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yields v(c, m, 0, tm). Then this smoothed intensity diffuses 
across filter channels for time tc.  

Two forms of Dm(v) are employed here. The first one is a 
constant Dm(v), i. e., Gaussian smoothing. The second one is the 
commonly used Perona-Malik model [11]: 

]/||1/[1)( 22 λvvD mm ∂+= ,     (7) 

where λ is a parameter. Compared with Gaussian smoothing, 
the Perona-Malik model is able to keep better locations of onset 
and offset. As an example, Fig. 2 shows the smoothed intensity 
from these two forms of diffusion at different tm. The input is 
the mixture of speech, crowd sound and music filtered by a 
gammatone filter centered around 350 Hz. For the Perona-Malik 
model, λ  = 1. A constant Dc(v) is applied for the diffusion across 
frequency.  

3.2 Onset/offset detection and matching 
At a certain scale (tc, tm) , onset and offset candidates are 
detected by marking peaks and valleys of the difference of v 
between consecutive time frames. An onset candidate is 
removed if the corresponding difference is very small, which 
suggests that the candidate is likely to relate to an intensity 
fluctuation rather than an event onset.  

In order to merge T-F regions in adjacent channels from the 
same event, the system first combines common onsets and 
offsets into onset and offset fronts since an event usually has 
synchronized onsets and offsets. More specifically, an onset 
candidate is connected with the closest onset candidate in an 
adjacent channel if their distance in time is smaller than 20 ms, 
and so is it for an offset candidate. If an onset front occupies 
less than three channels, we do not further process it because it 
is insignificant. Onset and offset fronts are vertical contours in 
the 2-D time-frequency representation. 

The next step is to match individual onset and offset fronts 
to form segments. For an onset front, the system first determines 
a corresponding offset for it in each corresponding channel. 
Then it uses these offsets to determine the corresponding offset 
front. Let mON[c, i] and mOFF[c, j] represent the frame for the ith 
onset candidate and jth offset candidate in channel c, 

respectively. For each onset candidate, the system identifies the 
corresponding offset among the offset candidates located 
between mON[c, i] and mON[c, i+1]. The decision is simple if 
there is only one offset candidate in this range. When there are 
multiple offset candidates, the system chooses the one with the 
largest intensity decrease, i.e., with the smallest difference of v. 
We have also considered choosing either the first or the last 
offset candidate, and they perform slightly worse. Let (mON[c1, 
i1],  mON[c1+1, i2], …, mON[c1+n−1, in]) be an onset front 
occupying n channels, and (mOFF[c1, j1], mOFF[c1+1, j2], …, 
mOFF[c1+n−1, jn]) the corresponding offsets determined above. 
The system compares (mOFF[c1, j1], mOFF[c1+1, j2], …, 
mOFF[c1+n−1, jn]) with each offset front, and the offset front 
with the largest overlap is chosen as the matching offset front. 
The T-F region between them yields a segment.  

3.3 Multiscale integration  
As a result of smoothing, event onsets and offsets occupying 
small T-F regions may be blurred at a larger (coarser) scale. 
Consequently, the system tends to miss small events or to 
generate segments combining different events, which is a case 
of under-segmentation. On the other hand, at a smaller (finer) 
scale, the system may be sensitive to intensity fluctuations 
within individual events. Consequently, the system tends to 
separate an event into several segments, which is a case of over-
segmentation. Therefore, it is difficult to obtain a satisfactory 
result of segmentation with a single scale. Our system handles 
this problem by integrating segments generated across different 
scales in an iterative manner. First, it forms segments by 
matching onset and offset fronts at a larger scale. Then, at a 
smaller scale, it locates more accurate onset and offset positions 
for these segments. In addition, new segments are formed 
according to the onset and offset fronts detected at the current 
scale. Then the system goes to an even smaller scale if 
necessary. Here the integration starts from a large scale and then 
moves to smaller scales. One could also start from a small scale 
and then move to larger scales. However, in the latter case, the 
chances of over-segmenting an input mixture is much higher, 
which is undesirable since in subsequent grouping larger 
segments are preferred.  

Fig. 3 shows the bounding contours of obtained segments for 
the mixture of speech, crowd sound and music at different 
scales. Comparing it with Fig. 1(b), we can see that at the 
largest scale, the system captures most speech events, but 
misses some small segments. As the scale decreases, more 20
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Figure 2. Smoothed intensity at different scales in a channel 
centered around 350 Hz. (a) Intensity at scale (0, 0), i.e., the 
initial intensity. (b) Smoothed intensity at scale (0, 50) for the 
Perona-Malik model (solid line) and that for Gaussian 
smoothing (dash line). (c) Smoothed intensity at scale (0, 200) 
for the Perona-Malik model (solid line) and that for Gaussian 
smoothing (dash line). The input is the mixture of speech, 
crowd sound and music. 
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Figure 3. The bounding contours of obtained segments at 4 
different scales: (a) (32, 200), (b) (18, 200), (c) (32, 100), and 
(d) (18, 100), for the mixture of speech, crowd sound and 
music. 






