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objects are used: Car, Frog and Duck. The image size is 128� 128, which are transformed

to gray scale. In Figure 3-4 are shown some examples.

The second database is the CMU motion of body (Mobo)[37], which holds 25 individuals

walking a treadmill in the CMU 3-D room. The subjects perform four different walk patterns:

slow walk, fast walk, incline walk and walking with a ball. All subjects are captured using

six high resolution color cameras distributed evenly around the treadmill. Each sequence

is 11 seconds long, recorded at 30 frames per second. For concrete testing, we used the

silhouette sequences of one gait cycle for slow walk of three persons(subject 02, 06 and 13),

which are captured from a side view (camera vr03 7). The images are resized to 80 � 61.

Some examples of the silhouette images are shown in Figure 4.2.

(a) COIL-100

(b) COIL-100

Figure 4-1.: Databases examples

Three types of experiments are performed in order to validate the proposed methodology

and show its advantages against other frameworks. Firstly, we use the selected objects of

COIL-100 with a same amount of observations per set (n1 = n2 = n3 = 72), and equal input

dimensions (p1 = p2 = p3 = 16384). In this case, the number of nearest neighbors is fixed as

k = 3. In Figure 4-2 are shown the results for this experiment.

For the second experiment, we use the CMU Mobo database, which leads input samples

per manifold of different sizes: n1 = 36, n2 = 40, n3 = 38 and p1 = p2 = p3 = 4880 according

to each subject. The number of neighbors is set to k = 2. In order to test the algorithms on

a dataset that contains multiple manifolds with high-variability in the input sample sizes,

we use the COIL-100 but performing an uniform sampling of the observations. Therefore,

input spaces with n1 = 72, n2 = 36, n3 = 18 and p1 = p2 = p3 = 16384 were obtained. Here,

the number of nearest neighbors are fixed as k1 = 4, k2 = 2, k3 = 1, taking in to account
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that is not suitable to set the same value of k because the sample size is so different for each

manifold. The results for the second experiment are presented in Figure 4-3 and 4-4.

Finally, the third experiment aims to validate the proposed methodology for analyzing

datasets with different amount of observations and different input dimensions (or image

resolution). For this purpose, we employ the COIL-100 performing an uniform sampling

of the observations, and resizing the images. Thence, the obtained input spaces have the

following characteristics: n1 = 72, n2 = 36, n3 = 18 and p1 = 16384, p2 = 8100, p3 = 2784.

This experiment is only carried out for the proposed approach, due to the other techniques

are not able to work with different input dimensions (Figure 4-5).
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Figure 4-2.: Three COIL-100 objects, equal amount of observations
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Figure 4-3.: Three COIL-100 objects, different amount of observations

4.3. Discussion

According to the results presented in Figures 4.2(a), 4.3(a) and 4.4(a), the traditional LEM is

not able to find the correspondence among different datasets which are related to a common

underlying data structure. For all the provided experiments, LEM performs a clustering

of points for each manifold and it does not preserve the local or global properties of the

high-dimensional data. This algorithm can not find a low-dimensional representation that

unfolds the underlying data structure from multiple manifolds, due to the weight matrix W

in LEM is computed only considering pixel intensity similarities among frames, which in this

case produce the above mentioned clusters. The performance is the same for the different

experimental conditions and both databases.

Again, taking into the account the attained results with the LJM technique (Figures 4.2(b),
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Figure 4-4.: Three Gait subjects, different amount of observations

4.3(b), and 4.4(b)), it can be seen how it attempts to find a correspondence among datasets,

nevertheless the intrinsic geometry data structure of the phenomenon (object motion) is lost.

More precisely, for the COIL-100 database, the dynamic of the rotation is not reflected in

the embedded space. Similar results are obtained for gait analysis in the Mobo database,

although LJM tries to reveal the elliptical motion shape, it is not able to conserve a soft

correspondence among samples. Note that the application of LJM technique is limited to

analyze frames of video sharing a similar geometry, due to Ucb is inferred in the high-

dimensional space (pixels frame comparison). Overall, the LJM method can not properly

learn the relationships among objects/subjects performing the same activity, it just develops

well when the analyzed manifolds are similar in appearance, which limits the applicability

of the technique.
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(a) Multi Manifold Embedding

(b) Matrix A

Figure 4-5.: Different amount of observations and input dimensions (image resolution)


