
[1] N. E. Huang et al. The empirical mode decomposition and the Hilbert spectrum for nonlinear and nonstationary time series 
analysis. In Proc. R. Soc. A: Mathematical, Physical and Engineering Sciences, 454 (1971), pages  903-995, Mar. 1998 
[2] S. Charleston-Villalobos, R. González-Camarena, G. Chi-Lem, and T. Aljama-Corrales. Crackle sounds analysis by empirical 
mode decomposition. Nonlinear and nonstationary signal analysis for distinction of crackles in lung sounds. IEEE Eng Med Biol, 
26(1),pages 40-7, 2007. 
[3] L. Hadjileontiadis. Empirical Mode Decomposition and Fractal Dimension Filter. IEEE Eng Med Biol, Jan/Feb, pages 30-39, 
2007. 
[4] R. Faltermeier,  A. Zeiler,  A. Tomé, A. Brawanski, and Elmar W. Lang. Weighted Sliding Empirical Mode Decomposition. 
Advances in Adaptive Data Analysis, 3(4), pages 509-526, Dec.  2011. 
[5] G. Rilling, P. Flandrin, P. Gon, and D. Lyon. On Empirical Mode Decomposition and its Algorithms. In Proc. IEEE-EURASIP 
Workshop on Nonlinear Signal and Image Processing (NSIP),2003. 
 

 

Universidade 
de Aveiro 

Exploring EMD for Lung Crackle Detection  

Maria Beatriz Ferreira 1,2  
mbeatriz@ua.pt 

1 DETI – Department of Electronics, Telecommunications and Informatics, Aveiro Univ., Aveiro, Portugal 
2 IEETA – Institute of Electronics and Telematics Engineering of Aveiro, Portugal – Signal Processing Lab 

 Abstract 

This work presents a two-stage crackle detection algorithm combining Empirical Mode 
Decomposition (EMD) and a simple energy peak detector. A discussion is presented of 
the main issues arising in the implementation of the EMD stage and the solutions 
adopted. The algorithm was implemented in MATLAB® and preliminarily tested on an 
annotated 10-second respiratory sound file, without any prior systematic training. 
Applying the energy peak detection to the intrinsic mode function of order 3 (IMF3) 
generated by the EMD stage, a 92% F performance index was achieved.   

. 
1. Introduction 

The analysis and detection of adventitious lung sounds (ALS) is an important means of 
diagnosing respiratory pathologies.  

This work addresses the automatic detection of crackles, a type of ALS. This constitutes an 
intricate signal processing challenge, given the nonstationary, explosive nature and broad 
spectrum of these sounds.  

Empirical Mode Decomposition (EMD) is a recently developed technique to analyse 
nonstationary and nonlinear signals [1]. Its applicability to crackle detection ([2] and [3]) is not 
yet fully explored. 

 The core of EMD is an iterative decomposition process, known as sifting, whereby data is 
reduced into Intrinsic Mode Functions (IMFs). 

An EMD-based crackle detection algorithm involves two stages: 

1) Generation of the IMF components; 

2) Filtering of the chosen IMFs to find crackle positions. 

In previous work, stage 2 was either not addressed [2] or implemented by crackle detection 
filters in their own right, in fact creating hybrid algorithms [3]. 

 

 

Fully exposing the potential of the EMD technique itself, reducing stage 2 to a simple 
energy peak detector and focusing firmly on outstanding EMD implementation issues 

2. The EMD algorithm 
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5. Results 
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4. EMD implementation issues 

3. EMD-based crackle detection 

EMD is an adaptive, local and a posteriori process that empirically separates the data set into 
IMF components. Each IMF contains an intrinsic oscillatory mode. 

Two conditions must be satisfied to form an IMF: 

1) the number of local extrema must equal the number of zero crossings or differ from it by 
one 

2) the mean of the upper and lower envelopes, defined by the local maxima and local 
minima, respectively, must be zero. 

“Misbehaved” signals, such as crackles, may contain multiple instantaneous frequencies at a 
time, thus the sifting process is necessary: 

 

  

Preliminary performance tests were carried out on a 10-second respiratory sound file annotated 
by a health professional, without prior training to optimise the algorithm’s parameters. By 
adjusting only the algorithm's energy peak detection threshold, an F index as high as 92% 
(harmonic mean of SE=94% and PPV=89%) was achieved. 

Figure 3: Relation between the detection performance and the energy threshold 

6. Conclusions and future work 

The aim of this work  

𝑠 𝑡 =   𝐼𝑀𝐹𝑘 𝑡 + 𝑟𝑁(𝑡)

𝑁

𝐾=1

 

Table 1: Summary of the implementation issues and adopted solutions 

Equation 1: Expansion of a signal s(t) in terms of N IMFs and a residue 

Detection algorithm: 

 input -> respiratory sound file 

 output -> annotation file, with the detected crackle endpoints 

Stage 1 implements the sifting process, generating IMFs up to the order specified by the user 
and a residue, forming a complete expansion of the original signal. 

Stage 2 is a straightforward energy peak detector: after squaring the IMF signal and applying a 
smoothing convolution filter, it detects local maxima down to a specified threshold. 

Figure 2: Respiratory sound (a) with corresponding IMF3 (b) and crackles indicated by detected 
IMF3 energy peaks (c) 

Issue Approach 

End-effect in spline fitting Implementation of boundary conditions [4] 

Adaptation of tolerance and threshold 
parameters 

Application of empirically set tolerance and 
mean criteria [5] for threshold 

Over-sifting and excessive execution times Use of mean criteria only 

Choice of IMF order for stage 2 input Use of IMF3 only 

Figure 1: The Sifting process 
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• A fully functional EMD-based automatic detection algorithm was developed, including 
alternatives to solve outstanding EMD implementation issues. 

• Highly promising results were achieved in pilot validation tests, calling for further performance 
evaluation. 

• Numerous algorithm refinement possibilities can be envisaged (parameter optimization, pre-
filtering and combination of IMFs). 

• Different order IMFs might be helpful in fine/coarse crackle classification. 
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