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Abstract: This paper proposes a hybrid packet loss concealment (PLC) algorithm for the MDCT-based 

audio codec with different PLC strategies on tone dominant source signals and noise like signals 

respectively. It is meaningful to find that the phase angle of the MDCT-MDST coefficients decreases 

linearly with the increase of the frame index but the amplitude keeps unchanged  for the stationary source 

signal with dominant tonal components. Therefore an efficient frame interpolation method is designed to 

accurately estimate the phase angle and the magnitude of the MDCT-MDST coefficients of the lost frame. 

For the noise-like signals without overwhelming tonal components, a modified shaped-noise insertion is 

proposed to improve the audio perception. Both objective and subjective test results show that the 

proposed algorithm provides better performance than the existing ones for both music and voiced speech 

signals. 
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1. Introduction 

Delivery of broadcasting multimedia such as real-time audio streaming over the internet has become more 

and more popular in recent years. However, data packets sometimes are delayed or discarded in the network 

transmissions due to the unwarranted quality of service of the internet delivery. Missing packets create a 

gap in the streamed audio, which significantly degrades the subjective perception of the audio quality. 

Thus, speech codecs must implement a Packet Loss Concealment (PLC) technique which conceals these  

frames losses and reduces the degradation in the synthesized audio signal. 



 

Most PLC algorithms were developed for speech codecs with time-domain predictive coding [1-4]. They 

concentrate attentions on digital speech transmission and work well for speech audio signals but yield poor 

results for audio signals with music. In the bibliography, these techniques can be classified into repetition 

methods, interpolation/extrapolation methods and more sophisticated regeneration  methods based on a 

speech model [5-8]. There are also some PLC algorithms proposed for modified discrete cosine transform 

(MDCT) based codecs [9-14]. The simplest one of them only uses packet repetition, as suggested in ITU 

standard G.719 [10]. Its complexity is low, but the performance is poor, especially for tone dominant source 

signals. A PLC approach based on the gapped-data amplitude and phase estimation (GAPES) was proposed, 

which provides better concealment quality by converting the MDCT coefficients to DSTFT (Discrete Short-

Time Fourier-Transform) or MDCT-MDST (Modified Discrete Sine Transform) coefficients at the cost of 

higher computational complexity, larger memory requirement, and extra delay [11, 12]. In the Advance Audio 

Codec (AAC) decoder for the 3rd generation partnership project (3GPP), a shaped-noise insertion method is 

used to provide moderate audio concealment quality  [13]. Although this method is computationally efficient 

and works well for noise-like signals, it suffers from audible artifacts or reconstruction seams for tone 

dominant source signals as well as extra delay. 

This paper proposes a hybrid PLC algorithm for MDCT-based audio codecs. It is found that the phase 

angle of the MDCT-MDST coefficients decreases linearly with the increase of the frame index but the 

amplitude keeps unchanged for the stationary source signal with dominant tonal components . Based on this 

feature, the phase and magnitude of the MDCT-MDST coefficient of the lost frame can be estimated by 

taking the real part of the interpolated MDCT-MDST coefficient for tone-dominant spectral bins. For noise-

like spectral bins, a shaped-noise insertion is implemented without additional delay. A real-time MDCT-

based signal classification method is also proposed so that different strategies can be implemented 

efficiently on tone-dominant signals and noise-like signal respectively. Compare to the previous work, our 

technique has three merits: low computational complexity, low delay and better performance for music 

signals and voiced speech, and satisfactory performance for unvoiced speech signals. Further work is on-

going to improve the performance of the unvoiced speech signals. 

This paper is organized as follows. In section 2, an analysis of the hybrid PLC algorithm is presented, also 



 

a real time MDCT-based signal classifier is proposed. The framework of the proposed algorithm is outlined 

at the end of this section. Then in Section 3, the objective and subjective test results are described. The 

paper is concluded in the last section. 

2. The proposed hybrid PLC algorithm 

2.1. MDCT-MDST analysis for a tone dominant source signal 

The k-th MDCT coefficient of a sine windowed signal sequence in the m-th frame xm(n) of 2N samples is 

defined  as [15] 
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where N is the number of the MDCT bins . For a single stationary sinusoid 

( ) sin( )m mx n A n   ,                                                           (2) 

 where A is the amplitude,   is the frequency and 

1m m N    ,                                                     (3) 

is the phase. Substituting Eq. (2) into Eq. (1) yields 
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Equation (4) can be rewritten as 
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where Re{.} denotes the real part of the complex number, and 
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It can be seen from Eq. (6) that, for a single stationary sinusoid signal with frequency  , the most energy 

concentrates in a central region of the main-lobe of the analysis window [15] 
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where W is the main-lobe width of the analysis window. For simplicity, only the frequency bin  
0k I  is 

considered, so the second term and the fourth term of Eq. (6) are much smaller than the first and third terms. 

Eq. (6) becomes 
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In the same way, the k-th MDST coefficient in the m-th frame can be approximately expressed as  

 
 

 1 22 2

1

1 1
( ) Im{ }

2
1 1

m mj jj jj N j N

m k
j k j

N N

e e e e e eA
S k

N
e e

   

 
 

 

   
    

   

 
  

 

,                (11) 

where Im{.} denotes the imaginary part of the complex number. The complex MDCT-MDST coefficient can 

be formed by the MDCT coefficient as the real component and the MDST coefficient as the imaginary 

component 
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It should be noted here that A(k) is independent of the frame index m. Using Eqs. (3) and (12), the phase 

and the amplitude of the MDCT-MDST coefficient can be obtained as 

1 1( ) ( ) ( ) ( )m m m mD k A k A k N D k N              ,                         (14) 

( ) ( )mD k A k .                                                    (15) 

Equations (14) and (15) show that for the tone dominant signal, the phase of the MDCT-MDST coefficient 

decreases linearly with the increase of the frame index m while the amplitude keeps unchanged. For example, 

for the source signal ( ) sin(16.3 / ) 0.5sin(30.7 / )x n n N n N    and N = 640, the phase and the amplitude 

of MDCT-MDST coefficient at tone-dominant bins are shown in Figs. 1 and 2, respectively.  This feature is 

meaningful and is the basis for the PLC algorithm design as will be shown in Sec. 2.4. 

 

Fig. 1. The phase angle of MDCT-MDST coefficient at k = 15, 16 and 30, 31. 

 



 

 

Fig. 2. The amplitude of MDCT-MDST coefficient at k = 15, 16 and 30, 31. 

2.2.  Modified shaped noise insertion 

 The packet loss concealment module in the core AAC decoder estimates the MDCT coefficient of the lost 

frame via shaped-noise insertion method by assuming that the lost frame and its neighboring frames can be 

well modeled as a noise-like signal [13]. Although this low complexity technique appears to work effectively 

for noise-like signals, it brings additional delay due to the estimation of the energy scale factor. Furthermore, 

its performance decreases significantly for continuous packet losses [13, 14]. Since the noise modeling and 

the psychoacoustic principle that noise-like signals can be parameterized with short time spectral energy 

envelope, the model parameters of the previous two frames are extracted by computing the spectral energy 

of the MDCT coefficients in each scale factor band. Because the special energy distribution within the scale 

factor band is not as psycho-acoustically important as energy distribution across scale factor bands. Then, 

the spectral energies of the lost frame can be estimated via the band wise energy extrapolation from the 

previous two frames. The aforementioned modification procedure is proposed in this paper to improve the 

performance as follows  

2
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where ˆ ( )mC k  is the k-th estimated MDCT coefficient vector of the loss m-th frame, ( )s k  is a signed random 

variable whose value can be chosen as negative or positive, and ( )a k  is the energy scale factor for a scale 

subband estimated by 
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where 
rB  is the set of MDCT bins in the r-th scale factor band containing the k-th bin of interest. In this 

modified shaped-noise insertion approach, the band-wise energy extrapolation is carried out by taking the 

root mean square of the band energies of the previous frames, and then ( )a k  is determined so that the band 

energy of the MDCT estimated in the loss frame is consistent with the band energy continuity. Unlike that 

in the original AAC, at least one frame delay is introduced in order to estimate the MDCT coefficient of the 

loss frame, there is no delay introduced in this modified shaped-noise insertion technique. This improves 

the performance of the algorithm significantly under continuous packet loss conditions. 

2.3. Signal classification 

To implement the above proposed algorithm, a classification approach is proposed to classify each frame 

to either tone dominant or noise like signal. The classifier is based on 5 features of the signal: (1) the zero-

crossing rates, (2) the modified harmonic structure stability, (3) the subband energy gradient, (4) the 

subband energy, and (5) the spectral centroid. The zero-crossing rate is defined as [16]  
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The harmonic structure stability is defined by Zhang et al [17] and modified in the MDCT domain as 

follows 

2

1 1

1
( )

HN M
m

rSS r

r mH

H H H
N  

   ,                      (19) 

where NH is the maximal harmonic number, rH  is the average harmonic structure of harmonic number r and 

the harmonic structure coefficient m

rH  of frame index m is defined as 

1log( ) / log( ), 1,...,m m m m m
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where m

rA  is the amplitude of harmonic number r of frame index m and 
1/m mconst A   (const is an arbitrary 

constant) is a scale factor of frame index m used to eliminate the influence of the amplitude [17]. 

The subband energy gradient is proposed in this paper as an auxiliary feature to determine the differences 

of the subband energy over time,  

1

SE

1

[log ( , ) log ( 1, )]
M

r r

m

E m H E m H




    ,                            (21) 

where 
2

1( , ) ( )
r

r mk B
E m H C k

  is the root mean square of subband 
rB  in frame index m, M is the total 

frame index used in the calculation of the subband energy gradient defined as  Eq. (6). 

The spectral centroid is the barycenter of the spectrum [18]. It is calculated as the weighted mean of the 

frequencies presented in the signal, determined using a Fourier transform, with their magnitudes as the 

weights. 

 

 

 

Fig. 3. The schematic diagram of the classification approach. 

 

All 5 features are fed to a frame-level classifier, which is based on a coarse and fine grading model, which 

is shown in Fig. 3. In the model, the signal is classified initially as either a candidate tone dominant source 

signal or a candidate noise-like signal roughly according to the feature of the first subband energy. Then, 

for the candidate tone dominant source signals, the signal type is further classified as either a noise-like 



 

signal or a candidate tone dominant source signal by using the threshold of spectral centroid. On the other 

hand, for the candidate noise-like signals obtained in the first step, the signal type is  classified as either a 

noise-like signal or a candidate noise-like signal by using the threshold of the subband energy gradient. In 

the mean time, more features are implemented to make a decision either candidate or certain signal types for 

the two threads of the uncertain decision in the first step. The features are different for different threads 

respectively. The proceedings will be converged after five steps for the candidate noise-like signal and six 

steps for the candidate tone dominant signal. It should be note here that a database containing 100 

sentences with tone dominant signals and noise like signals were used as the training database  to obtain the 

thresholds of the aforementioned features. 

2.4. The whole proposed PLC method 

The block diagram of the proposed PLC method is shown in Fig. 4. With a previous signal type received in 

the decoder, the coefficients of the loss frames are estimated via the modified shaped-noise insertion module 

for noise like signals  as described in Section 2.2, and then the following procedure is implemented for the 

tone dominant source signal.   
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Fig. 4. The proposed hybrid PLC algorithm based on the interpolation technique in the complex spectral 

domain and the modified shaped-noise insertion. 
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Suppose that the source signal is modeled with L sinusoids with frequencies  l, the integral spectral peak 

at  integer /l lk N   can be detected from its power spectrum [19] 

 
22

1 1 1 1
ˆ ( ) ( ) ( 1) ( 1)m m m mP k C k C k C k        ,                              (22) 

where 
1

ˆ ( )mP k
 is the pseudo-spectrum, which is used to regularize the MDCT coefficient. It has been 

reported that the pseudo-spectrum can be used to smooth the MDCT spectrum and such an approximation 

is sufficient for peak detection purposes [19]. 

With all the local maximum peak positions, the index set of the tone dominant source MDCT bins can be 

written as: 

1

L

T lI I ,                             (23) 

where 

 l lI k k k W   .                                       (24) 

Here W is the main-lobe width of the analysis window. For 
Tk I , the MDCT coefficients of the loss 

frame are estimated by the shaped-noise insertion method. For 
Tk I , the following steps are used to 

estimate the MDCT coefficients of the lost frame, 

1) calculate the MDST coefficients 
3 ( )mS k

 and 
2 ( )mS k

 from the MDCT coefficients by the method 

proposed by Ryu et al [14],  

2) estimate the phase of the MDCT-MDST coefficients by using the interpolation technique,  

 2 3 2 2 3
ˆ ( ) 2 ( ) ( ) ( ) 3 ( ) 2 ( )m m m m m mD k D k D k D k D k D k             ,             (25) 

3) estimate the amplitude of the MDCT-MDST coefficients 

2
ˆ ( ) ( )m mD k D k ,                                                (26) 

4) convert the MDCT-MDST coefficients back to the original MDCT domain 

 ˆ ( )ˆ ˆ( ) Re ( ) mj D k

m mC k D k e


 .                             (27) 

 

3. Experiments and discussions 
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To evaluate the performance of the signal classification, a database containing 100 sentences with tone 

dominant signals and noise like signals were used as the training database to obtain the thresholds of the 

aforementioned features in Section 2.3. The classification accuracy achieved for tone dominant signal and 

noise like signal classification are shown in Table 1. The six tone dominant source signal samples include 

some vowels and music signals such as horn and piano, and the six noise-like signal samples consisted of 

consonants including male speech and female speech. It can be seen from the table that the accuracy of the 

proposed method is larger than 95%. 

Table 1 The accuracy rates of the classifier for tone dominant signal and noise like signal. 

Sample  group 1 2 3 4 5 6 

     Tone dominant signal 

(%) 

97.6 96.2 96.7 95.8 94.9 94.3 

     Noise like signal (%) 97.1 97.6 95.0 96.5 96.0 98.4 

 

Subsequently, the performance of the proposed PLC technique is evaluated by comparing with the 3GPP 

PLC technique (shaped-noise insertion approach) and the packet repetition method used in ITU-T standard 

G.719 [10, 13]. Both objective measurements and subjective listening tests were carried out to verify the 

performance of the proposed PLC techniques. The objective assessment tool used to evaluate the result of 

the concealment techniques is the perceptual estimation of audio quality (PEAQ) standard BS. 1387 

developed by the ITU-R [20]. The standard uses a number of psycho-acoustical measures to give the 

measurement of the quality difference between two signals. The ODG (Objective Difference Grade) score is 

given in the range from  4 to 0, which is similar to the standard mean opinion score (MOS) scale. A random 

loss test was performed at loss rates of 3% and 10%. Four different audio files of different types were used 

in the tests: piano, horn, voiced speech and unvoiced speech. All are mono-channel signals, 10 seconds 

long, sampled at 32 kHz and coded at a bit rate of 48 kb/s per channel. Figs. 5 and 6 summarize the average 

results, where it can be seen that the proposed algorithm performance is superior to both existing methods, 

especially for tone dominant signal. 
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Fig. 5. Average PEAQ ODG scores for 3% random packet loss. 

 

 

Fig. 6. Average PEAQ ODG scores for 10% random packet loss. 

 

Table 2 Comparative test results of the proposed technique versus 3GPP. The numbers indicate how many 

listeners voted in favor of each method. 
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Sample  Piano Horn Voiced speech Unvoiced speech 

Loss rate  

Propose

d 

3GPP 

Propose

d 

3GPP 

Propose

d 

3GPP 

Propose

d 

3GPP 

     3% 15 1 16 0 14 2 8 8 

    10% 15 1 16 0 13 3 7 9 

 

Table 3 Comparative test results of the proposed technique versus  G. 719. The numbers indicate how many 

listeners voted in favor of each method. 

Sample  Piano Horn Voiced speech Unvoiced speech 

Loss rate  

Propose

d 

G. 719 

Propose

d 

G. 719 

Propose

d 

G. 719 

Propose

d 

G. 719 

     3% 16 0 16 0 13 3 8 8 

    10% 16 0 16 0 12 4 8 8 

 

Sixteen inexperienced young people with good hearing ability took part in the subjective listening tests. 

Every listener was asked to dis tinguish between pairs of audio files, where the packet losses in each file 

were concealed by a different algorithm. Table 2 shows the votes for the proposed PLC and the 3GPP PLC. 

On average, for the music signals (Piano, Horn), about 94% of the listeners voted in favor of the proposed 

PLC algorithm. For speech signals, about 66% of the listeners prefer the proposed algorithm. While 

compared with the G.719 PLC, the voting results presented in Table 3 confirm that the proposed method is 

more suitable for the packet loss concealment of the tone dominant signals such as the music signals and 

voice speech signal. Overall, 93% of the listeners voted for the proposed algorithm, so it can be concluded 

that the proposed method works effectively for music signals and voiced speech, and obtains satisfactory 

performance for unvoiced speech signals. As a result, it can be seen from Tables. 2 and 3 that the proposed 

method is more suitable for stationary signals whereas its performance degrades for noise like signals. On 

the other hand, for a MDCT-based audio codec, the improvement of the PLC performance of unvoiced 

speech signal is more complicated, more carefully designed approach might be needed to improve the 
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performance of the PLC method, such as the LP (Linear Prediction) model for speech signal. More research 

is on-going to improve the proposed PLC method. 

 

4. Conclusion 

In this paper, a hybrid packet loss concealment (PLC) method is proposed for an MDCT-based audio 

codec by combining different strategies on tone dominant source signal and noise-like signal. The tone 

dominant source signal PLC method uses the frame interpolation to estimate the phase and magnitude of the 

MDCT-MDST coefficient of the lost frame based on the observations that the phase of the MDCT-MDST 

coefficients of tone dominant source signals decreases linearly with the increase of the frame index and the 

amplitude keeps unchanged. The noise-like signal PLC method implements a modified shaped-noise 

insertion without introducing any additional delay. Compared with the packet repetition technique of G.719 

and the shaped-noise insertion technique of 3GPP, the proposed algorithm works effectively for the tone 

dominant signals such as the music signals and voiced speech, and obtains satisfactory performance for 

unvoiced speech signals.  
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