of them as attractive noise reduction schemes. An

example of the performance of the ANC-WT when applied

on breath sound recordings contaminated with HS is de-

picted in Fig. 3. From this figure, the adaptation efficiency

of the ANC-WT to HS noise reduction only is evident.

4.1.2. Background Elimination-BAS Detection. The elim-

ination of background noise in the BAS recordings is a

major issue to be considered prior to their diagnostic anal-

ysis, because the presence of background noise severely

influences the clinical auscultative interpretation of BAS.

The elimination of noise results in de-noised BAS that

provide a more reliable and accurate characterization of

the associated pathology.

The noise sources in the case of the BS recordings in-

clude instrumentation noise introduced during the record-

ing process, sounds from the stomach, as well as cardiac

and respiratory sounds, which occur mostly in the case of

infants. In order to yield a successful BS classification, an

effective reduction of noise from the contaminated BS

signal is required, because the presence of the noise in-

troduces pseudoperiodicity, masks the relevant signal, and

modifies the energy distribution in the spectrum of BS.

From the available studies related to BS analysis, only a

few are focused on the BS de-noising process in order to

extract their original structure before any further diag-

nostic evaluation (30,71). Unfortunately, the method used

for noise reduction in (30) was based only on assumptions

and general descriptions of the noise characteristics, form-

ing a static, rather than a dynamic, noise reduction

scheme. In addition, the noise is manually extracted, af-

ter subjective characterization and localization of the

noise presence in the histogram of the recorded BS. The
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Figure 3. (a) Time waveform of 2.48-s raw contaminated LS re-

corded from a subject during normal breathing. (b) Time wave-

form of adaptively filtered LS [stationary ANC-WT output (69)].

(c) Time waveform of the estimated HS [nonstationary ANC-WT

output (69)]. The small, black lines in the input tracing indicate

the presence of the HS noise (S1 and S2 correspond to first and

second HS, respectively).
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second de-noising method of BS, used by Mansy and Sand-

ler (71), is based on adaptive filtering (60) and eliminates

the HS noise from BS recorded from rats. Although it re-

sults in satisfactory enhancement of BS, it still requires

careful construction of a noise reference signal, and it

needs an empirical set-up of its adaptation parameters.

The previously described ANC-WT has been success-

fully applied to circumvent this problem (72). By a simple

modification in its input (BS instead of LS), it results in

efficient de-noising of BS signals, as it is apparent from

Fig. 4.

Comparing the ANC-WT algorithm (72) with the adap-

tive scheme proposed by Mansy and Sandler (71), it can

be noticed that, unlike the ANC-WT scheme, Mansy

and Sandler’s method is a ‘‘nonreference-free’’ scheme, be-

cause, apart from the BS recordings, it requires a refer-

ence signal for its performance. In addition, their scheme

constructs a heart sound template, with averaged HS from

previous successive heartbeats, to estimate the character-

istics of the heart noise. On the contrary, it is not required

by the ANC-WT scheme to describe the characteristics of

the aggregated interference. Moreover, Mansy and Sand-

ler’s scheme is only tested on rats for the construction of

the heart noise template, using their structural charac-

teristics. On the contrary, the ANC-WT scheme is imple-

mented in BS analysis derived from humans, with or

without any gastrointestinal pathology. Finally, its imple-

mentation, unlike Mansy and Sandler’s scheme, does not

require empirical definition of a set of parameters, which

is always prone to subjective human judgment.

As it was mentioned in the description of the LS char-

acteristics in the LS section of this chapter, the DAS be-

have as a nonstationary explosive noise superimposed on

breath sounds. The DAS are rarely normal, so their pres-

ence indicates an underlying pathological malfunction,

which means that their separation from the background

sound (i.e., the vesicular lung sounds or VLS) could reveal

significant diagnostic information. In order to achieve

automated separation, the nonstationarity of DAS must

be taken into account. Thus, neither HP filtering, which

destroys the waveforms, nor level slicing, which cannot

overcome the small amplitude of FC, are adequate for this

task. Application of time-expanded waveform analysis in

crackle time-domain analysis (16,73) results in separa-

tion; it is, however, time-consuming, with large interob-

server variability. Nonlinear processing, proposed by Ono

et al. (74), and modified by Hadjileontiadis and Panas (75),

obtains more accurate results, but requires empirical def-

inition of the set of parameters of its Stationary-nonsta-

tionary (ST-NST) filter. To more efficiently overcome this

problem (i.e., to achieve reliable automated separation of

three types of DAS, namely fine crackles (or FC), coarse

crackles (or CC), and squawks (or SQ), from VLS), a series

of works have been proposed in the literature based on

WT, fuzzy logic (FL), and fractal dimension (FD).

In particular, the WT-based method for automated sep-

aration of DAS from VLS refers to a form of the ANC-WT

scheme adapted for this task. As the problem addressed

here deals with the separation of the nonstationary part of

the LS from the stationary part, the ANC-WT scheme is

renamed to wavelet transform-based ST-NST (WTST-

NST) filter, originally introduced by Hadjileontiadis and

Panas (76). The only changes needed to the ANC-WT

scheme refer to the input signal, which is now the breath

sounds (DAS and VLS), and to the two outputs (nonsta-

tionary and stationary) corresponding to the separated

DAS and the background VLS, respectively. Comparing

the results of the WTST-NST algorithm (76) with those

derived from the application of the nonlinear scheme (ST-

NST) proposed by Ono et al. (74) at the same breath

sounds [analytically shown in Table II in (76)], it is clear

that the WTST-NST filter performs better than the

ST-NST filter in all cases of each type of DAS, which is

a result of the empirical definition of the parameters em-

ployed in the performance of the ST-NST filter, depending

on the characteristics of the input signal. The WTST-NST

filter may be applied to all types of DAS requiring neither

empirical definition nor adaptive updating of its para-

meters according to the characteristics of the input signal.

In addition, the WTST-NST filter, unlike the ST-NST fil-

ter, separates the whole DAS, without leaving the later

parts (i.e., the part of DAS that follows the initial peak).

Regarding the performance of the WTST-NST filter with

that of the rest of separation techniques mentioned before,

the WTST-NST filter clearly overcomes the disadvantages

of HP filtering, because it results in nondestroyed DAS

and VLS; unlike a level slicer it detects all DAS, even

those with small amplitude, and unlike time-expanded

waveform analysis (16,73), it results in accurate, fast, and

objective results, regardless of DAS type and without

employing any human intervention.

Although the WTST-NST filter obtains the most accu-

rate separation results among all other methods reported

in the recent literature, it cannot serve as the optimum

solution when the real-time analysis of the LS is the pri-

mary aim. To this end, enhanced real-time DAS detectors

(a)

(b)

(c)

Figure 4. The performance of the ANC-WT filter when applied

on recorded BS from a patient with irritable bowel syndrome (72).

(a) The originally acquired BS signal. The arrowheads in the in-

put tracing indicate the events of interest that correspond to BS.

(b) The de-noised BS [nonstationary output of the ANC-WT filter

(72)]. (c) The estimated background noise [stationary output of

the ANC-WT filter (72)].
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based on FL have been proposed. The first one, namely

generalized FST-NST (GFS-NST) filter, is based on a gen-

eralized version of the fuzzy logic-based ST-NST (FST-

NST) filter proposed by Tolias et al. (77), and uses one

fuzzy inference system (FIS) dedicated to the estimation of

the stationary part of the signal to provide a reference to

the second FIS that estimates the nonstationary part (78).

In an alternative approach in developing fuzzy models

for real-time separation of DAS from VLS, the model gen-

eration process is based on the Orthogonal Least Squares

(OLS) concept (79), providing structure and parameter

identification, as well as performing input selection.

In particular, the parameters of the resulting models are

calculated in a forward manner without requiring an it-

erative training algorithm. Therefore, the method does not

suffer from drawbacks inherent to gradient-based tech-

niques, such as tapping to local minima and extensive

training time. This approach uses two FISs that operate in

parallel and form the OLS-based fuzzy filter (OLS-FF)

(80). In general, the OLS-FF improves the structure

employed in (78), introducing a more flexible architecture.

As a result, it activates the optimum employed fuzzy rules,

uses a lower number of rules, and comprises the most

appropriate inputs for each of them, which is a clear ad-

vantage over the previous work (78), because the latter

uses a complete rule base and consequent parts with fixed

number of terms. In addition, unlike the GFST-NST filter,

the OLS-FF does not require a training phase for the es-

timation of the optimum model parameters, because they

are calculated on the spot. Although the OLS-FF exhibits

an inferior performance compared with the WTST-NST

filter (76), it satisfies the real-time implementation issue.

However, the GFST-NST filter (78) performs better than

the OLS-FE by 1% up to 4% for the cases of CC and SQ,

and by 14% for the case of FC as a trade-off between

the structural simplicity of the OLS-FF. On the contrary,

the OLS-FF requires a significantly smaller (by 62%) com-

putational load than the GFST-NST filter, improving the

procedure of clinical screening of DAS under a real-time

implementation context (80,81). Figure 5 illustrates
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Figure 5. Examples from the performance of (i) the WTST-NST filter (76) on FC and (ii) the GFST-

NST filter (78) on CC. In both subfigures, (a)–(c) correspond to the input signal, the estimated de-

noised BAS, and the estimated background noise, respectively. Furthermore, the arrowheads in

both input tracings indicate the events of interest that correspond to BAS.
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some examples of the performance of the WTST-NST and

the GFST-NST filters.

Recently, an FD-based approach has been proposed to

address the detection of DAS in the LS signal and of BS in

the background noise (82). In particular, this technique

forms an FD-based detector (FDD), which assesses the

complexity of the sound recordings in the time-domain in

order to efficiently detect the time location and duration

of the nonstationary LS and BS. As nonstationarity is the

key feature for the detection of these sound recordings, its

direct relationship with the signal complexity makes the

FD measure a possible tool for their detection. Compared

with the previous approaches (75–78,80,83), the FDD is

more attractive because of the simplicity in the evaluation

of the FD measure, because the FDD is a time-domain

FD algorithm that operates directly on the signal and

not on state space, and hence it has fast computational

implementation.

4.1.3. Reduction of Interference in TMJS and HS Time-
Frequency Representation. Time-frequency signal analysis

has recently experienced an accelerating development of

interest. Although spectrogram and Wigner–Ville distri-

bution [both members of Cohen’s Class of Distributions

(84)] have been used in tracking the frequency content of

nonstationary signals, they both exhibit liabilities, such as

failure to resolve signal components close in frequency

and production of interference (cross terms) because of

interactions between signal components, respectively.

To this end, Williams and Jeong have proposed a reduced

interference distribution (RID) (85,86), aiming at achiev-

ing high-resolution time-frequency distributions within

Cohen’s class with much reduced cross-term or interfer-

ence activity. The suppression of cross terms was achieved

by attenuating distant terms in the ambiguity-domain, at

the same time retaining a number of other desirable math-

ematical properties, which are not exhibited by other

members of Cohen’s class (85,86). The RID-based analy-

sis of TMJS (50,86–88) provided the successful categori-

zation of TMJS to five types described in the Joint Sounds

section of this chapter.

In a similar vein, Wood and Barry and their colleagues

(89–92) used the binomical form of the RID in the HS

analysis in order to clearly track the alterations of the dy-

namic changes in physiological properties caused by pa-

thology. Guo et al. (93,94) devised the Bessel kernel that

generally falls into the RID class, exhibiting further ad-

vantages in the HS analysis, particularly of valve sounds.

They have also found that, by increasing the computa-

tional burden and relaxing some of the constraints on the

distribution, like the time support constraint such that the

kernel is integrating (or summing) over a larger range of

signal values, the noise is further suppressed (93,94).

4.2. Modeling

Modeling of the system that produces the BAS contributes

to the understanding of their production mechanisms.

The way the pathology affects these mechanisms is

reflected in the modeling parameters adopted, which is

a very important issue in the analysis of BAS, because

efficient modeling could lead to an objective description of

the changes a disease imposes to the production or trans-

mission path of the BAS.

LS originated inside the airways of the lung are mod-

eled as the input to an all-pole filter, which describes the

transmission of LS through the parenchyma and chest

wall structure (95). The output of this filter is considered

to be the LS recorded at the chest wall. As it is already

mentioned in previous subsections, the recorded LS also

contain heart sound interference, the reduction of which

has been thoroughly addressed in the Noise Reduction-

Detection section of this chapter. Muscle and skin noise,

along with instrumentation noise, are modeled as an

additive Gaussian noise. With this model, given a signal

sequence of LS at the chest wall, an autoregressive (AR)

analysis based on third-order statistics (TOS), namely AR-

TOS, can be applied to compute the model parameters.

Therefore, the source and transmission filter characteris-

tics can be separately estimated, as it is thoroughly de-

scribed in (81,96). The profound motivations behind the

use of the AR-TOS model is the suppression of Gaussian

noise, because TOS of Gaussian signals are identically

zero. Hence, when the analyzed waveform consists of

a nonGaussian signal in additive symmetric noise (e.g.,

Gaussian), the parameter estimation of the original signal

with TOS takes place in a high-SNR domain, and the

whole parametric presentation of the process is more ac-

curate and reliable (97,98). The model used for the LS

originated inside the airways considers the LS source as

the output from an additive combination of three kinds of

noise sequences (14). The first sequence (periodic impulse)

describes the CAS sources, because they have character-

istic distinct pitches, and they are produced by periodic

oscillations of the air and airway walls (see also the Cat-

egorization and Main Characteristics subsection of Lung

Sounds) (9,17). The second sequence (random intermittent

impulses) describes the crackle sources, because they are

produced by sudden opening/closing of airways or bub-

bling of air through extraneous liquids in the airways,

both phenomena associated with sudden intermittent

bursts of sounds energy (see also the Categorization and

Main Characteristics subsection of Lung Sounds) (9,17).

Finally, the third sequence (white nonGaussian noise) de-

scribes the breath sound sources, because they are pro-

duced by turbulent flow in a large range of airway

dimensions (see also the Categorization and Main Char-

acteristics subsection of Lung Sounds) (9,17). The estima-

tion of the AR-TOS model input (LS source) can be derived

from the prediction error by means of inverse filtering

(96,99).

As it was described in the Lung Sounds section, among

the different kinds of BAS recorded from the human body,

some exhibit sharp peaks or occasional bursts of outlying

observations that one would expect from normally distrib-

uted signals, such as the DAS and some types of impulsive

BS. In addition, these BAS occur with a different degree of

impulsiveness. As a result of their inherent impulsive-

ness, these BAS have a density function that decays in the

tails less rapidly than the Gaussian density function (100).

Modeling based on alpha-stable distribution is appropri-

ate for enhanced description of impulsive processes (100).
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Furthermore, under the nonGaussian assumption in the
context of analyzing impulsive processes, among the var-
ious distribution models that were suggested in the past,
the alpha-stable distribution is the only one that is moti-
vated by the generalized central limit theorem. This the-
orem states that the limit distribution of the sum of

random variables with possibly infinite variances is sta-

ble distribution (101). Stable distributions are defined by
the stability property, which says that a random variable,

X, is stable if and only if the sum of any two independent

random variables with the same distribution as X also has

the same distribution (101). Following this approach, im-
pulsive LS (i.e., DAS) and BS with explosive character can
be modeled by means of alpha-stable distribution, sym-

metrical alpha-stable (SaS) distribution, and lower-order

statistics (LOS) (102). From the estimated parameters of
the (SaS) distribution of the analyzed impulsive BAS with
the log|SaS| method (100) (because the fractile method
(103) works only for a � 0:6, and the regression method
(104), needs empirical parameter setting), it is derived
that when the contaminated (without de-noising) impul-
sive BS are analyzed, the values of a are large enough
(near 1.5), whereas when the AR-estimated inputs of the
de-noised data are analyzed, these values decrease dra-
matically. This fact is because of the increase of impul-
siveness of the analyzed signal, since the vesicular sound
and the background noise are suppressed after de-noising.
In fact, the impulsive source sound, initiated inside the
lung or the bowel, reaches the surface with different signal
characteristics, indicating a shifting toward the Gaussian
distribution because of the superimposed Gaussian noise.
Generally, the values of dispersion g are low enough, in-
dicating small deviation around the mean, whereas the
location parameter a has mean values around zero, indi-
cating low mean and median for 1oa � 2 and 0oao1,
respectively (102). The covariation coefficient lSQ–FC cal-
culated for the cases of the sound sources of SQ and FC
(102) shows an almost 50% correlation between the SQ
and FC, confirming the accepted theory that SQ are pro-
duced by the explosive opening, because of a FC, and de-
caying fluttering of an unstable airway (9,17), which
proves that SaS distribution- and LOS-based modeling
of impulsive BAS provide a measure of their impulsive-
ness, and, at the same time, reveals the underlying rela-
tionships between the associated production mechanisms
and pathology.

4.3. Feature Extraction Classification

The characteristics of BAS provide a variety of structural
features that are directly connected to the underlined pa-
thology. The correlation of these features with parameters
derived from advanced processing of BAS provides a
means for their efficient classification and, consequently,
for the classification of the associated pathology.

The LS that are characterized as musical are the CAS
[i.e., wheezes (WZ), rhonchi (RH), and stridors (STR)] de-
scribed the Categorization and Main Characteristics sub-
section of Lung Sounds. The musical character of these LS
is reflected to the power spectrum through distinct fre-
quency peaks (14). As the second-order statistics suppress

any phase information, they fail to detect and characterize
the nonlinear interactions of the distinct harmonics. Spec-
tral-based methodologies have been widely applied to fre-
quency-domain analysis of musical LS (mainly wheezes)
(14,105,106). They, however, do not take into account the
nonlinearity and nonGaussianity of the analyzed pro-
cesses. On the contrary, higher-order statistics (HOS) pre-
serve the phase character of the signals (97) and have
been used as a useful tool for the detection of nonlinearity
and deviation from Gaussianity of the signals. In this way,
the process of musical LS is expanded to more accurate
estimations of their true character. In particular, based on
the results presented in (107), it can be concluded that a
strong quadratic phase coupling exists among the distinct
harmonics of the musical HS along with a strong non-
Gaussianity of the analyzed processes for the case of in-
creased pathology.

Furthermore, bispectral analysis of HS (108) indicate
that more efficient discrimination of cardiac pathologies
could be established in the bispectrum-domain [higher
(42)-order spectrum] rather in the power spectrum one,
which can be used for further elicitation of the diagnostic
character of HS.

Moreover, bispectral analysis of BS (109) shows the abil-
ity of bispectrum to differentiate the BS recorded from a
patient with bowel polyp before and after the polypectomy,
hence to reflect the anatomical changes of the bowel. In
addition, in (109), HOS-based analysis of BS recorded from
controls shows a strong deviation from normality and lin-
earity; for BS recorded from patients with diverticular dis-
ease, it shows increased nonGaussianity and decreased
nonlinearity; for BS recorded from patients with ulcerative
colitis, it reveals a strong deviation from normality and
linearity; and for BS recorded from patients with irritable
bowel syndrome, it results in increased nonGaussianity
and decreased nonlinearity (109). These results show that
HOS provide a new perspective in the computerized analy-
sis of BS, defining an enhanced field of new features, which
reinforce the diagnostic character of BS.

Considering the nonGaussianity and the impulsiveness
of crackles and artifacts, we could model them as SaS-dis-
tributed processes, in the way it is described in the
Modeling section of this chapter. By estimating the char-
acteristic exponent a for each category (crackles, back-
ground noise, and artifacts) using the log|SaS| method
(100), a classification criterion could be established based
on the estimated alpha values. This approach has been
adopted in (110), which deduces that the FC follow approxi-
mately the Cauchy distribution (mean a¼ 0.92, which is
close to a¼ 1.0 and holds in the case of the Cauchy distri-
bution), whereas the CC deviate both from Cauchy and
Gaussian distributions (mean a¼ 1.33). The artifacts have
high impulsiveness (mean a¼ 0.0218). The events that re-
semble the vesicular sound are seen as background noise
and are modeled as Gaussian processes (values of a41.8 or
very close to 2.0; a value that holds in the case of the
Gaussian distribution).

Higher-order crossings (HOC) [i.e., the zero-crossing
counts resulting from the application of a bank of filters to
a time series (111)] have also been applied in the classifi-
cation analysis of BAS, because HOC constitute a domain
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by itself, which ‘‘sits’’ between the time- and spectral-

domains (111). Consequently, the use of the white noise

test (WNT) (i.e., the measurement of the distance of the

signals under consideration from white Gaussian noise)

and the HOC-scatter plot (HOC-SP), which is a scatter-

gram that depicts a pair of simple HOC (Dj, Dk) (111), can

be used for the BAS classification. In particular, the WNT

is employed so the two categories of the signals, for exam-

ple, FC and CC, are indirectly compared with each other.

The ith order of HOC that results in the maximum dis-

tance between the two categories, defined as the maxi-

mum distance from the lower curve of one category to the

upper curve of the other at the ith order, provides with a

linear discrimination in the HOC domain. In particular,

by plottingDi versusDi7m, wherem usually equals 1, 2, or

3 (for iZ5), the resulted HOC-SP reveals two linearly sep-

arated classes. As a result of the linear character of the

separation, a simple single-layer perceptron neural net-

work (112) can be used for decision on class membership.

Results from the HOC-based analysis of crackles (113),

initially de-noised with the WTST-NST filter (76), are illus-

trated in Fig. 6. From Fig. 6a, it is clear that the order,

which provides with the maximum distance between FC

and CC, the so-called ‘‘opened-eye,’’ equals 12 (denoted by

an arrow). This distance is reflected to the corresponding

HOC-SP (D12, D13) of Fig. 6b, where FC and CC are con-

centrated in two distant, linearly separated classes. These

results indicate that the HOC-based indices result in fast,

easy, and efficient discrimination of crackles, providing with

a simple decision rule for categorizing FC and CC.

Further application of HOC-based classification of BAS

includes discrimination between normal LS and abnormal

bronchial LS heard over the trachea (tracheobronchial LS)

(114); de-noised BS recorded from patients with different

pathologies of the large bowel, such as ulcerative colitis

and diverticular disease; and de-noised BS recorded from

patients with small volume ascites and controls (115). In

all referenced cases, a linear separation is feasible, exhib-

iting the potentiality of the HOC-based analysis to provide

an efficient classification domain in a diversity of BAS

types.

Classification of TMJS from joint with and without ef-

fusion using spectrogram-based analysis is presented in

(116) where it is concluded that joints with effusion can be

identified through the unstable sound patterns as they are

revealed in the time-frequency domain. In this way,

screening of patients with suspected effusion is much

more simple and less expensive than the current use of

magnetic resonance imaging.

The way the head tissues affect spectral characteristics

of TMJS and how these differences (because of different

positioning of sensors) can be used in the localization of

source are explored in (117). They conclude that spec-

tral analysis of bilateral electronic TMJS recordings is

of diagnostic value when bilateral clicking is heard at

auscultation and can help to avoid diagnosing a silent

joint as clicking.

Wavelet transform-based representations of TMJS are

used in (118) to visually differentiate between controls

and patients with reducing displaced disks. A 3� 7 bior-

thogonal spline WT is used to create three-dimensional

time-frequency graphs of the TMJS from each category,

resulting in distinct visual differences between patients

and controls (118).

In parallel to the aforementioned approaches, a num-

ber of research efforts have been placed on the computer-

ized classification of TMJS, especially in the RID-analysis

domain. In particular, replacement of the visual analysis
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Figure 6. (a) Results from the WNT for FC and CC with the HOC order ranging from 1 to 20. The

estimated HOC sequences of FC (FC-HOC) and CC (CC-HOC) are compared with the white noise

(WN) limits. The maximum distance between FC-HOC (most upper) and CC-HOC (most lower)

lines is denoted with an arrow located at the 12th HOC order. (b) Scatter plot of 12th-order (D12) vs.
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the two groups. The solid and dash-dotted circles correspond to [mean value7 (standard deviation

þ standard error of the mean)] of the distance from cluster center, both for FC and for CC.
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of RIDs of the TMJS (an expensive and error-prone pro-

cedure) with neural networks has been proposed in (119).

Adaptive Gabor transforms (120) and the third-order

Rényi number of the RIDs were also used for discrimina-

tion among the five TMJS types (see the Joint Sounds

section of this chapter), especially for the differentiation

between the clickings and the crepitations (120). Yang

et al. (121) used neural networks-, nearest linear combi-

nation-, and nearest constrained linear combination-

based classifiers to automatically distinguish between

types 1–3 of the TMJS classes (see the Joint Sounds sec-

tion of this chapter). Finally, an extension of Yang’s work,

employing concepts of time-shift invariance with and

without scale in variance, is presented in (122), which

shows that the classifier performance is significantly im-

proved when scale invariance is omitted.

Spectrogram-based analysis of KJS from patients with

end-stage osteoarthritis, patellofemoral joint disorders,

and lateral meniscal bucket handle tears is presented in

(123). They have found a distinct shift of the spectrum to

lower frequencies after intra-articular injection of Hya-

luronic acid to the knee, establishing an efficient way of

measuring the improvement of the lubricative functions

through the spectral characteristics of KJS.

The use of matching pursuit method (124) in creating

high-resolution and interference-free time-frequency rep-

resentations of KJS is presented in (125). They involve

time-frequency features, such as instantaneous energy,

instantaneous energy spread, instantaneous frequency,

and instantaneous frequency spread, in order to clas-

sify KJS from normal and abnormal knees. They report

classification accuracy up to 86%, exhibiting high sensi-

tivity in screening patellofemoral articular cartilage dis-

orders, such as chondromalacia patella. Furthermore,

they employ Hough (126) and Radon (127) transforms in

order to extract patterns/signatures from the time-fre-

quency domain, which could aid in better screening and

understanding of how the movement of knee affects KJS

patterns.

The issues presented here adopt the same endeavor:

exploitation and surfacing of the valuable diagnostic in-

formation that exists in bioacoustic signals. Under this

common aim, the different approaches of de-noising, de-

tection, modeling, feature extraction, and classification

described here introduce new pathways in the analysis

of BAS, toward a noninvasive, efficient, and objective eval-

uation and understanding of the human body functioning.
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