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Abstract 

 
In this paper, our main contribution is a framework for 

the automatic configuration of any spectral dimensionality 
reduction methods. This is achieved, first, by introducing 
the mutual information measure to assess the quality of 
discovered embedded spaces. Secondly, we overcome the 
deficiency of mapping function in spectral dimensionality 
reduction approaches by proposing data projection 
between spaces based on fully automatic and dynamically 
adjustable Radial Basis Function network. Finally, this 
automatic framework is evaluated in the context of 3D 
human pose estimation. We demonstrate mutual 
information measure outperforms all current space 
assessment metrics. Moreover, experiments show the 
mapping associated to the induced embedded space 
displays good generalization properties. In particular, it 
allows improvement of accuracy by around 30% when 
refining 3D pose estimates of a walking sequence produced 
by an activity independent method. 
 

1. Introduction 
3D pose recovery from video sequences is a very active 

research field in computer vision, which has many 
applications including visual surveillance, sport analysis 
and human computer interaction. Although this very 
challenging task has been tackled by many groups for years 
[1; 2; 3; 4; 5; 6; 7; 8; 9], the quality of recovered 3D poses 
still requires improving. The objective of this paper is the 
automatic configuration of spectral dimensionality 
reduction methods applied to the refinement of pose 
estimates extracted from video sequences. 

Here, 3D motions are defined as sequences of 3D human 
body poses at successive time instants, thus, motion 
reconstruction can be formulated as the problem of 
reconstruction the sequence of 3D human poses. In turn, the 
goal of pose recovery is to localise a person’s joints and 
limbs in either an image plan (2D recovery) or a world 
space (3D recovery), which usually results in the 
reconstruction of a human skeleton. Although, human 
motions reside in a very high dimensional parameter space; 

many studies have revealed that the space of a specific 
activity, such as walking, is intrinsically a low dimensional 
nonlinear subspace embedded in the high dimensional 
space [1; 2; 7]. Therefore, reduction of data dimensionality 
has been investigated to improve 3D pose recovery. 

In this work, we assume that some ambiguous 3D poses 
have been estimated from 2D images cues and we 
concentrate on refinement the quality of these poses by 
taking advantage of advanced nonlinear 
activity-constrained learning based approaches. The 
proposed method relies on discovering the embedded space 
associated to the activity of interest in fully automatic way 
without manual tuning of any parameter. It is invariant to 
body size or motion style, moreover the accuracy increase 
with the size of training set. Since it is strictly activity 
specific, training and testing data must originate from the 
same domain of motion (e.g. walking). The discussed 
method is general and can be used either for improving 2D 
or 3D pose estimation depending on training set 
dimensionality. 

The paper contributes to the current state of the art, first, 
by providing a general framework for the automatic 
configuration of any spectral dimensionality reduction 
methods. This is achieved by introducing the mutual 
information measure [10] to assess the quality of 
discovered embedding spaces. Secondly, we overcome the 
deficiency of mapping function in spectral dimensionality 
reduction approaches by exploiting Radial Basis Function 
network (RBFN) [11]. In our method, the RBFN can 
dynamically adjust to the training data to design the optimal 
structure in an unsupervised manner. This automatic 
framework is evaluated in the context of refining of 3D 
human pose estimations obtained by any activity 
independent 3D pose recovery method. In particular, we 
identify the most appropriate spectral dimensionality 
reduction method for human motion. Finally, we 
demonstrate that mutual information outperforms all 
currently available metrics for judging the quality of the 
embedded space by providing comprehensive and 
quantitative comparison between them. 

The structure of this paper is organised as follows. After 
presenting relevant literature review in Section 2, we detail 
in Section 3 our automatic configuration algorithm and 
explain its application. Then, experiments to validate our 

 
Automatic configuration of spectral dimensionality reduction methods for 3D 

human pose estimation 
 

Michał Lewandowski 
DIRC Kingston University 

London, UK, KT1 2EE 
m.lewandowski@kingston.ac.uk 

 

Dimitrios Makris 
DIRC Kingston University 

London, UK, KT1 2EE 
d.makris@kingston.ac.uk 

Jean-Christophe Nebel  
DIRC Kingston University 

London, UK, KT1 2EE 
j.nebel@kingston.ac.uk  



 
 

2 

method with quantitative results are given in Section 4. 
Eventually, conclusions and future work are addressed in 
Section 5. 

2. Previous work 

2.1. 3D pose reconstruction. 
The inference of 3D pose is derived from information 

obtained during image processing. Once these informative 
cues have been extracted, 3D pose reconstruction methods 
fall into one of two categories: activity independent [8; 12; 
6; 13; 5; 4] and activity-constrained learning [1; 2; 14; 3; 7; 
9] approaches. 

Although, there is a great variety of different activity 
independent approaches, most of them presuppose an 
explicitly known parametric body model and require a good 
initialization. Some methods estimate the pose by 
exploiting simple orthographic projection model like in [8; 
12]; whereas others take the advantage of the pin-hole 
camera model and auto calibration technique [4]. A 
data-driven iterative approach is presented in [5], where 
pose candidates are generated in Markov chain Monte 
Carlo search guided by image observations. Eventually, 
where multiple views are available the pose can be inferred 
by visual-hull reconstruction algorithm [6; 13]. 

Activity-constrained learning approaches focus on 
learning the prior model of motion directly from carefully 
selected training data provided by motion capture systems 
(MoCap). Example based approaches [3] explicitly store 
training images of silhouettes from various viewpoints with 
corresponding 3D poses so the entire space of possible 
solutions is covered. The final pose is inferred by 
interpolating between poses which are obtained by 
searching the closest matching features to a given input 
query. A main limitation of these techniques is that a very 
large training set is required to provide satisfactory 
accuracy and generalization properties. In contrast, 
dimensionality reduction techniques [1; 2; 14; 7; 9] learn a 
low dimensional informative and compact representation of 
training set which can be used to recover 3D poses with the 
usage of mapping functions provided directly by the 
dimensionality reduction method [2; 7] or learned in an 
additional step [1; 14]. 

Since human motion is not linear, nonlinear 
dimensionality reduction techniques are required to provide 
complex embeddings of high dimensional data. Mapping 
based approaches as GPLVM [2; 9] focus on learning the 
probabilistic nonlinear mapping functions during 
dimensionality reduction, whereas embedded based 
approaches (so-called spectral methods) [15; 16; 17] 
discover directly the structure of the underlying manifold. 
Since the learning process of mapping based approaches is 
computationally very expensive, their practical application 
results of using small training datasets which may 

compromise accuracy. On the other hand, in spectral 
methods the accuracy of estimation may scale 
proportionally with the size of training set with a 
reasonable computational cost when an appropriate 
mapping is provided. 

2.2. Dimensionality reduction techniques based on 
spectral approaches 

Spectral or embedding-based approaches model the 
structure of data by preserving some geometrical property 
of the underlying manifold. While isometric feature 
mapping (Isomap) method [16] attempts to maintain global 
properties, Laplacian Eigenmaps (LE) [17] and Locally 
Linear Embedding (LLE) [15] methods aim at preserving 
local geometry which implicitly tends to preserve the 
global layout of the data manifold. 

These methods share the same structure of algorithm 
which is illustrated in Figure 1. First, the neighbourhood for 
each data point is constructed by choosing K-nearest 
neighbours based on Euclidean distances. Then, weights, 
which express the geometrical relationship between each 
data point and its neighbours, are determined according to 
the property to be preserved. In LLE, they summarize the 
contribution in reconstruction of a data point from its 
neighbours [15]. In LE, they approximate the distance 
between a point and its neighbours [17]. Finally, in Isomap, 
weights correspond to Euclidean distances between a point 
and its neighbours [16]. Subsequently, LE and Isomap 
algorithms approximate the manifold by an adjacency 
graph where nodes correspond to data point and edges 
represent weights between points. Then, each method 
optimises its own cost function subject constraints that 
make the problem well-posed: a sparse cost matrix is 
constructed directly for LLE and LE [15; 17], whereas the 

Figure 1: Process of dimensionality reduction using spectral 
methods. 
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Isomap dense cost matrix is obtained by calculating 
geodetic distances between all pairs of points in the graph 
[16]. Finally, spectral embedding is calculated using the 
eigenvectors of the cost matrix. 

All approaches have two free parameters: ‘d’ and ‘K’. ‘d’ 
is the dimensionality of the embedded space and must be 
known a priori because it is used in the minimization 
process. If the number of dimensions is too low, important 
data features may be collapsed onto the same dimension. 
Similarly, ‘K’, i.e. the neighbourhood size, cannot be too 
small since global feature information could be lost if the 
manifold is split into unconnected pieces. Moreover, the 
number of neighbours cannot be too large because local 
methods rely on the assumption that a data point and its 
nearest neighbours can be modelled as locally linear. In the 
case of Isomap, choosing K too large, may result in 
including data points from other branches of the manifold 
and introducing an error in geodesic distances. 

Since the effectiveness of a method depends on the 
choice of these parameters, automatic selection techniques 
have been proposed. The best choice for ‘d’, i.e. the 
estimation of the intrinsic dimension of the high 
dimensional data, has been well studied in the literature. 
Many techniques have been suggested: maximal likelihood 
estimation (MLE) [18], packing numbers [19] or analysis 
of a geodesic minimum spanning tree [20]. However, since 
this problem has been solved satisfactory by MLE, this 
method is generally used for estimation of intrinsic 
dimensionality. 

Some quantitative measures have also been proposed for 
estimation of the optimal value of ‘K’. This is achieved by 
assessing directly the quality of embedded spaces by 
different metrics. They include Residual Variance, 
Spearman Rho and Procrustes Measure. The residual 
variance [21; 22] expresses how well the distance 
information is preserved between two sets of variables, i.e. 
it reflects the degree of linear relationship between these 
variables. Spearman’s rho [23] measures the accuracy of 
the low-dimensional manifold in retaining the order of pair 
wise distances of data points of the high-dimensional. 
Finally, the procrustes measure [24] reflects the matching 
of two sets of variables in terms of distances. It determines 

how well a linear transformation (translation, reflection, 
orthogonal rotation, and scaling) of the points in one space 
conforms to the points in the second space. Experiments 
have revealed all these measures are data dependent and 
therefore cannot be trusted for the automatic selection of 
free parameter ‘K’ in an untested domain. In this work, we 
deal with this fundamental issue by adopting a new metric, 
called mutual information, which outperforms the other 
measures and allows a much better automatic selection of 
‘K’, which is essential in our  framework. 

3. Automatic configuration of spectral 
dimensionality reduction methods 

To demonstrate the performance of the proposed 
methodology for automatic configuration of spectral 
dimensionality reduction methods, it is applied to the 
refinement of 3D body pose estimates. The framework 
presented in Figure 2 is composed of two parts: activity 
learning, which is an automatic offline process, and the 
online procedure of pose refinement. 

During the learning stage, MLE is used to evaluate the 
intrinsic dimensionality ‘d’ of the activity of interest 
represented by 3D motion capture data ܺ ൌ  ሼݔ௜ሽ௜ୀଵ..ே 
(MoCap). Then, a spectral method is applied on sequence 
of ‘D’ dimensional MoCap data to reduce dimensionality to 
‘d’ (d<<D). The reduction of dimensionality is repeated for 
a range of ‘K’ values. For each ‘K’ value, the quality of the 
discovered embedded space is evaluated using a 
quantitative metric. In the next step, the best low 
dimensional space according to the metric is chosen 
(ܻ ൌ  ሼݕ௜ሽ௜ୀଵ..ே) and used first for finding the structure of 
the RBFN and subsequently for training the network. 

The online module of the framework solves the actual 
problem of 3D pose recovery. In principle, it can be applied 
to pose estimates produced by any activity independent 
methods [8; 12; 25; 26; 4; 13; 6]. In this paper, we consider 
the output of Kuo’s algorithm as the sequence of 3D pose 
estimates [4]. Each pose is projected to the selected low 
dimensional space using RBFN [11], then refined and 
projected back to high dimensional space in order to 
produce the final pose estimation. 

 Figure 2: Automatic refinement of 3D body pose estimates. 
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3.1. Automatic training of RBF network 
All spectral approaches suffer from the deficiency of not 

providing a mapping function. We address it by introducing 
unsupervised Radial Basis Function network (RBFN). 
Although these networks have already been used in similar 
scenario [14; 1], our contribution is that their structure 
dynamically adjust to the training set rather than be set 
manually. RBFN is expressed by: ݕ ൌ ݂ሺݔሻ ൌ ሻ (1)ݔሺ߰ ܤ

where ‘B’ is the matrix of network weights and ߰  is a 
vector of radial basis functions ሾߔሺݑଵሻ, … ,  ே௖ሻሿ. Weݑሺߔ
exploit Gaussian basis function (ߔሺݑሻ ൌ  ݁ି௔௨) in place of 
a thin plate spline basis function [1; 14]  which has 
excellent approximation properties [11]. ‘u’ denotes the 
Euclidean distance ԡݔ െ  ܿ௜ԡ between a point and the ith 
cluster centre, whereas ܽ ൌ  .ଶ is a scaling parameterିߪ0.5
The RBFN structure is formed by centres ‘c’ which 
summarize training data points to provide good 
generalization properties. Since the performance of RBFN 
critically depends upon the chosen centres [27], we 
incorporate into the framework the rival penalized 
competitive learning technique proposed in [28], which 
contrarily to k-means clustering algorithm [29] is capable 
to find the optimal localization of centres as well as their 
correct number Nc in an automatic way. The last parameter 
 is the width of the clusters which is taken as the average ’ߪ‘
distance between all centres. When the centres and their 
spreads are determined, then the network weights ‘B’ are 
learned by solving least square problem for over 
constrained nonlinear system of equations: ܻ ൌ  .ሺܺሻ߰ ܤ

In our approach, the two mapping functions are being 
learned separately, i.e. from low dimensional to high 
dimensional space (fdD) and in the opposite direction (fDd), 
so that parameters can be optimized independently. The 
mapping process consists of the following steps. Given 
some unseen input x, first, the pose is projected into low 
dimensional representation y: ݕ ൌ  ஽݂ௗሺݔሻ (2)

஽݂ௗሺݔሻ ൌ ஽ௗܤ כ ሾߔሺԡݔ െ ܿଵ஽ௗԡሻ, … , ݔሺԡߔ െ ܿே௖஽ௗԡሻሿ (3)

In low dimensional space we search for the closest two 
points, y1 and y2, in the manifold and interpolate between 
them to calculate ݕᇱ, which should correspond to the most 
similar pose in 3D space:              ݕଵ ൌ ݉݅݊ ԡݕ െ ݕ௜ԡ, ݅ ൌ 1. . ଶݕ(4) ܰ ൌ ݉݅݊ ฮݕ െ ,௝ฮݕ  ݆ ൌ 1. . ܰ ܽ݊݀ ݆ ൏൐ ݅ (5)

Finally, we project ݕᇱ to original space to generate the 
enhanced 3D pose, xԢ: 

Ԣݔ ൌ  ௗ݂஽ሺݕԢሻ (6)

ௗ݂஽ሺݕԢሻ ൌ ௗ஽ܤ כ ሾߔሺԡݕԢ െ ܿଵௗ஽ԡሻ, … , Ԣݕሺԡߔ െ ܿே௖ௗ஽ԡሻሿ (7)

3.2. Automatic selection of neighbourhood size 
Determination of the best value of neighbourhood size 

‘K’ is performed by judging quality of an embedded space 
by the holdout method. This is achieved by separating data 
into two sets: training and testing. First, the dimensionality 
of training set is reduced. Then, the RBFNs are trained 
using the produced embedding with original spaces. Since 
projection and refinement of testing data between spaces 
results in a set of pose predictions, theirs errors can be 
calculated to evaluate different values of ‘K’. The optimal 
neighbourhood size is the value of ‘K’ that can be used to 
produce the embedded space with corresponding smallest 
error. In our approach, we would like to identify the best 
embedded space in an unsupervised manner without 
calculating computational expensive prediction errors for 
all possible values of ‘K’ . 

We propose using mutual information [10] (MI) to 
assess the quality of discovered embedded spaces which 
has never been used in this context. Since MI is able to 
discover even marginal dependency between two spaces of 
variables, it can be applied to measure dependency between 
low and high dimensional spaces, respectively Y and X. 
Therefore, the best value of ‘K’ should provide the 
maximum value of MI for a given dimensionality reduction 
method. MI is expressed by the following formula [10]: ܫሺܻ, ܺሻ ൌ ෍ ෍ ,ݕሺ݌ ሻݔ ݃݋݈ ൬ ,ݕሺ݌ ௑א௒௫אሻ൰௬ݔሺ݌ሻݕሺ݌ሻݔ  (8)

Nevertheless, since the estimation of MI based on 
entropy is only applicable in one dimension, we use 
k-nearest neighbour statistics for determining MI in higher 
dimensions as implemented by [10]. 

4. Experimental results 

4.1. Datasets 
The proposed framework was tested on the HumanEva 

(HE) dataset [30], whose video and Mocap data are used as 
benchmark for pose recovery. They also provide a standard 
set of error metrics to evaluate pose estimations [31]. 
Before using MoCap data, they need to converted into 
normalized poses [14], i.e. invariant to subject’s rotation 
and translation. Then, the three angles defining each joint 
position is represented by a quaternion. Since each 3D pose 
is described originally by an articulated skeleton composed 
of 13 joints (3 joints per limb plus the head), each data point 
is expressed by a 52 dimension vector.  

Sequences of “walking in a circle” provided by HE were 
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used for our experiments. Trail 3 of subject 3 was used for 
training (S3T3). We chose frames 750 to 1750 to include a 
variety of walking postures. Testing was performed using 
three ground truth datasets and one dataset composed of 
pose estimates. Datasets were carefully selected to validate 
robustness of the framework with different actors, who 
differ in size, body shape, motion style and gender. The 
ground truth datasets consist of: frames 55 to 315 for male 
subject 3 in trail 1 (S3T1), frames 340 to 760 for male 
subject 2 in trial 1 (S2T1) and frames 1 to 400 for female 
subject 1 in trial 1 (S1T1). The last dataset is a set of body 
configuration estimates obtained through auto calibration 
technique for subject 2 (S2EST) [4]. 

4.2. Experimental framework 
The overall aim of our experiments is to demonstrate the 

effectiveness of automatic configuration of spectral 
dimensionality reduction methods in the context of 
improving pose estimates obtained through any activity 
independent technique. In the first place, to obtain the 
highest accuracy, we need to identify the best 
dimensionality reduction method for human body motion 
data. Secondly, since the efficiency of embedding-based 
approaches relies on the estimation of the best 
neighbourhood size ‘K’, we need to evaluate the accuracy 
of the new MI estimator against Residual Variance (RV), 
Spearman Rho (SR), Procrustes Measures (PM) and the 
optimal value (The best) calculated using projection error 
as defined in section 3.2. To achieve that we performed four 
experiments, which extensively evaluate the performance 
and robustness of the proposed methodology. 

In the first experiment, we consider the simplest 
scenario, in which we train and test with the same subject, 
i.e. S3, using different trials. This should allow finding the 
lowest bound of the reconstruction error which can be 
obtained within our framework. In the next two 
experiments, we evaluate our approach using MoCap data 
from subjects 2 (S2T1) and 1 (S1T1). Both datasets differ 
considerably from training set, because walking actions are 
performed by very different subjects,  see Figure 3. Since 
input data are ideal estimates, the reconstruction error 
should highlight differences introduced by variations of 

walking styles and body frames between testing and 
training characters. Finally, in the fourth experiment, we 
take the 3D pose estimates produced by Kuo’s algorithm 
[4] for subject 2 on a walking sequence (S2EST) and we 
refine them according to our framework (Figure 2). 

All above experiments were setup to test the main 
spectral methods,  i.e. LLE, LE and ISOMAP, and PCA, 
which is used as a reference. First the intrinsic 
dimensionality of dataset S3T3, d=2 was determined by 
MLE [18]. Then, in all cases, dataset S3T3 is used for 
training the spectral dimensionality reduction methods. To 
discover, the optimal neighbourhood size, values between 5 
and 35 were used to produce 2-dimension spaces. Because 
PCA is independent from K, it is only computed once per 
experiment. As the result, for each method 36 low 
dimensional spaces are produced which are then used for 
training RBF mapping functions between spaces. Finally, 
prediction errors are calculated and used to compare quality 
of embedded spaces. An example of low dimensional 
manifold discovered by Isomap is depicted in Figure 4. 

 

 
Figure 4: Representation of the best low dimensional manifold 

with corresponding poses discovered by Isomap according to the 
MI measure for training set S3T3. 

 
Estimated poses are evaluated against motion capture 

data, which is our ground truth. Firstly, we report mean 
(over all angles) absolute difference errors between the true 
and estimated joint angle vectors (in degrees) to show that 
our method is skeleton independent: ܧܣܯሺ°ሻ ൌ ܯ1 ෍|ሺݔ௜ െ ݔ௜ᇱሻ ݉180 ݀݋°|ெ

௜ୀଵ  (9)

Secondly, Procrustes Analysis [32] is performed to 
facilitate the comparison between the reconstructed body 
and the ground truth data when the properties of body 
model are known. Procrustes Analysis determines a linear 
transformation (translation, rotation, and scaling) of the 
reconstructed body to best match to the ground truth by 
minimising Root-Mean-Square error (RMS). 

Note that we provide, for the first time, results of 
practical employment of RBFN and automatic parameter 
selection in the context of 3D pose recovery using 
Laplacian Eigenmaps (LE)  [13]. 

Figure 3: Variety of HE actors using in our experiments: from 
left to right, female subject 1 (testing); male subject 2 (testing); 

and the male subject 3 (training and testing). 



Second 
experiment 
with S2T1 

dataset 

Third 
experiment 
with S1T1 

dataset  

Fourth 
experiment 

with 
S2EST 
dataset  

  Isomap 
Figure 5: Mean of MAE and standard de

different methods

3.0
3.5
4.0
4.5
5.0
5.5
6.0
6.5

MAE(°)

50 52 53 53 5

4.0
4.5
5.0
5.5
6.0
6.5
7.0
7.5
8.0
8.5

53 54 55 55 5

1.5
2.0
2.5
3.0
3.5
4.0
4.5
5.0
5.5
6.0
6.5
7.0
7.5
8.0

55 57 58 58 5

4.3. Results 
In the Figure 5, the MAE ang

corresponding RMS error are provided
methods obtained in the second, 
experiment. Detailed quantitative re
experiment are not provided, bec
performed very well and the impact of 
estimation on results is marginal. In t
approaches, the MAE angle error for t
calculated using the optimal K (‘The 
with those obtained for the low dimens
by the four quantitative measures. 

Comparison of dimensionality r
reveals that Isomap and LE are almo
improving accuracy of 3D pose estima
experiments, when the average MAE er
4.6° (50mm) and  6.0° (54mm) is rep
However, when inaccurate 3D pose est
experiment) the Isomap (4.8°) outperfor
cases, refined 3D poses obtained 
systematically more stable, i.e. smaller
(SD), than LE. When the testing and t
are different (2nd, 3rd and 4th experime
worse and performs only slightly bett
optimal neighbourhood size is correctly

As expected, the accuracy of estimat
subjects differ the most from the one u

 
 

6 

 LE  LLE 
eviation for the best low dimensional spaces according to four co
s for three datasets. The RMS error in mm is depicted within bar

MI PM

50 51 51 52 55 50 65 67 70 70 58

53 56 57 57 59 54 65 84 76 76 65

55 60 64 67 64 60 68 92 83 83 68

gle error and the 
d for all considered 

third and fourth 
esults of the first 
cause all methods 
neighbourhood size 
the case of spectral 
the embedded space 
best’) is compared 

ional space selected 

reduction methods 
ost equally good in 
ates in the first three 
rror of 1.5° (23mm), 
ported respectively. 
timates are used (4th 
rms LE (5.0°). In all 

with Isomap are 
r standard deviation 
the training subjects 
ents), LLE is much 
ter than PCA if the 
y evaluated. 
tion decreases when 
used for training. In 

the fourth experiment, where the
of the estimates is 7.0° (79.3mm
after Isomap refinement the er
which is in line with  results obt
data (S2T1) of the same male
space. 

Analysis of the different qua
choose ‘K’, demonstrates the 
conducted experiments. Altho
identify the optimal ‘K’, it out
and allows the production o
significantly different from thos
An interesting observation is th
be less sensitive to the selection

Figure 6: Refinement results of the 

0

50

100

150

200

340 440 540

R
M

S 
er

ro
r (

m
m

)

frame

S2EST dataset ref

 PCA  S2EST error 
oefficients discovered by 
rs. 

RV SR The best

58

76

84 79

e initial average MAE error 
m) with SD 4.5° (41.6mm), 
rror drops to 4.8° (55mm), 
tained by projecting MoCap 
e subject in the embedded 

antitative measures used to 
superiority of MI in all 

ough it does not always 
tperforms the other metrics 
of results which are not 
se obtained for the best ‘K’. 
at Isomap and LE seems to 

n of ‘K’ than LLE. 

 
dataset S2EST for each frame. 

0 640 740
e index

finement of S2EST dataset



 
 

7 

It is worth to point out, that all methods enhanced 
significantly the quality of pose estimates in the fourth 
experiment which validates the proposed refinement 
methodology. A more detailed comparison of pose 
estimates before and after refinement is shown in Figure 6 
where ISOMAP was applied using ‘K’ value predicted by 
MI. Since we use different subjects for training and testing, 
the quality of refinement cannot go over a certain threshold 
which expresses individual differences between walkers. 
Therefore, for some frames 350-410, 561-568, 605-655 
pose estimates are worst after refinement. However, in 
average accuracy is improved significantly (30%) and our 
scheme provides much more stability in pose prediction: 
SD drops from 4.5° (i.e. 41.6mm) to 0.5° (11.8mm). Figure 
7 illustrates the effect of our framework by showing refined 
poses against initial estimates and ground truth. 

4.4. Comparison with related research 
Since HE datasets are benchmarks for assessing pose 

recovery methods, we can perform quantitative comparison 

of our findings. In [3] an exemplar based approach is used 
for the 3D pose recovery. Although their initial results 
show very accurate estimates with errors of 41mm for 
subject 1 and 39 mm for subject 2, they are obtained when 
their training set included the evaluated subjects. When 
subject 1 was removed from training, then its mean error 
increased to 80mm. This suggests the error they would get 
for subject 2, when excluded from training, would be well 
above the 55mm error which we achieve for same subject. 
Another limitation is the requirement of a huge training 
database, i.e. almost 20,000 samples, whereas our 
experiment where conducted using only 1000 frames in our 
training set. 

Our framework has similarities with the work presented 
in [1; 14], where they report a mean error of 37mm for the 
walking sequence of subject 2. Although this result is better 
than ours, it is important to mention that not only subject 2 
is used as a part of the training set, but, both the RBFN as 
well as dimensionality reduction method are tuned. Finally, 
their approach has additional constraints: it requires dense 
sampling of training data, which is achieved in practice 

350 400 450 500 550 600 650 700 

  
5.0° (62mm) 1.7° (27mm) 18.9° (143mm) 8.9° (70mm) 6.7° (62mm) 5.3° (61mm) 3.0° (52mm) 12.0° (139mm

   
5.0° (58mm) 4.4° (52mm) 5.2° (70mm) 5.4° (61mm) 4.5° (49mm) 4.4° (55mm) 4.7° (46mm) 5.4° (72mm)

  
Figure 7: Refinement results; first row: ground truth with frame index; second row: estimated pose with initial MAE and RMS  error; third 

row: refined pose with output MAE and RMS error. 
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using synthetic training data and it is only suitable for 
periodic motions. 

5. Conclusions and future work 
In this paper, the fully automatic configuration of 

spectral dimensionality reduction methods is proposed and 
applied to the refinement of 3D pose estimates. The 
automatic configuration is performed, first, by introducing 
the new metric MI for estimating neighbourhood size 
automatically. Secondly, the RBFN, which is exploited to 
project data between spaces, is learned in a completely 
unsupervised manner. The effectiveness and stability of the 
approach was validated in the refinement of 3D pose 
estimates in a broad range of experiments using a variety of 
human actors. We validate that our proposed metric MI 
outperforms previous suggestions such as PM, RV and SR. 
Also, we identify the Isomap as the best spectral 
dimensionality reduction method for human motion. In 
particular, when applied in the experiment with real 3D 
pose estimates of walking sequence, it allows improving 
accuracy by 30%. As future research directions, we intend 
to investigate the further optimization of RBF network 
structure. Also, we would like to incorporate a dynamical 
model into the embedded space to constrain the solution of 
finding nearest manifold representation. 
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