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6. Experimental Results. 
In this section, we will use several examples to show the 
performance of the proposed method in segmenting 
images. Figure 3 demonstrates the segmentation 
procedures of the proposed method. The original image is 
shown in figure 3(a) and its gray-level histogram is shown 
in figure 3(b). Figure 3(c) shows the obtained peaks and 
valleys before validation. The peaks and valleys after 
validation are shown in figure 3(d). The segmented 
images according to the validated valleys are shown in 
figure (e)-(i).  

Before we merged the peaks and valleys, there are ten 
peaks and ten valleys obtained (figure 3(c)). Near local 
plateau, there will be some insignificant peaks and 
valleys.  After applying step 5 in the proposed algorithm 
to validate peaks and valleys, we finally obtained three 
validated valleys and thus we have four segmented 
images (figure 3. e-h): (e) corresponds to the cameraman; 
(g) corresponds to the grassland; and (h) corresponds to 
the background i.e. the sky. The final segmented image is 
shown in (i). 

 
 
 
 
 
 
 
 
 
 
 
 
 
             (a1)            (b1)                   (c1) 
 
 
 
 
 
 
 
 
 
 
 
 
 
             (a2)              (b2)                   (c2) 
 
 
 
 
 
 
 
 
 
 
 
 
 
               (a3)              (b3)                  (c3) 
Figure 4. The more segmentation results by the proposed method. (a1-a3) the original images; (b1-b3) the final peaks and 
valleys after validation; (c1-c3) the segmented images. 
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Figure 4 shows other experimental results. From figure 4, 
we can see that all the significant peaks and valleys are 
found, without a priori knowledge about the number of 
the peaks and valleys. 
For lack of space, more experimental results are included 
in the supplementary material. 
The computational speed is efficient. The average time to 
deal the above images is 0.27 second using MATLAB 
code on an AMD 800MHz personal computer.   
 
7. Conclusion. 
In this paper, the influence of false peak noise on the 
mean shift method and mean shift valley method is 
observed. In a 1-D setting, we have given both theoretical 
analysis and experimental illustration. In this setting, we 
provide a solution to avoid the influence of false peak 
noise.  The analysis of false peaks in higher dimensional 
space remains to be addressed. 
A novel unsupervised peak-valley sliding algorithm for 
image segmentation is also presented in this paper. We 
use the mean shift method to find peaks and the extended 
mean shift method--mean shift valley to find valleys. The 
peaks and valleys are alternatively found one by one. 
After validating the obtained peaks and valleys, we use 
the validated valleys as density thresholds to segment the 
image. Several practical problems concerning such a basic 
scheme were also solved: e.g., oscillations were avoided 
by adjusting the step size.  
It is important to realise that the above analysis shows 
how to choose h dynamically (dependent upon the data) to 
avoid false-peak noise. It does not address the issue of 
choosing h in relation to the smoothing properties in terms 
of scale-space analysis (determining dominant peaks). 
Generally speaking, if h is large, the details will be 
smoothed and the image will be under-segmented; on the 
other hand, if h is chosen too small, there will be a lot of 
noise (including peak noise and valley noise) and the 
image will be over-segmented. One could repeat the 
analysis with different values of h (still checking for false 
peaks) to perform a scale-space type analysis. Comaniciu 
and Meer [5] empirically investigated the influence of the 
search window radius on the segmentation results. Further 
suggestions on the choice of the search window radius h 
can be found in [8]. Rather than implementing a scale 
space type analysis to remove minor peaks, we used a 
more heuristic approach. However, these are relatively 
minor issues compared with the false peak problem. 
Our future work is to analyse false peaks in high 
dimension: including the application of the ideas 
presented here to segment color images. We believe our 
work can also be applied in other applications such as MR 
image analysis, document image analysis, video signal 
analysis, etc. 
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