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a b s t r a c t

In this letter, we introduce a semi-supervised manifold regularization framework for human pose estima-
tion. We utilize the unlabeled data to compensate for the complexities in the input space and model the
underlying manifold by a nearest neighbor graph. We argue that the optimal graph is a subgraph of the k
nearest neighbors (k-NN) graph. Then, we estimate distances in the output space to approximate this
subgraph. In addition, we use the underlying manifold of the points in the output space to introduce a
novel regularization term which captures the correlation among the output dimensions. The modified
graph and the proposed regularization term are utilized for a smooth regression over both the learned
input and output manifolds. Experimental results on various human activities demonstrate the superior-
ity of the proposed algorithm compared to the current state of the art methods.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

The problem of inferring a human’s pose from an image or a vi-
deo clip is commonly referred to as human pose estimation. The
image or video is usually obtained from a typical camera and the
pose is modeled by the angles of body joints which are considered
as points lying in a high dimensional output (pose) space. The prob-
lem emerged in the 1990s and has gained lots of attention in the
last few years. Human pose estimation plays a key role in many
applications such as video surveillance systems, human computer
interaction, interactive games, and special effects industry.

This letter considers the problem of estimating human body
pose from monocular images. In general, two schools of thought
exists in this area. Generative approaches try to model the proba-
bility of the event that some observable data (i.e. input image)
could be responsible for a given pose (Ramanan et al., 2007; Lee
and Nevatia, 2009). Here, the inference involves search of articu-
lated pose space for peaks in the likelihood function and then the
Bayes rule is used to find the probability of a certain pose given
the observations. These methods usually need good initialization,
accurate models, complex likelihood functions and hard con-
straints to limit the search domain in a high-dimensional pose
space. Moreover, the global optimum is not usually achievable be-
cause the objective functions are often non-convex. To avoid the
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aforementioned difficulties, discriminative approaches employ a
direct mapping between the input and output spaces (Agarwal
et al., 2006; Agarwal and Triggs, 2005). Despite their advantages
over the generative methods, discriminative methods face their
own challenges: the problem is ill-posed in the sense that close ob-
servable data might correspond to very dissimilar poses. The pose
space is very high dimensional with hidden correlations between
different joint angles. Hence, obtaining an accurate mapping
requires considerable amount of data.

Being ill-posed is an inherent problem in 3D human pose esti-
mation. By mapping the 3D real world to the 2D image space, we
lose part of the depth information which cannot necessarily be re-
trieved. However, in practice, this problem can be reduced to a good
extent. The main idea in resolving the ill-posedness is to utilize the
available information about the pose space (via the labels of the
training data) in an effort to localize the input space in a manner
that inputs with dissimilar outputs lie in different localities. Then,
a mixture of local mappings is learned from input to output space,
each of which is specialized for regression over its own locality (Ro-
sales and Sclaroff, 2002; Agarwal and Triggs, 2005; Kanaujia et al.,
2007; Li et al., 2009). All the previous work more or less benefit
from the same idea and only differ in the type of regression and
the method of parameter estimation. Therefore, all of the existing
methods suffer from the same peril: small localities are essential
for obtaining a good accuracy. This increases the required number
of regressors which correspond to learning a large number of
parameters, and using considerably large amount of training data
(in the order of few thousands) to completely cover the space.

The problem of hidden correlations in the output space is re-
solved by explicitly reducing its dimensionality (Lee and Elgmmal,
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2007), or reducing the dimensionality of the joint input–output
space (Navaratnam et al., 2007). However, explicit dimensionality
reduction results in the loss of valuable information in the geodesic
distances of data points.

A few number of semi-supervised methods have been proposed
to utilize unlabeled data to overcome the lack of training data
(Kanaujia et al., 2007; Li et al., 2009; Navaratnam et al., 2007,
2010). Most of these methods either do not benefit from the man-
ifold structure of the data (Bo and Sminchisescu, 2010) or distort
its structure by explicit dimensionality reduction (Navaratnam
et al., 2007). The only graph based methods which have been pre-
sented in (Kanaujia et al., 2007; Li et al., 2009) also violate the goal
of decreasing the required number of training data by working on
small localities.

Our work is based on the manifold assumption and Laplacian
regularization framework introduced in (Belkin, 2003). Manifold
assumption, requires the data to lie on a low dimensional manifold
in the original high dimensional space. Moreover, it needs the la-
bels of the data to change smoothly over this manifold. The first
requirement is met due to the low degree of freedom in most of
human activities. The second condition is almost true because
gradual changes in body pose (i.e. the labels) result in smooth
changes in the input images (and hence the input features). How-
ever, due to the ill-posedness of the problem, this requirement is
violated in few situations when similar input images correspond
to dis-similar poses. In this work we model the manifold of the
data by a graph. Nodes of this graph correspond to the data points
and edges connect data points with similar input features. Similar-
ity of features corresponding to dis-similar labels (i.e. ill-
posedness) adds some irrelevant edges to this graph that connect
similar inputs with dis-similar poses. These edges violate the
assumption of smooth variation of the labels of the data over the
manifold. The proposed method uses an estimation of the dis-
tances in the output space to eliminate most of these irrelevant
edges in the graph that models the input manifold. Hereby, we
resolve the problem of ill-posedness to a good extent.

Moreover, to deal with the high dimensionality and the hidden
correlations in the output space, we estimate each of the joint an-
gles separately, but utilize an estimation of the output manifold
through a k-NN graph to introduce a novel regularization term,
which captures the correlation between output dimensions.

The proposed method benefits from implicit dimensionality
reduction. Therefore, it does not suffer from the loss of geodesic
distances information as it does not explicitly reduce the dimen-
sionality of the space. We measure the Euclidean distances and
estimate the geodesic distances in the original space. However, in
our regression process, instead of the Euclidean distances, we use
the geodesic distances on the estimated graph. Consequently, we
are implicitly working in a low dimensional space (i.e. the manifold
space) without explicitly reducing the dimensionality and thus
avoid losing any information that exist in the original space.

Finally, the need for large number of training data is eliminated
by making use of the unlabeled input data in the form of the input
manifold.

To the best of our knowledge, this work is the first semi-super-
vised method that benefits from the manifold structure of the input
data to make a direct estimation of the labels. The only other graph
based methods in human pose estimation are Kanaujia et al. (2007)
and Li et al. (2009). As mentioned above, these works require thou-
sands of training data in order to achieve an acceptable perfor-
mance. Moreover, their models are piecewise linear, and instead
of directly estimating the labels, they estimate the parameters of
their linear regressors. In addition, the smooth change of these
parameters over the manifold is not well justified.

The rest of this letter is organized as follows. In Section 2, we
briefly introduce the manifold regularization framework. Section
3 presents the proposed method. Experimental results are pro-
vided in Section 4, and finally the concluding remarks are pre-
sented in Section 5.
2. Regression on manifold

We develop our learning algorithm based on the Laplacian reg-
ularization framework introduced by Belkin (2003). Laplacian reg-
ularization is based on the manifold assumption. This assumption
states that data points lie on a low dimensional manifold (called
M). It also requires that the labeling function changes smoothly
over the manifold.

Suppose f is a labeling function overM (i.e. f is a function from
M to R). The smoothness of f overM is defined as (Belkin, 2003):

Sðf Þ ¼
Z
M
k5 fk2dVM

where dV is the volume differential ofM. Manifold assumption re-
quires that S(f) has a small value.

In practice, we do not have access to the real manifold of the
data. To solve this problem, we use a graph to discretely model this
manifold. This graph estimates the shape of this manifold by
connecting each data point to some of its neighbors. The most
common graph construction scheme is the k-NN method which
connects each point to k of its nearest neighbors in the space.
Our graph construction method is based on this scheme.

Note that we only have a finite number of data points and we
just need to estimate the labeling function for those points. In an-
other word, we are using a transductive learning framework. As a
result, our labeling function is a discrete function having values
over the sample points.

To estimate the smoothness of the labeling function over the
graph, we have to consider a discrete estimation of the smoothness
function. Let Wi,j denote the adjacency matrix of the constructed
graph. Here, wi,j is a measure of similarity between nodes i and j.
We can estimate smoothness of function f over this graph by Belkin
(2003):

bSðf Þ ¼Xlþu

i¼1

Xlþu

j¼1

wi;jðfi � fjÞ2

with l and u denote the number of labeled and unlabeled data,
respectively. Therefore, the total number of data is given by
n = l + u. It is easy to show that bSðf Þ can be represented as:

bSðf Þ ¼ f tLf

Here, L is the Laplacian matrix of the graph that models the mani-
fold given by L = D �W, where D is a diagonal matrix with
Di;i ¼

Plþu
j¼1wi;j.

Our goal is to find a labeling function that has a smooth varia-
tion over the manifold while minimizing the reconstruction error
for the training data. This function can be found by solving the
objective function:

f � ¼ minf kCf � yk þ cf tLf

where C = [1l�l;0l�u] is a selection matrix such that Cf only has the
indexes of f that correspond to the labeled data, and c represents
a balance factor between smoothness and exactness of the fitting
data. The first term of the expression above minimizes the recon-
struction error, and the second term forces f to change smoothly
over the manifold. This optimization problem can be easily solved
by setting the derivative (with respect to f) of the objective function
equal to zero (Belkin, 2003). This process has a time complexity
equal to inverting an n � n matrix which is at most O(n3).
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When the labeling function is multi-dimensional, we can easily
extend this work by using vectors instead of scalars (Belkin, 2003).
Consequently, in our problem we solve the optimization problem:

F� ¼min
f2Rn
kCF � Yk þ c traceðFtLFÞ

where F is a matrix such that F(i, :) is the estimated label for the ith
data, and Y is defined in the same manner. We also use the normal-
ized Laplacian matrix: L = D�1/2(D �W)D�1/2 instead of the tradi-
tional Laplacian matrix. Moreover, as derivation is linear with
respect to the trace operator, it is easy to show that solving the
above optimization is equivalent to solving the problem separately
for each of the output dimensions. The time complexity of this
process is the equal to O(n3).

3. The proposed method

Graph based semi-supervised methods have two main compo-
nents: the graph construction scheme and the regularization
term(s). The proposed method offers improvements on both of
these components. In fact, the estimated distances in the output
space are utilized to modify the graph construction method and
introduce a new regularization term. In our improvements we just
need to know the nearest neighbors of each point. Hence, we only
need relative estimates of the distances in the pose space. By rela-
tive, we mean an estimate in which the order of the distances of
the points remains intact: far point remain far apart and close
points remain close. Consequently, to make our algorithm faster
and to eliminate the noise effects on the distances, we work on a
lower dimensional version of the output space which acts as a
proxy for the higher dimensional space. We employ kernel PCA
on the poses of the training data to reduce their dimensions to
the desired constant m, and use the Laplacian regularization (intro-
duced in Section 2), with a k-NN graph, where k = k0, to learn a
mapping from the input space to this space. We then create a
k-NN graph, with k = k1, on this space which represents the output
manifold. We refer to this graph as G1. It is noteworthy that our
improvements are not much sensitive to the accuracy of this map-
ping, because small variations in the estimates would not signifi-
cantly alter the neighbors of a point. Thus, we only need a rough
estimate of the distances of points in the output space to estimate
the geodesic distances.
Fig. 1. Edges of the 3-NN graph for part of a circular walk sequence. T
3.1. Graph construction

Assuming the data lies on a low dimensional manifold, the goal
of graph construction methods is to model the real manifold in the
form of a graph. The most common graph construction scheme is
to simply construct a k-NN graph on the input features. This meth-
od works well in many cases, but in problems like human pose
estimation where close points in the input space might have dis-
similar labels, nearest neighbors might be misleading. In such
cases, the graph that models the input manifold might have some
irrelevant edges which connect two points with different labels.
According to the manifold assumption, we expect close points on
the manifold to have similar labels. Existence of such irrelevant
edges violates this assumption and results in reduction in the per-
formance of the algorithm. However, when the unlabeled data
represents a dense sampling of the real manifold, in spite of some
irrelevant samples, the neighboring data of a point on the real
manifold will be within its few nearest neighbors. Therefore, for
a value of k which is not much large, but is large enough to cover
the neighborhood of the data points, the optimal graph is a sub-
graph of the k-NN graph in which we have omitted the irrelevant
edges.

Our graph construction is based on a k-NN graph with a param-
eter k = k2, in the input space (called G2). This method finds and
(almost) eliminates the irrelevant edges of G2 with the aid of the
estimated distances in the pose space. For each pair of points
which are connected in G2, we keep the weight of the edge be-
tween them intact if they are directly connected in G1. If not, the
weight will be reduced to half of its initial value.

This way, we assign small weights to the edges that correspond
to points which are close to each other in the input space but have
a large distance in the output space, and the weights of the edges
related to points close in both input and output spaces remain
high. Altering the input manifold in this manner enables our meth-
od to maintain a more realistic distance between input features,
thus resolving the problem of ill-posedness to a good extent.

Fig. 1 demonstrates the effect of the above modifications on a
sample input graph. It shows a 3-NN graph constructed on the in-
put features of the data for about half a circle of a circular walking
sequence. The original edges were in the 100 dimensional input
space. However, we reduced the dimension of the points to 3 for
illustration purposes (the x, y and z dimensions are simply the first
he proposed graph construction method removes the bold edges.
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three dimensions returned by kernel PCA with a Gaussian kernel).
Both the normal and bold edges in this graph are the edges of the
3-NN graph. The bold edges are those ones which are identified as
irrelevant by our algorithm. It is notable that (as we have assumed)
the input manifold bends a lot and gets close to itself in many
places. In these cases, some edges connect data points which
though of close Euclidean distance, have different labels and hight
geodesic distance (i.e. the distance on the manifold). However, in
most of the cases where an irrelevant edge connects two points
with a high geodesic distance, this edge is discovered and elimi-
nated by the proposed method.

3.2. Regularization term

As illustrated in (Lee and Elgmmal, 2007), for most of the activ-
ities, human body pose lies on a low dimensional manifold. This
manifold captures the correlation information in the output space.
By utilizing this manifold, we can use this information to improve
the performance of our algorithm. Hence we assume that the esti-
mated outputs change smoothly over the manifold of the activity’s
poses.

To apply this assumption, we need the Laplacian matrix of G1.
Let us call this matrix L1. Minimizing trace(FtL1F) over values of f re-
sults in smooth change of output estimations over the output man-
ifold. This way, we can add trace(FtL1F) to our minimization
problem as a second regularization term. Therefore, we have to
solve the optimization problem below to obtain the values of f:

min
f2Rn

X
i2T

�yi � �f ðxiÞ
� �2 þ c1 traceðFtL1FÞ þ c2 traceðFtL2FÞ

where L2 is the Laplacian matrix of the constructed graph in the pre-
vious section. The optimal solutions of the problem can be found by
setting the derivative of the above equation with respect to f equal
to zero.

As it is shown in Section 4, Laplacian regularization has an
acceptable performance by itself. Thus, without use of the new reg-
ularization term, the labels are already close to the output mani-
fold. However, the estimated labels have a noisy variation (with
Table 1
Experimental results: average error in degrees, GC and RT are the proposed improvement

Activity Tr. N. (%) RVM TGP LAP

20 10.28 9.45 5.53
Acrobatics 40 5.65 5.20 5.08

60 5.37 4.84 5.04
20 11.85 11.64 7.65

Boxing 40 8.34 7.90 6.67
60 8.09 7.68 6.45
20 26.02 20.64 10.51

Cartwheel 40 13.68 13.23 9.13
60 11.33 10.83 8.53
20 5.71 5.59 4.11

Golf 40 5.06 4.61 4.87
60 4.45 4.34 4.78
20 7.72 7.58 3.72

Laugh 40 4.77 4.55 2.97
60 4.38 4.18 2.74
20 8.56 8.29 6.53

Run 40 6.48 6.43 5.95
60 6.19 6.15 5.86
20 14.94 14.14 10.63

Swim 40 10.85 10.61 9.70
60 10.41 10.20 9.51
20 4.08 3.95 3.12

Traffic 40 4.72 4.57 3.64
60 4.52 4.38 3.41
20 7.43 5.85 5.09

Walk 40 3.23 3.13 2.83
60 3.16 3.06 2.76
a zero mean) around this manifold. Since the proposed regulariza-
tion term forces the estimation of the outputs to change smoothly
over this manifold, it eliminates the noise effects on the estima-
tions and hence results in a better performance.

In another view, if we could have the real output manifold, forc-
ing the estimated labels to change smoothly over the true manifold
would result in accurate estimation of the outputs, since the true
labels would change smoothly over this manifold. In the beginning
of Section 3, we argued that the estimated output manifold is an
acceptable estimate of the true manifold. Hence, forcing the esti-
mated outputs to change smoothly over this manifold will lead
to better results as well.
4. Experimental results

In our simulations, we used activities in the CMU Mocap dataset
(CMU, 2011) in bvh format to generate silhouettes for the realistic
sequences. We have selected various activities from this dataset
to test the proposed method on a diverse set of body positions.
The activities include Acrobatics (hanging and swinging on a rope),
Boxing, Cartwheel, Traffic (directing the traffic with hands, pointing
and waving), Golf, Laugh, Run, Swim and Walk. The skeleton for the
data has 57 joint angles. We utilized 100 dimensional histogram of
the shape contexts that was introduced in (Agarwal et al., 2006) as
our input feature. The error measure is the average (over all angles)
root mean square (over time) error (RMS). We used 1000 frames
from each sequence (for the sequences with shorter length we used
all the frames), and used 20, 40 and 60 percent of them as training
data in different experiments (which represent low, medium, and
large amount of training data), and used the rest as test data
(i.e. 80, 60 and 40 percent of frames, respectively).

We compared the proposed method with the Relevance Vector
Machine (RVM) as a well known supervised regression method,
the Twin Gaussian Process (TGP) (Bo and Sminchisescu, 2010) as
a state of the art semi-supervised method, and the Laplacian regu-
larization (LAP) Belkin, 2003, as a baseline method for the proposed
algorithm. Comparison with Kanaujia et al. (2007) and Li et al.
s, and GC + RT is their combination.

GC RT GC + RT Imp. Ratio (%)

5.46 5.05 5.11 7.57
5.05 4.57 4.69 7.76
5.14 4.26 4.37 13.31
7.47 7.59 7.65 0.08
6.57 6.42 6.47 3.08
6.26 6.10 6.13 4.95
10.32 10.00 9.98 4.98
8.81 8.81 8.75 4.15
8.09 8.26 8.17 4.28
4.06 3.86 3.88 5.65
4.75 4.41 4.40 9.67
4.72 4.20 4.22 11.73
3.54 3.67 3.63 2.38
2.77 2.67 2.63 11.60
2.56 2.40 2.36 13.71
6.47 6.57 6.58 �0.85
5.94 5.81 5.87 1.47
5.60 5.25 5.22 10.94
10.61 10.41 10.48 1.39
9.63 9.10 9.15 5.66
9.43 8.84 8.91 6.30
3.08 2.93 2.95 5.41
3.51 3.26 3.26 10.47
3.33 3.08 3.12 8.62
4.76 4.86 4.81 5.53
2.79 2.52 2.55 9.72
2.68 2.41 2.44 11.39



Fig. 2. Error and time consumption of LAP and GC + RT for different amounts of output dimensionality.

Fig. 3. Effect of improvements for different number of nearest neighbors on Walk (left) and Laugh (right) sequences, for LAP, GC, RT and GC + RT.
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(2009) was not relevant, because these methods require thousands
of training data to produce acceptable performance (we assumed
only a few hundreds are available). We name our graph construc-
tion method GC, our regularization method RT, and the proposed
method that uses both GC and RT improvements GC + RT. In addi-
tion to the proposed method, we also investigated the effect of GC
and RT, separately. Our experiments showed that on average, the
optimal k for the k-NN graph in LAP is equal to 3 (see Fig. 3). Thus,
we employed a 3-NN graph for this method and set k2 = 3 for con-
sistency. We also set m = 40, k0 = 2 and k1 = 6, and the parameters
c1 and c2 were set to 10�4. In a few cases, setting k0 = 2 resulted
in disconnection of G1. These cases can be discovered easily and
we can simply set k0 to a higher value to solve this problem. Table 1
depicts the results of our experiments. In this table, the activity
names come in the first column. Second column shows the percent-
age of the data that is used for training in each experiment. Columns
three to eight contain the error (in RMS) for different methods. The
bold entry in each row of these columns presents the lowest error,
and the last column presents the improvement ratio of GC + RT over
LAP. Improvement ratio is computed by subtracting the error (in
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degrees) of GC + RT from the error of LAP and then dividing it by the
error of LAP and multiplying the result by one hundred. This way, if
the error becomes zero, we achieve a 100% improvement, and if we
have no improvement, the improvement ratio becomes 0%. The
improvement ratios for RVM and TGP are not shown, because in
most cases LAP outperforms these methods.

The results show that using the manifold of data to enhance our
prior knowledge of the problem has actually improved the perfor-
mance of pose estimation. The performance of manifold based meth-
ods, almost in all cases, is better than both the popular supervised
RVM method and the state of the art semi-supervised TGP method.
Comparing the proposed improvements with LAP showed that, in
general, RT performs better than GC. Because, k2 is so small that
the graph constructed in the input space (G2) does not contain much
irrelevant edges to be cut. Moreover, cutting these edges might cause
the graph to be disconnected. On average, for all sizes of the training
sets, GC, RT and the proposed method (GC + RT) gained more than
2.4%, 7.0% and 6.7% improvement over the LAP, respectively.

It should be noted that when the number of training data in-
creases, the improvement (in degrees) and consequently the
improvement ratio also increases. This is expected, because as
more training data become available, we could have better esti-
mates for the output space, and consequently model the output
manifold in the form of G1, more accurately.

In addition, the proposed improvements are both based on the
estimated model of the output space (i.e. the graph G1). Conse-
quently, their combination works almost as good as the more
effective improvement (i.e. RT). The experimental results show
that besides a few exceptions where GC had the best results, in
all other cases the performance of either RT or GC + RT, which
are very close to each other, was the best compared to the compet-
ing algorithms. Moreover, in all the experiments, one of the
Fig. 4. Subjective comparison: In figures (a) and (b), the first column shows the input silh
show the outputs of the GC + RT and LAP methods, respectively.
improvements or their combination had the best performance
compared to all other methods.

In summary, LAP outperforms RVM and TGP is most cases, and
either GC, RT or GC + RT methods have outperformed the baseline
method LAP in all cases. The average improvement ratio of the pro-
posed method (GC + RT) against LAP is about 6.7%. Moreover, the
average variance of the error for the proposed method is 0.007 de-
grees which implies consistency of the proposed method in pose
estimation.

As we mentioned in Section 2, the complexity of multi-dimen-
sional regression over manifold is equal to the dimensionality of
the labeling function times O(n3) where n is the total number of
data. Hence, the complexity of LAP is equal to 57 � O(n3) while
the complexity of GC + RT is (57 + m) � O(n3), where the best re-
sults are gained for m = 40, for which the time complexity of the
proposed method is almost twice the time complexity of LAP. This
fact can be observed in Fig. 2.

The left plot in Fig. 2 shows the error of GC + RT compared to
LAP and the right plot shows the time required for these methods
to estimate the pose for different values of m on 1000 frames of
data where 600 frames were used for training and the rest for test.
As depicted in the left plot, for values of m as low as 5, we obtain an
acceptable amount of improvement compared to LAP with a
slightly more time complexity. As m increases the improvements
becomes more until m reaches to 40 after which the increase in
improvement is not noticeable. In the plot at the right side of this
figure, one can see that the time required by GC + RT increases lin-
early with m. If we set m to a small value like 5 or 10 the running
time of GC + RT is close to that of LAP. As m increases, the time con-
sumption of GC + RT increases until m reaches 57 and the running
time of GC + RT becomes about two times the running time of LAP.
It should be noticed that for all values of m, the running time of
ouettes, the second column represents the real labels, the third and fourth columns
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GC + RT is m
57 times more than the running time of LAP. We obtained

similar results for all the activities in our experiments.
Fig. 3 depicts the effect of our improvements for different num-

ber of nearest neighbors. The results are shown for two sample se-
quences (i.e. Walk and Laugh). It can be seen that in all cases the
proposed method outperforms LAP, and with the increase in k
(and k2) the improvements have increased as desired. The perfor-
mance of the methods for other sequences had almost the same
behavior.

Fig. 4 presents the subjective comparison of the proposed meth-
od (GC + RT) and the baseline method (LAP). In each section of this
figure, the first column shows the input silhouettes. Second col-
umn shows the true labels, and third and fourth columns show
the results of GC + RT and LAP, respectively. In this figure, we have
included one frame from each of the activities in our experiments.
The activities are sorted in alphabetical order. These outputs are
obtained by using 60 percent of the data as training data.

5. Conclusion

In this letter, we introduced a new semi-supervised method for
human pose estimation which directly benefits from the manifold
structure of the input data to estimated the joint angles of the
body. By considering the two main challenges of discriminative hu-
man pose estimation methods, we introduced two improvements
for the popular Laplacian regularization method. To reduce the
ill-posedness of the problem of finding a mapping from input to
output space, we altered the edge weights of the k-NN graph such
that it becomes a better representation for the true manifold of the
data. Furthermore, we added a novel regularization term to the
optimization problem which helped in capturing the hidden corre-
lation between the various output dimensions of human pose. We
tested the proposed method on various human activities. Both
objective and subjective results of these comparisons showed the
superiority of the proposed method compared to both the basic
manifold regularization method, and the state of the art methods.
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