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Abstract

In this project, the effect of different classifiers and dimensionality reduction meth-
ods is studied on the problem of human motion recognition and classification. The
high dimensionality nature of human motion data prevent them to be recognized in
the original space, thus they should be mapped to a lower dimensionality space for
better result or at least better performance. Different dimensionality reduction meth-
ods such as LLE, Isomap, MDS is applied to a standard dataset and the result of
recognition using kNN and QDA classifiers with different parameters are compared.
To compare the result of the classifier and find a good classifier for this domain and
dataset, a standard statistic comparison method called Fisher exact sign test is used.

Keywords: Human motion recognition, Dimensionality reduction, Multidimensional
scaling, Motion history.

1 Introduction

Tracking and recognizing human motion in natural environments provides a basic infras-
tructure for the advancement of several technologies that enable adaptive visual assistants
for intelligent human-computer interfaces or systems for entertainment, surveillance and se-
curity. Tracking is complex due to large variability in the shape and articulation of the
human body, the presence of clothing or fast motions. Highly variable lighting conditions or
occlusion from other people or objects further complicate the problem [1].

Since Human motion information is inherently both high dimensional and complex, di-
mensionality reduction is a standard procedure in the preprocessing of motion data for
recognition. There are several ways to find meaningful low-dimensional structures hidden in
high-dimension motion space. The classical technique for dimensionality reduction proposed
by Karl Pearson in 1901 is principal component analysis (PCA) that transforms a set of
correlated data into uncorrelated values called principal components. The first component
is responsible for as much variability in data as possible and each succeeding components
accounts for as much of the remaining variability as possible [2]. Another method for
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dimensionality reduction is multidimensional scaling for exploring similarities or dissimi-
larities of data. There are other similar methods that are all capable of detecting linear
degrees of freedom underlie complex nature of data. Nevertheless human motion data seem
to be non-linear and these methods may not be a good candidate for the field. Because
of the high dimension and non-linear nature of human motion patterns, use of nonlinear
dimensionality reduction techniques has been proposed by most recent works in literature.
They assume that human motion patterns can be represented by point-wise trajectories in
a lower dimensional space using non-linear dimensionality reduction methods. Examples of
these methods can be found in [3] and [4]. These methods try to learn low dimensional
manifolds from complex data and then compare these manifolds with sample movements
to recognize human movements. Evidence of the effectiveness of these non-linear manifold
learning methods for human motion recognition have been widely reported in the computer
vision literature. Techniques in this group include the Isometric feature mapping (Isomap)
[2] and the Locally Linear Embedding (LLE) [5]. In this project a technique for human
motion recognition is implemented and the result is compared with different dimensionality
reduction methods such as LLE, MDS, and Isomap and different classifiers such as kNN and
QDA. For comparing the result of these methods, a standard statistic tools called Fisher’s
exact test is used. Remainder of report is organized as follows: Section 2 describes dimen-
sionality reduction method used in this work. Next section describes the dataset, featured
used and other aspects of the work. Experimental result and comparison chart are shown
and compared in Section 4. Conclusion and references made up the last two section of this
report.

2 Conclusions

3 Dimensionality reduction and classification methods

This section describes dimensionality reduction and classification methods used in this study.

3.1 Multidimensional Scaling

Multidimensional Scaling (MDS) is a classic method for finding embedded dimensionality
in high-dimensional data thus reduces the dimensionality. In this study a fast method
implemented for MDS using the proposed method by Webb in [6]. Briefly, the method
minimizes least squares of this loss function:

σ2 (W) =
N∑
i=1

N∑
j=1

αij(qij (W)−dij (X))2 (1)

Where αij are positive weights, qij (W) is dissimilarity (i.e., norm) of ith and j th patterns
in embedded space, dij (X) is dissimilarity in the original space. W is an n by m matrix of
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coefficients where n is dimensionality of original space and m is dimensionality of transformed
patterns. Solution to this minimization can be found by this iterative equation:

AWt+1=D
(
Wt
)

Wt (2)

Where Wt are parameters at step t. A and D (Wt) are n by n matrices that can be
computed using these formulas (In the original Webb method, there is a transform function
(ϕ) that could be anything. The author assumes ϕ (x) = x)

A =
∑
i

∑
j

αij (xi−xj) (xi−xj)
T (3)

D
(
WT

)
=
∑
i

∑
j

αij
dij(X)

qij(W)
(xi−xj) (xi−xj)

T (4)

The dimensionalities of features used in this project are N=960, thus the computation
of these two values is very time consuming but the result is promising. The algorithm is as
follow:

1. Initialize W with some random numbers.

2. Update W based on Formula (2). This update minimizes σ2 (W) (Formula (1)) because
in each step the value of σ2 (W) is decreased [6].

3. Check for convergence by comparing the amount of difference between old value of
σ2 (W) and new value of it. If there is no converge, set t = t+ 1 and go to step 2.

To check converge in last step, the difference of σ2 (W) in each step is compared to a
threshold. If the value of this difference is less than threshold, the algorithm will stop.

3.2 Locally Linear Embedding

Locally Linear Embedding (LLE) is an unsupervised learning algorithm that computes low-
dimensional neighborhood-preserving embeddings of high-dimensional inputs [5]. LLE maps
its input onto a single global coordinate system of lower dimensionality and their optimization
do not involve local minima. LLE is able to learn the global structure of nonlinear manifolds
by exploiting the local symmetries of linear reconstructions. Steps of LLE are summarized
in figure 1. First step is assigning neighbors using K-nearest neighbor. The second step is
to compute weight that best reconstructs data point from its neighbors using least square
minimization and the third step is low-dimensional embedding by reconstructing the weight
vector. Please refer to [5] for detailed steps of the algorithm.
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Figure 1: This figure illustrates steps of LLE algorithm

3.3 Isomap

Isomap is one representative of isometric mapping methods, extends metric multidimensional
scaling (MDS) by incorporating the geodesic distances imposed by a weighted graph. The
classical scaling of metric MDS performs low-dimensional embedding based on the pair-wise
distance between data points, that is generally measured using straight-line Euclidean dis-
tance. Isomap is distinguished by its use of the geodesic distance induced by a neighborhood
graph embedded in the classical scaling. This is done to incorporate manifold structure in
the resulting embedding. Isomap defines the geodesic distance to be the sum of edge weights
along the shortest path between two nodes (computed using Dijkstra’s algorithm, for exam-
ple). The top n eigenvectors of the geodesic distance matrix represent the coordinates in the
new n-dimensional Euclidean space. [7] More information about Isomap can be found in
[1].

3.4 kNN

k Nearest Neighbor is the simplest classification algorithm that is based on the majority
vote of k nearest neighbors of the test sample [8]. The advantage of this method is the
simple implementation and lacking training phase and the disadvantage is large number of
parameters that is number of training samples.
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3.5 Quadratic classifier

Linear/Quadratic Discriminant Analysis (LDA/QDA) [9] is a probabilistic generative model
that tries to model probability distribution models of each class. LDA is used to find the
best linear combination of features that separate the classes while QDA is used to find
quadratic combination for the same purpose. Both methods assume normal distribution
for classes with a different mean and covariance matrix. There are three variations for
each of these methods. In QDA general, it is assumed that each distribution has it full
covariance matrix (full here means all elements of matrix could be non-zero and could have
meaningful values), while Nave-Bayes QDA assumes that covariance matrices are diagonal.
This means that the features are conditionally independent given their classes label. The
third variance of QDA is Isotropic that in addition to previous assumption, features are
mutually independent. LDA also has three models with similar assumptions. General-case
LDA assume all classes share the same covariance matrix, Nave-Bayes LDA assumes in
addition that features are conditionally independent given their class label, and Isotropic
LDA assumes that the populations are isotropic (features are mutually independent).

4 Implementation

There are different steps in implementation of this project, each of them can be found in a
subsection of this section. The first subsection describes the dataset used in this study.

4.1 Dataset

For the purpose of this project, a standard dataset is used that is described in [4]. It consists
of 9 motions with 9 (or in two cases, 10) samples for each of them. Camera is static and
background images partially provided.

4.2 Background Elimination

The dataset in this study provided the backgrounds for videos thus foreground can be ex-
tracted by subtracting frames from background image. But some of the motions do not
have background and/or the background does not match with the motion. For the purpose
of this project, an alternative method for extracting background is proposed. This method
only works on the motions that all parts of the subject is moving (i.e., run, step, etc.). For
each pixel X in frame F the algorithm computes the similarity (based on a threshold) of that
pixel with corresponding pixels in the other frames (at the same location). Then for each
location X, there are n candidates as background with n as the number of frames. The pixel
in the frame k is chose as background pixel if it has maximum similarity with the pixels on
the same location on other frames.

Bxy = P f
xy where f = arg max

k
Sk
xy (5)
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Figure 2: Background extraction example. First five images are sample frames of the test
movie. The last image is the extracted background. Note that the subject is present in all
frames of the test movie.

Where Bxy is gray-scale background pixel at location (x, y), P f
xy is pixel at location (x, y)

at frame f , and Sk
xy is the sum of similarities between pixel in location (x, y) at frame k with

all pixels at the same location at all other frames.

4.3 Feature Extraction

There are different features for human motion. Ribeiro and Blackburn [10] assume each
of the frames to be a data point (silhouettes) and after reducing the dimensionality, the
sequence of these points represents the motion. Then 1-NN classifier algorithm has been
used to match the sequences with learned motions. This approach seems to be working well
and they produce good results. But for simplification and also for exploring other methods
with less complexity, in this project an image constructed based on all frames represents the
whole motions frames. These features are shown in figure 3-a. The idea of this feature is
similar to one proposed in [3]. The step of finding these features is as follow:

1. Eliminate background to extract the foreground.

2. Binarize the foreground using a threshold.

3. Add each frames’ foreground to the feature image using this formula:

F t+1 = αF t + (1 − α)It (6)
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Where F t is feature matrix with the same size of image computed before frame t, and
It is foreground binary image for frame t.

Another way to extract a feature image is to add every frame together and then normal-
ized the image to be between zero and one. The motivation for this feature is that all frames
has equal influence on the feature and repeating an actions do not have any influence on this
feature image. The steps to find this type of features is the same except for step three:

3. Add each frames’ foreground to the feature image

4. Normalize the feature image by dividing it to the maximum value in the feature image.

These features are shown in figure 3-a.

4.4 Dimensionality Reduction

After feature images is constructed for all of the motions in the database, different dimen-
sionality reduction methods are applied to these features to find best mapped data points in
2d or 3d. The reason of choosing 2d-3d is for the visualization purpose but the test shows
that these dimensions are enough for recognition.

One of the dimensionality reductions implemented in this study, is described in section
2.1. The implementation is a little slow but the result is quite good. All other dimensionality
reduction methods in this project is implemented in a toolbox by van der Maaten [11].

The output of dimensionality reduction method for motion feature is shown in figure 4.
Figure 5 also shows the output of dimensionality reduction method for motion feature for
normalized sum features. As one can conclude from these figures, the implemented MDS
algorithm has good results and they seem to be separable. 3D features are seems to be more
separable. Also it is apparent that feature two (normalized sum) does not seem to be very
separable neither in 2D nor in 3D. Another interesting observation in result of MDS for first
feature in 2D is the there is three red points far from the colony of red points. This can be
justify by the fact that all subjects are not running (the red data point is for running) in
the same direction. In fact we have three subjects that run in different direction than the
others, but this is not a problem for classifiers because they are still separable from other
motions. Also from the results, the jump and wave2 motions seem to be more difficult to
recognize because their colonies does not seem to be separable from other colonies. The best
feature in most of the results seems to be wave1 (white points).

4.5 Classification and Recognition

As described in section two, the classifiers used for this study was QDA and kNN. One
should note that QDA classifier/recognizer has smaller number of parameters because its
parameters are proportional to number of the classes while kNN parameters are proportional
to the number of samples. This makes QDA better choice in statistically equal situations.
Figure 6 shows some of the classification regions.
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Figure 3: Two types of feature-images extracted from motions. (a) motion history (b)
normalized sum
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Figure 4: Reduced data points for feature one. Both 2d and 3d reductions for three different
dimensionality reduction methods are shown. Note that ZyMDS is Multidimensional scaling
implemented in this study.
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Figure 5: Reduced data points for feature two. Both 2D and 3D reductions for three different
dimensionality reduction methods are shown.
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Figure 6: Classification regions for motion history feature. For kNN (second row) k=5.
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4.6 Comparing classifiers

Classification results cannot be compared by number of correct classifications if the number
of test cases is not big enough. Actually there are some statistic tools for comparing clas-
sification results. One of them is fisher’s exact test [12]. This test is for comparing two
classifiers and decides if one of them is better than the other. The null hypothesis is that
classifier one is not better than classifier two or (p1¡=p2). And the alternative hypothesis
is classifier one is actually better than classifier two. To decide if the null hypothesis can be
rejected or not, a ? value should be compute using this formula:

π (s1, s2, N1, N2) =
sm∑
s=s1

(
N2

s1 + s2 − s

)
(
N1 +N2

s1 + s2

) (7)

Where s1and s2 are number of correct classification for classifier one and two respectfully,
N1 and N2 are number of test samples, and sm is minimum of s1and s2. If π value is less than
α (called test’s significance level) FET rejects null hypothesis and concludes that classifier
one is more accurate than classifier two. On the other hand classifier one is better than
classifier two with maximum error equal to α.

Because we have more than one classifier in this study, and actually there is no proof
that this test has transitivity we need to study the pair-wise test’s ? value and with other
factors taken into account, we need to decide which classifier is better or more accurate. In
the next section result of the classifiers and these test’s π values are shown.

5 Experimental Results

Because of small number of samples in the dataset, it is not possible to divide it into a
cross-validation set and a training set. So a method called leave-one-out cross-validation
(LOOCV) is used that uses one pattern from original training patterns as cross-validation
set and all other patterns as new training set. This is repeated such that each pattern is
used once as the cross-validation set.

The result of LOOCV is shown in figure 7 for 2D and 3D reduced features. First one
should note that all of the results in this section is based on the first feature (motion history).
Weak results of the second feature prevent it to generate a reasonable result. Although it is
not statistically valid to compare these results based on number of correct classification, but
these numbers give a sense of comparison between these classifiers. Base on this observation,
the best dimensionality reduction method for reducing the dimensionality of data to 2D
is LLE with respect to number of correct classification and MDS for 3D. In table 1, the
confusion matrix for actions in this project is shown. The property of confusion matrix let
one not only measure the preciseness of classifier, but also get some idea about which classes
made confusion. For example, Walk actions are classified as run in 20% of cases that is a
forgivable mistake. Also Side and Jump actions are also confused in 11% of cases.
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Figure 7: Comparing different classifiers with different parameters. X-axis is number of
correct classified patterns with LOOCV method. The strings represent the name of the
classifier.

Table 1: Confusion Matrix for classes (actions) in this project. The numbers are normalized.
The ultimate goal is to make diagonal values all one.
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Table 2: CFisher’s exact test ? values. Ho is classifier on the row is more accurate than
classifier on the column. For values greater than ?=0.10 (white cells) we cannot reject Ho.
Gray cells means according to Fisher’s exact test, the classifier on the row is more accurate
than the classifier on the column. Last row shows number of correct classification for all of
the classifiers.
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Finally to compare the classifiers with a reasonable statistic tools, Table 2 shows the
result of pair-wise comparison with Fisher’s exact test. If these ? values are less than the
significance level (α) we can reject Ho and conclude that the classifiers on the row is better
than the classifier on the column. The first impression from the table 2 is that it is too hard
to say which classifier is more accurate. According to the statistic test, we cannot say from
first four classifiers that one is more accurate. We can pick the one with less parameters that
is 1NN(LLE-2) means 1NN classifier with LLE as dimensionality reduction method to reduce
features to 2D space. Now if we compare this classifier with others at row there is 5 more
classifiers that Ho cannot reject them, from these class we may pick QDA(LLE-2) because
QDA has less parameters than the others. If we continue this procedure we can conclude
that QDA(LLE-2) seems to be the most accurate classifier between these classifiers, but still
it needed more test cases to be proof.

6 Conclusion and future works

In this project, effect of different classifiers and dimensionality reduction methods are stud-
ied on the human motion recognition. The first result of this study is the importance of
the number of patterns. To have more accuracy in dimensionality reduction methods, more
patterns are needed. Also more test patterns are needed to compare the classifiers as most
of them are statistically the same. To extend this project, one can test the other classifiers
such as Parzen window classifier [13] and other dimensionality reduction methods, but the
crucial thing one can do is to find more patterns maybe more than dimensionality of pat-
terns themselves, so methods such as LPP [14] can also be applied. Result of this project
especially confusion matrix in table 1 is very useful to extend the work. By using this result,
mistakes of the recognizer could be finding and with some new features or considerations in
classifiers, they could be resolved. One other problem that can be solve in future is the prob-
lem of mapping from high dimensionality space (observation space) to low dimensionality
space (embedded space). Most of the dimensionality reduction methods do not provide this
mapping for new arrived data and the dimensionality reduction should repeat for all data
after new data are arrived. One way to face this problem is to learn a Radial Basis Function
or any other kind of mapping using existing data and use it for future data.
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