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Abstract: Clinical percussion is a method of eliciting sounds from the body by tapping with either a 

percussion hammer or fingers to determine the area under the perused is air filled, fluid filled, or solid, and 

is used in clinical examinations to assess the condition of the thorax or abdomen. Successful diagnosis today 

is still highly subjective and dependent’s on physician skill, experience and require quite surrounding areas. 

An automated system capable of delivering standardized percussion analysis would remove these 

limitations on the technique and allow for its usage by those without such specialized training and years of 

necessary experience. For this to be possible, efficient and informative signal processing algorithms must be 

employed. In this investigation, clinical percussions from healthy volunteers taken by trained medical 

professionals were analysed via the matching pursuit (MP) algorithm. Various types of possible dictionaries 

are discussed comparing their efficiency and convergence behaviour. Noise filtering methods are discussed 

and a noise reduction method based on MP analysis results is presented.MP is also compared to other 

methods for representing clinical percussions with regards to informativeness and efficiency. MP is 

𝒪(𝑛log𝑛) which is more efficient than current methods which have a complexity of at least 𝒪(𝑛3). 
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1. Introduction 

Clinical percussion is the method of eliciting sounds by tapping different areas of the human body either 

with finger tips or a percussion hammer [1], [2]. By interpreting the audible percussion sounds, a skilled 

physician can determine the location and dimensions of the underlying body organs in norm and pathology 

as well as find out whether the underlying tissues contain air or fluid inclusions, density anomalies or 

anatomical defects [1], [3], [4]. Percussion has been successfully used for the diagnosis of such potentially 

lethal conditions as traumatic tension in the pneumothorax. The success of this classical method depends 

on the experience and individual talent of the physician whose trained ears and brain learn to interpret 

subtle differences between percussion sounds from many patients in a quiet room. Overall, these factors 

lead to a method that while proven to be diagnostically informative, is subjective and has low sensitivity in 

comparison to other diagnostic methods. In this respect, automated analysis and computerized 

representation of percussion findings might help determine the pathological condition in a more objective 

and standardized way. The use of digital signal processing techniques to extract diagnostic information 

from percussion sounds would comprise a major step towards advancing the utility of medical percussion 
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beyond its traditional scope. The excitation and sensing modules can be implemented in a hand-held 

percussion device equipped with an embedded microcomputer to perform data acquisition and 

classification of the signals in a standardized and reliable manner. Such portability would enable rapid 

on-site diagnostics of pulmonary trauma in situations where immediate or thorough clinical examination be 

a physician would be impossible. The majority of the preceding work attempting to objectively classify 

percussion sounds is based on Fourier analysis methods [5]. Previous investigations by our group [6]-[8] 

have shown that medical percussion signals are well suited to decomposition into a sum of exponentially 

damped sinusoids (EDS). Non-linear spectral fitting procedures have been able to approximate various 

percussions using 1-3 damped harmonics. Unfortunately, these types of fits are difficult to implement with 

automated procedures due to the complexity of the method and the requirement for semi-empirical fitting 

parameters to be used [6]. The Matrix Pencil Method (MPM) has also be shown to be a method capable of 

decomposing percussions into a sum of EDS components that is much more resilient to noise than spectral 

fitting procedures and is an easily automated algorithm [7]. The MPM minimizes the norm of all possible 

solutions through singular value decomposition (SVD). This results in a least-squares optimal solution [8] 

but this also tends to spread the signal energy across EDS modes which results in fits with a large number 

of small order terms [9]. In addition, for 𝑚 × 𝑛  matrix, SVD calculations are 𝑂(𝑚𝑛2)[10]  which, 

combined with the eigenvalue calculation required to determine system poles, could result in a 

computationally expensive solution that may not be desirable for real time application. Many signal 

decomposition methods such as wavelet and Fourier analysis attempt to project a signal onto a basis, often 

orthogonal, that provides for sparse decompositions and ideally a representation that well models the 

nature of the problem. However, modelling an arbitrary signal with a given basis may have serious 

drawbacks if the basis is not well suited to that specific signal. In order to overcome these issues, an 

over-complete basis characterized by basis components representing a variety of signal behaviours can be 

used [9], [11]. Decompositions using over-complete basis sets (i,e. non-orthogonal) can be carried out using 

various methods; these include the method of frames [12], “best basis" methods that attempt to determine 

an appropriate basis through the use of metrics such as entropy [13] or other algorithms [14], basis pursuit 

[15], and matching pursuit algorithms [11], [16]-[18]. Matching pursuit (MP) is a method of decomposing 

signals using time-frequency dictionaries [9], [11] with applications to parametric audio coding and 

classification [9], [19], audio and video compression [20] and de-noising [21]. The goal of this method is to 

iteratively determine the best signal decomposition from an over complete atomic dictionary. Typical 

dictionaries are comprised of symmetric Gabor atoms [9], [11] and other windowed harmonic atoms [9], 

[21] or wavelet basis dictionaries that are chosen based on their similarity to the behaviour of the signals 

being analysed. Applying MP decomposition to medical percussions signals can quickly determine an 

atomic decomposition of the signal and by analyzing critical parameter; the signals can be grouped into 

subclasses. Historically, the clinical study of percussions identifies two signal groups known as "tympanic" 

and "resonant" and the ability to assign a signal to one of the two groups opens the possibility for 

automated diagnostic of air or liquid inclusions in the thorax or abdomen. 

2. Materials and Methods 

 Materials 2.1.

The percussions analysed in this study were collected on healthy volunteers at the Detroit Medical Center 

by trained medical professionals. The testing of human subjects was performed according to the protocol # 

0710005340 (“Portable Pulmonary Injury Device”) approved by the human investigation committee for the 

Wayne State University institutional Review Board (M1) for the period of 09/25/2008 through 

09/24/2009.  
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Fig. 1. Two examples of audible percussion signals collected from healthy volunteers: (a). Signal from the 

left sub clavicular area (“resonant” character); (b). Signal from the left abdominal area (“tympanic” 

character).  

 

A mediator plate (plessimeter) was placed on the volunteer's chest or abdomen and was struck by a 

neurological hammer to produce a percussion signal. Percussions were received with a tripod-based 

omnidirectional electrical condenser air microphone. For all signals, the microphone was placed at a 

distance of 150-300mm from the percussion site. The signals were then amplified and digitized at a 48 kHz 

using a 24-bit computer sound card. Two examples of percussion waveforms can be seen in Fig. 1. The 

“resonant" percussion (Fig. 1(a)) is a typical percussive response from normal lung tissue in the area of the 

upper chest in the sub clavicular area while the “tympanic" signal (Fig. 1(b)) is typically expected in the case 

of pneumothorax conditions [1]. It is worth noting that the signals measured in these studies are similar in 

appearance to those found by Murray and Neilson [5]. 

 Methods 2.2.

2.2.1. Matching pursuit 

Matching pursuit is an iterative, greedy algorithm for decomposing signals in terms of a series of basis 

functions chosen from a over-complete dictionary [11]. This algorithms iteratively finds best matches of a 

signal to vectors in usually highly redundant and over-complete set of time-limited functions, or atoms, 

called a dictionary [11]. Using a dictionary that is comprised of elements that resemble the underling signal 

structures, a sparse signal representation can be formed via MP. First, a dictionary of functions 𝑔𝑚 ∈ 𝐷  is 

defined with 𝑔𝑚 ∈ 𝐻,  a Hilbert space. The goal of the pursuit is to determine an M term expansion of a 

signal x[n] such that 

 

𝑥[𝑛] = ∑ 𝛼𝑖𝑔𝑖[𝑛]𝑀
𝑖=1                                   (1) 

 

With each term corresponding to a weight 𝛼𝑖 ∈ ℛ and a dictionary function 𝑔𝑖 ∈ 𝐷. At every iteration 𝑖, 

the atom selected is the one that minimizes the energy of the residual 

 

𝑟𝑖+1 = {
𝑥[𝑛] − 𝛼𝑖𝑔𝑖               if 𝑖 = 0

𝑟𝑖 − 𝛼𝑖𝑔𝑖                   if 𝑖 > 0
                             (2) 

International Journal of Computer and Electrical Engineering

250 Volume 7, Number 4, August 2015



  

Provided that ‖𝑔𝑚||2 = 1 for 𝑔𝑚 ∈ 𝐷 

 

𝑔𝑖 =𝑔𝑚∈𝐷
argmax〈𝑔𝑚|𝑟𝑖〉

                                    (3) 

 

𝛼𝑖 = 〈𝑔𝑖|𝑟𝑖〉                                      (4) 

 

where 〈𝑔𝑖|𝑟𝑖〉 is the inner product, 

 

〈𝑔𝑖|𝑟𝑖〉 = ∑ 𝑔𝑖[𝑛]. 𝑟𝑖[𝑛]𝑁
𝑛=1                                 (5) 

 

The algorithm will continue for M iterations giving  

 

𝑥[𝑛] ≈ ∑ 𝛼𝑖𝑔𝑖 = ∑ 〈𝑔𝑖|𝑟𝑖〉𝑔𝑖
𝑀
𝑖=1

𝑀
𝑖                             (6) 

 

The number of iterations carried out is typically determined by predefined stopping criteria dependent 

on underlying signal characteristics. Typical criterion include producing an expansion of a set number of 

iterations or continuing until the residual after the 𝑀 − 𝑡𝑕  residual 𝑟𝑀  has an 𝐿2 norm that falls below a 

certain fraction of the original signal energy [11]. In the latter case, if iterations are stopped after a fraction 

of the original energy ∈ remains, the criterion would be  

 

‖𝑟𝑀||2

‖𝑥||2 <∈                                       (7) 

 

This value is arbitrary and is determined by the application. 

2.2.2. Atomic dictionaries 

Due to the general nature of the MP algorithm, it is important to select a basis dictionary that has a 

similar structure as the signals in question in order to achieve sparsity. On the other hand, performing 

pursuits over large dictionaries can be computationally expensive which makes choosing an optimal, easily 

tractable dictionary important. Since the only requirement is that an atom 𝑔𝑖 ∈ 𝐻, many types of function 

dictionaries are available. The nature of medical percussions presents a few obvious initial choices. The 

harmonic nature of percussive signals has been analysed in previous studies [6]-[8] and EDS 

decompositions have been used in the past to exploit this.  

The tympanic signal can typically be well fitted with a single Lorentzian curve in Fourier space. The 

resonant signal however is more broadband requiring a larger number of terms in the fits. Both signal types 

are band limited to approximately 1 KHz. The signals have been characterized using a sum of a few damped 

sinusoidal oscillators and it has been found the signals can be characterized using one to three of these 

atoms in summation. In addition, differences can be seen between the Fourier spectra of the two classes of 

percussions (Fig. 2). 

However, pursuits involving purely EDS dictionaries exhibit behaviours that can potentially introduce 

artefacts into the residual that result in the addition of energy rather than its removal [22]. Additional 

dictionary elements need to be included with a higher level of localization in order to ensure that 

convergence can be achieved. This will require additional computation to pursue over a larger dictionary 

which introduces further computational complexity rather than reducing it. Gabor dictionaries [11], [23] 

consist of Gaussian windows modulated by sinusoidal oscillators and are often used in MP decompositions 

[11], [24]. These atoms are defined in terms of a parameter set (𝑡𝑐, 𝑡𝑤, 𝑓, ∅) giving the time center of the 

Gaussian window 𝑡𝑐 the window size 𝑡𝑤 ,  and the carrier wave's frequency 𝑓 and phase ∅. 
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Fig. 2. Power spectrum of a typical tympanic signal (dashed) and resonant signal (solid) percussion. 

 

3. Implementation 

The experimental setup used for capturing the medical percussions was configured to begin recording 

audio 30ms before the actual signal event occurs. This window (or “pre-stage") allows for recording of the 

ambient background noise that can be used for noise filtering in the signal processing stage. This pre-listen 

waveform was assumed to be representative of the noise during the percussion event. Prior to MP analysis, 

signals were processed with noise reduction filter constructed using acoustic information gathered in the 

pre-record window.  

 

 
Fig. 3. Block diagram of the matching pursuit algorithm.  

 

Signals were first filtered using the method of outlined in Section 3.1. The cleaned signal was then 

analyzed using MPTK, setting it as the initial residual. At each iteration, the inner product set is determined; 

the atom is chosen and subtracted from the residual. The process continues for 25 iterations.  

These cleaned signals were then used as the input signal for the MP algorithm with no additional 

cropping or filtering. Pursuits were carried out using the Matching Pursuit Toolkit (MPTK) [24]. A block 

diagram of the algorithm can be seen in Fig. 3. 

 Pre-filtering 3.1.

The noise reduction scheme is outlined in [25]. Since the percussion signals exhibit a harmonic structure, 

a filter preserving the underlying harmonics would be ideal in a noise filtering method. We assume the 

usual model of a signal  
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𝑥(𝑡) = 𝑠(𝑡) + 𝑛(𝑡)                                   (8) 

 

where, 𝑠(𝑡) and 𝑛(𝑡)  are the percussion and noise signal, respectively. If we have 

𝑆(𝑝, 𝑘), 𝑁(𝑝, 𝑘)and 𝑋(𝑝, 𝑘) as the 𝑘 − 𝑡𝑕 spectral elements of the windowed frame 𝑝 of the percussion, 

noise and measured signal respectively, we construct a filter using a gain 𝐺(𝑝, 𝑘) for a given component to 

determine the percussion spectrum estimate 

 

𝑆  ^(𝑝, 𝑘) = 𝐺(𝑝, 𝑘)  𝑋(𝑝, 𝑘)                               (9) 

 

The pre-listening stage was assumed to be approximate to 𝑛(𝑡) for the purpose of determining the 

frequency spectrum |𝑁(𝑝, 𝑘)|2. A local SNR estimate 𝑆𝑁𝑅^(𝑝, 𝑘) is then determined and a Wiener filter is 

constructed as 

 

𝐺(𝑝, 𝑘) =
𝑆𝑁𝑅^(𝑝,𝑘)

1+𝑆𝑁𝑅^(𝑝,𝑘)
                                 (10) 

 

Giving, the signal estimate 𝑆(𝑝, 𝑘) as in (9). 

 Matching Pursuit 3.2.

Pursuits were performed using MPTK with a stopping criterion of 25 iterations. MPTK is an open 

software library that provides a fast MP implementation for a variety of atomic function classes. Pursuits 

are calculated in terms of short-time Fourier transforms which allow for an 𝑂(𝑛 log 𝑛) implementation of 

the algorithm as opposed to the general 𝑂(𝑛2).   

A dictionary was generated consisting of Gabor atoms with Gaussian window sizes of 25 to 213 samples 

which correspond to times of 0.6 and 85ms respectively. All atoms were evenly spaced 0.6ms along the time 

axis with a frequency resolution of ±0.75Hz. To give an idea of scale, percussions used in this analysis have 

durations of less than 40ms and typically greater than 10ms. For testing, a sample database of 190 clinical 

percussion scans was assembled with an approximately equal number of tympanic and resonant 

percussions included in the dataset. 

 

 
Fig. 4. Matching pursuit reconstruction of a tympanic signal superimposed over the original signal. 

 

 
Fig. 5. Matching pursuit reconstruction of a resonant signal overlaying the original percussion signal. 
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4. Results and Analysis 

Fig. 4 and Fig. 5 show the time series MP reconstructions of a resonant and tympanic percussion 

respectively. The corresponding parameter values for the tympanic and resonant percussions can be seen in 

Tables 1 and 2 respectively. Pursuits will produce a greedy expansion resulting in the most significant 

information being contained within the first few atoms considering that percussion signals are well 

localized due to their rapid decay. The impulsive nature of the signals causes the largest amplitude atom to 

align with the onset of the signal. 

 

Table 1. Pursuit Atom Parameters for a Typical Tympanic Percussion Signal 
Amplitude [A.U] Tc (ms) Fc(Hz) Tw(ms) Φ (rad) 

14.94 753.3 197.0 213.3 -0.01 

2.85 726.7 350.8 213.3 -1.73 

2.31 92.0 178.7 213.3 -0.82 

2.16 65.3 68.8 106.7 2.95 

1.79 88.0 276.9 106.7 0.77 

 

Table 2. Pursuit Atom Parameters for a Typical Resonant Percussion Signal 
Amplitude [A.U] Tc (ms) Fc(Hz) Tw(ms) Φ (rad) 

16.57 79.3 136.2 106.7 0.57 

3.08 74 344.2 213.3 2.80 

1.86 88.7 113.5 213.3 -1.43 

1.25 88.3 43.2 106.7 0.47 

1.17 64.0 156.0 42.7 -3.05 

 

As the time centres of the atoms are parameters of the fit, information regarding the general location of 

the onset of the signal is provided by the pursuit. If an appropriate window is chosen, cropping and rough 

alignments of different signals can be performed without additional an algorithm which aids comparison 

between separate signals. This holds advantage over methods such as spectral fitting which are highly 

sensitive to time displacement and therefore require precise alignment of onset positions in order to 

compare different signals. 

 Decomposition Behavior 4.1.

 

 
Fig. 6. Gabor frequencies for initial atomic match of tympanic (dark) and resonant (light) signals. Resonant 

signal will typically match the most significant atom around 150 Hz while tympanic decompositions will 

first match to an atom in the range of 200-300 Hz. 

International Journal of Computer and Electrical Engineering

254 Volume 7, Number 4, August 2015



  

The most significant (or primary) atom will be matched first in a greedy procedure. If we consider the 

distribution of the carrier frequency of this primary atom across the dataset as in Fig. 6, a clear grouping 

can be seen within both resonant and tympanic type signals. Resonant percussions tend to have a primary 

atom with a carrier frequency of around 150Hz while tympanic signals tend to initially match to an atom in 

neighbourhood of 200-300Hz. Previous investigations [8] agree with these results. Using an EDS basis, 

resonant percussions were found to have strong primary peaks in the area of 100Hz while tympanic 

matches usually occurred in the 200-300Hz range. A direct comparison of results cannot be determined in 

this fashion due to the fact that highly localized nature of Gabor atoms will not produce a decomposition 

that can be directly compared with least-squared fitted EDS components fitted globally to the signal. 

 Convergence 4.2.

The energy contained within the residual after every iteration can be measured and from this, the signal 

decay at iteration 𝑖 can be determined. 

 

𝐷(𝑖) =
||𝑟𝑖||2

||𝑥||2                                       (11) 

 

The cut-off length can be defined as the number of iterations necessary for the deposited energy to fall 

below a given threshold ∆ = 0.5% ≡ 0.005 

 

𝐿𝑐 = 𝐼, when 𝐷(𝐼) − 𝐷(𝐼 − 1) < ∆                             (12) 

 

 
Fig. 7. Distribution of the number of iterations required for atoms to contribute less than 0.5% to the total 

energy. Resonant percussion (white) typically converge quicker than tympanic signals (black). 

 

The distribution of these cut-off values is shown in Fig. 7. Resonant percussions generally have a more 

rapid convergence than tympanic signals which can be explained by their more localized energy 

distribution in the time domain. While all 𝐿𝑐 values are below 15, many of these low amplitude atoms will 

likely be unnecessary and uninformative with regards to signal classification. The signal decompositions 

outlined in Tables 1 and 2 show an over 80% drop in amplitude after the first atomic match and at least a 

95% drop by the tenth. Many of these low amplitude atoms will be essentially correction terms in the time 

domain. In this case, it is quite possible that only a few atomic matches are necessary in order to determine 

the nature of the percussion signal which would result in decreased computation and an increase in 

processing speed. 

 Noise Reduction 4.3.

All signals were pre-filtered according to the method outlined in Section 3.1 in order to reduce external 

noise (Fig. 8). The noise signal 𝑛(𝑡) was then determined after filtering as per (8). Using this estimate, 

𝑠(𝑡)and 𝑛(𝑡) were compared to determine the SNR. This value typically lies within the range of 5-20dB as 
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can be in Fig. 9. This variance can likely be explained by variations in the testing environment. Percussions 

were taken from multiple volunteers and there is no guarantee that the external environment remained 

constant throughout the duration of these tests.  

 

 
Fig. 8. Comparison of a noisy percussion signal and the same cleaned signal after de-noised. 

 

 
Fig. 9. SNR comparing cleaned percussion signals to extracted noise. Measurements vary across the 

database due to varying experimental acoustic environment.  

 

Table 3. Atomic Parameters Corresponding to a Decomposition of the Signal Seen in Fig. 8 without the 
Application of Noise Reduction 

Amplitude [A.U] Tc(ms) Fc(Hz) Tw(ms) Φ (rad) 

14.83 773.3 187.50 213.3 0.67 

6.30 800.0 409.42 106.7 1.95 

5.42 860.0 202.15 213.3 -2.26 

4.03 66.7 125.98 853.3 0.20 

3.80 1026.7 169.99 213.3 -2.92 

 

Table 4. Atomic Parameters Corresponding to a Decomposition of the Signal Seen in Fig. 8 after the 
Application of Noise Reduction Filters 

Amplitude [A.U] Tc (ms) Fc(Hz) Tw(ms) Φ (rad) 

7.17 773.3 188.96 213.3 0.57 

3.14 800.0 410.16 106.7 1.92 

2.60 893.3 240.97 106.7 0.66 

1.91 840.0 222.66 426.7 -1.04 

1.37 873.3 328.13 53.3 0.64 
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The signal in Fig. 8 was analysed using the MP method both before and after noise filtering in order to 

determine how the MP decomposition would change in the presence of a noisy signal. Tables 3 and 4 

compare the decompositions of the signal with and without noise respectively. When considering the first 

two significant atoms, they are of nearly identical time support and frequency with large variances only in 

the atomic amplitude. However, these differences in magnitude can be explained by a reduction in power 

after filtering. Additional significant atoms can be observed in the noisy decomposition that have time 

centres significantly distanced in time from the most significant atom. These atoms also often demonstrate 

much larger time supports than other atoms in the same decomposition and typically have very low or high 

frequency carrier waves. Heuristic methods could be developed in order to determine more precisely which 

de-composition atoms correspond to noise signals and those which are atoms characterizing the true 

percussion event. If such a method were tractable, this could provide noise filtering as part of the 

classification algorithm itself removing the need for additional signal processing steps and providing for a 

more efficient system. The spectral content of the inherent noise can be seen in Fig. 10. It is very likely that 

there is harmonic content within the noise itself based on this information. If this is indeed the case, Gabor 

atoms will likely match to various portions of the pre and post signal windows. 

 

 
Fig. 10. Inherent noise spectrum sample from percussion signal database. Noise content may contain 

harmonic terms which could be filtered using Gabor atoms during the MP process rather than pre-process 

noise filtering.  

 

 Reconstruction Errors 4.4.

The original clean signal x was compared to the reconstruction 𝑥̂ to determine the percent error. 

 

Percentage Error = √
∑ (𝑥−𝑥 ̂)2𝑛

𝑖=1

∑ 𝑥2𝑛
𝑖=1

× 100                          (13) 

 

 
Fig. 11. Histograms of the RMSE comparing the reconstruction to the original percussion signals. Tympanic 

signals are in dark and resonant signals in white. 
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Overall, the entire dataset had an error 1.44±1.43% with higher errors correlating to lower initial SNRs. 

These error values are similar to those found in previous investigations [8]. The error distribution can be 

seen in Fig. 11.  

While both signal classes exhibit similar behaviour, resonant percussions RMSE values tend to be slightly 

closer to zero than tympanic decompositions. This is likely due to the more localized nature of the signal 

which will require a narrow time support allowing for a potentially sparser representation if the atoms 

capture the behaviour of the signal within their window. 

5. Conclusion 

Matching pursuit was examined as a method of decomposing medical percussions and its results 

compared to previous studies [7], [8]. Dictionary selection criteria were discussed including atom classes 

and parameter space sizes. Decomposition results were analysed in terms of their errors, their convergence 

behaviour and the performance of MP under various noise conditions was discussed. The MP 

decomposition yields a sparse signal representation that can be realized with 𝑂(𝑛 log 𝑛) complexity 

allowing for efficient implementations that can be easily adapted to real time applications. MP may also 

provide robust noise reduction and onset detection strategies. Pursuits are not restricted to the percussion 

duration and atomic matches made from pre and post stage windows may provide additional information in 

order to easily localize the signal and to extract external audio sources from the recorded information. In 

this regard, MP provides a type of signal signature that may prove to be more informative than 

decompositions simply in terms of harmonic signal components. Considering all these factors, it can be seen 

that matching pursuit is a robust decomposition technique that is computationally efficient and capable of 

yielding sparse representations that are on the same order as other methods. 
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