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Abstract:
Diverse pose estimation of 3D object in the whole
view-space is a problem perplexed many researchers. In this
paper we propose an algorithm extended from LLE which can
estimate the arbitrary pose of 3D object in the whole view
space. First, we compute the eigen-images of training set by
introducing the idea of PCA using the low-dimensional
embedding coordinate deduced from LLE. For a new sample
we can compute its projection to the eigen-images, and the
nearest training images from the new sample are the
estimation poses. Next, we set different weight for different
projection direction depends on its eigen-value when
computing the distance between the new sample and the
training images. Experimental results obtained demonstrated
that the performance of the proposed method could estimate
the diverse pose of 3D object efficiently and precisely, also our
algorithm can be extended to real-time pose estimate, is of a
potential future.
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1.

Introduction

Pose estimation has been studied in pattern recognition
and computer vision fields since its beginning. Many
researches have been done in the field. The field is of great
importance because it is crucial for many computer and
robot vision tasks, such as object grasping, manipulation
and recognition or self-localizaion of mobile robots,
auto-navigation of flying vehicle, etc.
Pioneering work on pose estimation was done can be
broadly categorized into several below groups: shape-based
geometric analysis [1] where head pose is deduced from
geometric information like configurations of object
landmarks, template matching [2] based on nearest
neighbor classification with texture templates, graph-match
method [3], gradient flow approach [4], appearance-based
methods [5], and so on. Recently, a lot of new methods

have been proposed, such as the probabilistic methods [6],
color cooccurrence histograms [7], some variations
methods based the former [8], etc.
At present, diverse pose estimation of 3D object in the
whole viewpoint space is an issue perplexed many
researchers and little work was done on the field as far as I
know. Most applications of pose estimation concentrate on
the head pose estimation [9]，face pose estimation [10],
human body pose estimation [11], etc. Also pose estimation
of 3D object is still a new research field. Especially, one of
the main difficulties in pose estimation of 3D object is how
to cope with the seemingly high-dimensional space of
stimuli. For example, when we sampling every 2 degree
both in longitude and latitude (see figure 1), within the
range from 0th and 14th latitude in the first octant on the first
eighth sphere of the whole view space, the poses of an
object will be 360, even the space of a small 350×300 gray
pose-image of an object is already of dimension 37800000.
Due to this, series of dimension reduction methods are
proposed, such as Principal Component Analysis (PCA)
[12], Independent Component Analysis [13], Linear
Discriminate Analysis [12], nonlinear analysis [14]. Recent
years, manifold learning as the nonlinear analysis method
has attracted much attention, as a basic manifold learning
method, LLE algorithm finds a single global coordinate
system of lower dimensionality and preserves
neighborhood relationships, thereby reveals the underlying
structure of the data.
In the paper, we propose an algorithm extended from
LLE which can estimate the diverse poses of 3D object in
the whole view space. In our algorithm, we present a
method to compute the eigen-images of training set by
introducing the idea of PCA using low-dimensional
embedding coordinate deduced from LLE. For a new
sample we can compute its projection to the eigen-images,
and the nearest training images from the new sample are the
estimation poses.
The point should be emphasized is that we set different
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weight for different projection direction depends on its
eigen-value when computing the distance between the
sample and the training images.
Experimental results obtained demonstrate that the
performance of the proposed method could estimate the
diverse pose of 3D object efficiently and precisely.
2.

(2) the rows of the weight matrix sum to

one:

ij

=1

Φ (Y ) = ∑ Yi − ∑ j WijY j

2

(2)

i

Roweis and Saul presented LLE algorithm [15] as an
unsupervised
learning
algorithm
that
computes
low-dimensional, neighborhood-preserving embeddings of
high-dimensional inputs data. They presented LLE as a
method that maps its input into a single global coordinate
system of lower dimensionality. By exploiting the local
symmetries of linear reconstructions, LLE is able to learn
the global structure of non-linear manifolds.
In our experiments, LLE is tested on projection image
of four kind of object (see figure 3), which are embedded in
a low-dimensional space and demonstrate the neighborhood
properties.
We restrict the description of LLE to the following
three steps, which facilitate the understanding of the further
analysis. More details of the implementation can be found
in [15].
Let X = {x1,x2,…,xN} be a training set of N points in a
high-dimensional data space RD. The data points are
assumed to lie on or near a nonlinear manifold of intrinsic
dimensionality d < D (typically d<<D). Provided that
enough data could be available so that the underlying
manifold can be considered to be “well-sampled”, then each
individual data point of this training set and its
corresponding neighbors would be sufficiently close to lie
within a locally linear patch on the manifold. The goal of
LLE is to find a low-dimensional embedding of X by
mapping the D-dimensional data into a single global
coordinate system in Rd. Let us denote the corresponding
set of the N points in the embedding space Rd by Y = {y1,
y2,…yN}.
Step1 Find the set Ni of k nearest neighbors of each
point Xi .
Step2 Compute the reconstruction weights of the
neighbors that could best reconstruct each data point from
its neighbors, minimizing the cost function in equation
below
2

i

j

step3 compute the low-dimensional embedding Y
which best reconstructed by the weight matrix W,
minimizing the following eq.2

Locally Linear Embedding (LLE)

ε (W ) = ∑ X i − ∑Wij Xj

∑W

which subject to the two constraints:
and

∑

N

Y = 0,

i =1 i

1 N
Y Y T = I ,where 0 is a column vector of
∑
i =1 i i
N

zeros and I is an identity matrix.
3.

Algorithm on pose estimation of 3D object

Our algorithm on diverse pose estimation of 3D object
in whole view-space consists of the following steps,
Step 1, The whole date set X is divided into two
subsets Xtrain,Xtest, so that Xtrain∩Xtest=Φ, Xtrain∪Xtest=X.
For each data point ∈ Xtrain, we computing its
low-dimensional embedding coordinate Y using LLE
algorithm.
Step 2, Computing the eigen-image I of the low
dimensional embedding based on idea of PCA, and we
assume that there exist series of eigen-images in the
low-dimensional embedding coordinate system as PCA
method, the eigen-image is computed as

I k = X −1Yk , Yk is the kth coordinate.

(3)

I is considered as the principal components of the
training set of the model images. In next step pose
estimation is performed by projecting a test image into the
subspace spanned by the eigen-image and estimating the
pose by comparing its position in eigen-image with the
positions of known individuals.
Step 3, For a test image xi, we computing its projection
coordinate onto the eigen-image as below:
distance= xi⋅I, “⋅” denotes the inner-production of
vector.
distance is a d-dimensional vector, distance(i) denote
the distance between the test image and the ith coordinate.
Step 4, Find the embedding coordinate holds the
nearest distance to the projection coordinate from
embedding coordinates as below:

(1)

j

which subject to constraints:
(1)for each X j ∉ N i , Wij = 0
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⎛

λi

d

∑λ
⎝

subject to the constraint : Wi = λd −i +1 / ⎜

k =1

k

⎞
⎟ ,
⎠

th

is the eigen-value corresponding to the i coordinate,

and j is the index of a training image, Yij is the ith projection
coordinate of the jth training image.

(a) Su27

order to illuminate our algorithm and verify its universal,
we sampling every 2 degree both in longitude and latitude
(see figure 2), within the range from 0th and 14th latitude in
the first octant on the first eighth sphere of the whole view
space, for the pose of the area is various. The number of
samples is set as 360 manually, and every sample represents
a certain kind of pose of an object from PSB.

(b) F16
Figure 2. Sampling range of a model
Figure 3 shows part of the sequential poses of su27,f16,
tank and car in the first octant on the first eighth sphere of
the whole view space:

(c) tank

(d) car

Figure 1. The first three eigen-value corresponding to the
low-dimensional embedding coordinate
From the computing process of LLE algorithm, we
know that λ1 < λ2 < λ3 < ... , and the smaller the
eigen-value is, the more representative the corresponding
eigen-vector is.
Figure 1 shows the first three eigen-value
corresponding to the low-dimensional embedding
coordinate system. In order to emphasize distinct
eigen-image according to their importance, we apply
different weight to different projection direction in a reverse

⎛

d

∑λ
⎝

order of eigen-value, i.e. Wi = λd −i +1 / ⎜

k =1

k

⎞
⎟.
⎠

Finally, the pose of the corresponding image of index j
is considered as the pose of the test image.
4.

Experiments

In order to investigate the performance of the proposed
method, the Princeton Shape Benchmark (PSB) [16] is used
in our experiment. PSB is a publicly available database of
polygonal models collected from the World Wide Web and
a suite of tools for comparing shape matching and
classification algorithms. We select four class objects from
PSB and produce a series of diverse pose (projection image)
of the model to represent the 3D object efficiently. Here, in
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(a) Su27

(b) f16

Figure 3. The diverse poses of su27, f16, tank, car
In our experiments, the training and test sets which
belong to the same class both consist of 180 projection
images, respectively. To acquire a balance between
accuracy and efficiency, we assume the dimensionality of
the embedded space to be 3. Also number of neighborhood
k=6 is used in the experiments.
The process of pose estimation is to find the samples
in the training set whose embedding coordinate is nearest to
the one of the test samples. Obviously, the points of the
same pose in the same class of the high dimensional space
should be mapped into one point in the low-dimensional
embedded space, and the points of the very similar pose in
high dimensional space should correspond to two adjacent
points in the low-dimensional embedded space.
First, we compute the low-dimensional embedding
coordinate of the training set of the four models and figure
4 shows the underlying 2D and 3D manifold of
observational data of the corresponding four models in an
embedded space using LLE. Like PCA method, in
low-dimensional space of manifold, there should exist the
eigen-images. Especially, for the three-dimension
embedded space, there will exist three eigen-images. Using
the former method, we can obtain the three eigen-images.

(c) tank

(d) car.
Figure 4. The top two (left figures) and top three (right
figures) coordinate of LLE of projection images of four
classes models
Next we select five poses of one model randomly
(table1) from test set as input images and project them onto
the space spanned by the eigen-image, then we estimate the
pose by comparing its position in eigen-image with the
positions of training images. The pose of the nearest
position of the training images is the solution. In table 1 the
first three nearest images in the training images
corresponding to the input images are showed. Intuitively,
the poses of the training images are very similar to the pose
of the test.
Table 1 shows the input image of the four model and
the corresponding first three nearest pose images in the
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training set resolved by using our algorithm.
Table 1. The matching images
image
class
Su27

Input
images

Result ( first three)

F16

Tank

distance from the test to the first three training images. The
digits tagged red color represent the ones in table 1.
Table 2. The first three nearest distance from input to
training images(C1:su27;C2:F16;C3:tank;C4:car)
C1
1
2
3
4
5
6
7
8
9
C3
1
2
3
4
5
6
7
8
9

1st
0.030
0.013
0.046
0.006
0.031
0.077
0.019
0.027
0.063
1st
0.028
0.053
0.044
0.010
0.093
0.044
0.010
0.042
0.016

2nd
0.031
0.031
0.063
0.014
0.041
0.086
0.021
0.083
0.069
2nd
0.053
0.093
0.071
0.028
0.100
0.045
0.011
0.115
0.022

3rd
0.031
0.049
0.092
0.019
0.044
0.088
0.022
0.104
0.076
3rd
0.060
0.100
0.074
0.045
0.102
0.053
0.014
0.118
0.025

C2
1
2
3
4
5
6
7
8
9
C4
1
2
3
4
5
6
7
8
9

1st
0.017
0.009
0.042
0.025
0.034
0.069
0.060
0.018
0.004
1st
0.015
0.060
0.064
0.082
0.023
0.065
0.064
0.018
0.021

2nd
0.020
0.020
0.060
0.034
0.046
0.091
0.063
0.026
0.018
2nd
0.032
0.076
0.084
0.090
0.026
0.084
0.065
0.020
0.099

3rd
0.022
0.038
0.077
0.040
0.068
0.096
0.082
0.027
0.023
3rd
0.045
0.081
0.093
0.126
0.034
0.107
0.088
0.029
0.109

In addition to, we also compare the algorithm with the
method that only uses the first component of the
eigen-image (see Figure 5). In figure 5, blue squares show
the sequential test images on the same latitude and different
longitude of view sphere, red dots denote the nearest point
of our algorithm found, blue plus denote the nearest point
only use the first component. Figure 5 shows that our
algorithm using top three components is more robust and
consistent.

car

Figure 5. Comparison of matching by different component

Obviously the results verify that our algorithm is
feasible and is of well performance. Table 2 shows the
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