
Recognition of a Mechanical Linkage
Based on Occlusion-Robust Object Tracking

Yoshihiro Sato Jun Takamatsu† Hiroshi Kimura Katsushi Ikeuchi†
The Graduate School of Information Systems
The University of Electro-Communications

1-5-1 Chofugaoka, Chofu-shi
Tokyo 182-8585 JAPAN

{yoshi,hiroshi}@kimura.is.uec.ac.jp

† Institute of Industrial Science
University of Tokyo

4-6-1 Komaba, Meguro-ku
Tokyo 153-8505 JAPAN

{j-taka,ki}@cvl.iis.u-tokyo.ac.jp

Abstract

In this paper, we propose a vision-based technique for
recognition of a mechanical linkage. The aim is to realize
a robot system which can autonomously operate an object
with a mechanical linkage. First, using stereo vision, the
system observes the operated mechanical linkage. It recog-
nizes the position and posture of its parts over a sequence of
time frames using a geometric model-based approach. Next,
the system estimates the position and direction of the rotation
axis from the relative trajectory of these parts. Robustness of
the vision system with regard to occlusion is needed because
there is a great deal of overlap between the parts of the link-
age, depending on its operating state. Moreover, the rotation
axis has to be estimated from a sequence of positions and pos-
tures in the presence of noise. We present the following two
techniques to solve these problems: 1)Occlusion robust object
tracking based on prediction. 2)Parameter estimation of the
mechanical rotation linkage from the noisy relative trajecto-
ries of its parts. Good experimental results were achieved by
adapting these methods to some objects pairs with a linkage
mechanism.

1 Introduction

In the near future, the robot, as a convenient tool to as-
sist humans or delegate work, is expected to find its way
into our homes and offices. Imitation learning is being pre-
sented as a means to realize a robot that can act autonomously
and react appropriately in uncertain situations, in an environ-
ment where human and robots coexist. Imitation learning is
achieved by the following steps: a human demonstrates an ac-
tion as exemplary conduct (teaching); the robot observes the
demonstration and acquires a model of the shown task (ob-
servation); next, the robot executes the same task using this
model (execution); errors of the model are evaluated from the
observation of the robot’s execution, and its parameters are
adjusted(refinement). We call such a model a ”task-model”.

The main focus of attention is the design of the task model,
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Figure 1. Estimation of Rotation Axis from Rel-
ative Trajectory between Parts of Mechanical
Linkage

that is, the selection of primitives for description and analysis.
Accumulation of a suitable task-model for various tasks con-
tributes to the creation of highly developed robot intelligence.
The Assembly Plan from Observation (APO) by Ikeuchi and
Suehiro [1] pioneered such research. It described assembly
tasks according to restriction conditions between two rigid
body objects such as blocks based on geometric models. For
the same task domain, Tsuda et al.[2] described the contact
states for fine operations, based on the assumption that the
task coordinate system is planar. However, the definition of
the planar is difficult. On the other hand, as an example appli-
cation to flexible objects, Morita et al.[3], using a framework
of knot theory, described a rope’s state for the recognition and
reproduction of knot tying operations.

In order to apply the APO framework to a rigid body with a
constraint such as a mechanical linkage(Figure 1 [4][5]), we
propose a technique for measuring the mechanism parts by
vision, and for recognizing the rotation axis. Recognizing the
rotation axis of an object with mechanical linkage from vision



is a new subject in the field of object modeling[6]. Until now,
the appearance of a mechanical linkage could be perfectly ac-
quired, but the junction part of the linkage could not. This is
because the mechanism was not analyzable under the geomet-
ric model restrictions of past research[7]. To solve this prob-
lem, dynamic information from force sensors[8] or time se-
quence information about the scene, such as trajectories from
vision, is needed.

Inevitably, some parts of the linkage are not measurable.
Because, these are the occluded parts of the mechanical link-
age. A tracking method using color information and 3D-
Template Matching is proposed for measurement of the po-
sition and posture of rigid body objects[12]. This method can
measure the position and posture robustly to some extent in
the presence of noise or occlusion by estimation of an error
function, but it cannot cope with large occlusions or offsets.
Ogawara et al.[9] proposed a method for canceling out the
occlusion caused by the robot’s arms when it grasps objects.
The method is based on projecting the robot arm to the scene
image, using the known arm parameters, and then removing
the affected pixels from the scene images before recognition.
However, this method is not fully robust to occlusion since it
requires that the arm parameter are known and only consists
of removing pixels. In this paper, we propose a technique
that can use a prediction filter to robustly handle occlusions
by predicting the appearance of the object in the image at the
next time frame.

The problem of analyzing the mechanical linkage, on the
other hand, was treated in the mechanics field for a known
rotation axis and in the field of medical engineering for an
unknown rotation axis. The former is mainly concerned with
robot control. The latter is done in response to the need to an-
alyze a human’s elbow or knee joints[10]. Some techniques
for detection of the axis of rotation in 2-dimensional move-
ment, such as the Reuleaux Method, have been developed,
but these require setting up the observation plane correctly in
the direction of the rotation axis. Generally, the relationship
between the observation direction and the rotation axis is un-
known. Moreover, noise is certainly contained in the visual
measurement. In this paper, we propose a technique for esti-
mating the rotation axis and direction from the noisy relative
trajectories of two objects. It is assumed that a segmented
trajectory containing only rotational movement is given.

We show experimental results for the analysis of rotational
mechanical linkages using these techniques.

2. Tracking Method for multiple objects with oc-
clusion

2.1. Measurement of the position and posture of one
object

This section describes the technique for tracking the 3-
dimensional movement of one object with 6 degrees of
freedom based on object recognition with the model-based
method. An overview of the process is shown in figure 2.
Color images and depth images from a multi-baseline stereo

camera are used as inputs for the recognition process. A geo-
metric object model with a color value assigned to each of its
meshes are given to the system. For the following, t,t+1,t−1
represent the current, next, or previous image time frames, re-
spectively.

The recognition process is performed in two stages as
follows: Estimation of the target object region in a 2-
dimensional image using a color histogram, and estimation
of the object’s position and posture in a 3-dimensional image
based on geometric model localization[11].
Region estimation by color histogram

First, the recognition process generates a color histogram
from a color image of an observed scene. For storing the color
histogram, a 3-dimensional vote box matrix I[Q r][Qg][Qb]
that divides every dimension of color space into Q pieces is
prepared. It scans each pixel of the color image, and it votes
one value to the vote box corresponding to the color of the
pixel; thereby, the color histogram of a scene image is gen-
erated based on the number of pixels in each divided color
space.

Next, the process generates the color histogram of the
target object. For each pixel of the model appearance
image, it votes one value to the corresponding vote box
M[Qr][Qg][Qb]. This vote box is used to store the model
histogram. The model appearance image itself is acquired by
projecting the model onto the camera plane from the known
position and posture at time t − 1.

Next, the process calculates the ratio between the color his-
tograms of the scene image and the model image The ratio
value is limited to the range 0 − 1.

R[qr][qg][qb] = min(
M [qr][qg][qb]
I[qr][qg][qb]

, 1) (1)

qr ∈ {1, ..., Qr}, qg ∈ {1, ..., Qg} , qb ∈ {1, ..., Qb}
In the scene image, the RGB value of each pixel is replaced
with its corresponding ratio value. Since a pixel with a color
near that of the object’s appearance model shows a value near
1, it is possible to detect object pixels by this process.

The depth image is then masked by the acquired object
region image. Next, the depth image is converted to real scale
by coordinate conversion before serving as input for further
processing.
3D Template Matching

A 3-dimensional template matching method[11] is applied
to estimate the position and posture of the target object from
a range image and a geometric model. This template match-
ing method works by iteratively minimizing the distance of
corresponding points between the geometric model and the
range-data. M-estimator are used to reduce the influence of
correspondence errors and errors in range data measurement.

1.The mesh parts of the geometric model visible from the
camera are collected.

2.A range data point is compared with the center of gravity
of the nearest corresponding mesh from the geometric model.

rj = minr∈D||mi − r|| (2)
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Figure 2. Tracking Process Based on Color Histogram Backprojection and 3D Template Matching

i : 1, ..., h′m (h′m: number of visible meshes)
rj : nearest correspond point, mi: center of gravity of i th
visible mesh, r: range data point, D: range image.

3.The position and posture of the object model are esti-
mated by optimizing the following relative function. The re-
lation between a point of range-data and a visible mesh point
is expressed by the following formula.

rj = Rmi + t + β (3)

rj : j-th range data point, R: 3x3 rotation matrix, t: 3-
dimensional transformation vector, β: 3-d random vector.
The whole correspondence relation is formulized by the fol-
lowing formula.

f(R, t) = Σ||Rmi + t − rj ||2 (4)

R and t are gained by the minimization of function f(R, t)
using M-estimator.

2.2. Prediction of position posture

The process predicts the position and posture of object at
t + 1 using a Kalman Filter with, as input, the position and
posture of the last measurement. The prediction calculation
is applied independently to the position and posture of each
object.
Position prediction

Let us first explain the prediction of the 3 positional de-
grees of freedom. The interval of observation ∆t begin very

short, uniform motion is assumed and the dynamical system
equation of the Kalman Filter is chosen to be a constant ve-
locity update of the spatial parameters. The state vector for
estimation of position and speed is defined as follows:

xt = (x(t), y(t), z(t), vx(t), vy(t), vz(t))T (5)

x(t), y(t), z(t) is the position of the object model in the world
coordinate system at time t. vx(t), vy(t), vz(t) is the object
model speed. The relation between the state vector and the
observation vector is expressed by the following basic sys-
tem using the state transition matrix F , driving matrix G and
observation matrix H.

xt+1 = Fxt + Gwt (6)

yt = Hxt + vt (7)

F =




1 0 0 δt 0 0
0 1 0 0 δt 0
0 0 1 0 0 δt
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1




(8)

G =




0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1




T

(9)

H =




1 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0


 (10)
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where wt is the system noise, accounting for non-linear
movement, v is the observation noise, that is, the error be-
tween the measured position and the real position. The sys-
tem noise and observation noise are assumed to be gaussian
with zero mean vector. The covariance matrix of w or v is
expressed as σ

2

wI, σ
2

wI. I is 3x3 unit matrix.
The minimum variance estimate of the state vector is cal-

culated by applying the kalman filter for these functions.

x̂t|t = x̂t|t−1 + Kk(yk − Hx̂t|t−1) (11)

x̂t+1|t = Fx̂t|t (12)

Kk = P̂t|t−1H
T (I3∗3 + HP̂t|t−1HT )−1 (13)

P̂t|t = P̂t|t−1 − KtHP̂t|t−1 (14)

P̂t+1|t = FP̂t|tFT +
σw

2

σv
2
Λ (15)

x̂t|t−1 is the estimated value of xt based on the measurement
history y0,...yt−1 from t to t + 1. Kk is the kalman gain.
Moreover, P̂t|t = Σ̂t|t/σ2

v , P̂t|t−1 = Σ̂t|t−1/σ2
v . Σ̂t|t is the

covariance matrix of the estimation error. Here, Λ = GGT .
Sigma shows the ratio of variance of the system noise and

the observation noise, and is an unknown parameter of the
kalman filter. This parameter is controlled by the fitting error
of the 3-D template matching.

These Kalman Filter calculations allow us to predict the
object position in t + 1.
Prediction of posture

The object posture, expressed as a quaternion, is also pre-
dicted using a kalman filter under the assumption of linearity,
and the resulting quaternionn is normalized 1.

2.3. Occlusion detection and Interpolation of images

In this section, we explain how pixels that are lacking due
to occlusions are interpolated from the predicted position and
posture. First, each object model is projected onto the im-
age, using the position and posture predicted by the kalman
filter. Z buffers are obtained by performing a depth test when
generating each image. The occluded pixels for each ob-
ject at frame t + 1 are detected by piling up processing. Z-
Buffering is implemented directly on the graphics card hard-
ware to speed up processing. Next, for each recognition ob-
ject, information lacking because of occlusion is interpolated.

Further processing depends on the number of pixels in the
depth image.

case1: There are relatively many pixels in the depth image.
Visible meshes corresponding to occluded pixels are re-
moved from the object model for 3-D Template match-
ing.

case2: There are few pixels. For each recognition object,
the depth information predicted to be missing, according
to the Z-Buffer estimation, is interpolated.

Since the predicted information is assumed to have low relia-
bility, case 2 is optionally chosen.

Through the described process, occlusion-robust recogni-
tion is achieved.

Object A

Object B

Rotation Axis
l lA B

c

c

A

B

B

A

Figure 3. Coordinate system for the rotation es-
timation

3. Estimation of the Rotation Linkage Parame-
ters

Here we show how to estimate the parameters of a mechan-
ical linkage when sample points qi = (ti, Θi) of the position
and posture of the object B relative to object A and the type of
the linkage are given.(Here, ti ∈ R3, Θi ∈ SO(3) are 3 × 3
orthogonal matrices.) We consider only rotational linkages.

3.1. Preparation

Suppose that two postures are given. At this time, the tran-
sition matrix Θ2ΘT

1 between two postures Θ1, Θ2(∈ SO3) is
represented by a rotation of θ around a suitable axis n. |θ| is
defined as the difference of the two postures.

3.2. Formulation

Consider the following two coordinate systems:(Figure 3):

• coordinate system of object A: AΣ

• coordinate system of object B: BΣ

The parameters of the rotational linkage are the rotation
direction Al, Bl and center Ac, Bc on each object’s coordinate
system.

Since it is rotational linkage, the following equations
(16)(17) apply for all i.

Al∗ = Θi
Bl∗ (16)

Ac∗ = Θi
Bc∗ + ti (17)

By solving these equations, the axis of rotation can be com-
puted for the error-free case. ∗ shows ideal value.
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3.3. Parameter estimation under the situation with
errors

In practice, the parameter estimation has to be done from
erroneous position and posture data. The reasonable solution
would be to solve the equations by minimizing the error cor-
rection values ∆ti, ∆Θi.
Estimation of the direction of rotation

First, Al, Bl, ∆Θi are estimated using equation (16).
Equation (18) is obtained from equation (16) by consider-

ing the error correction parameters ∆Θ i.

Al = ∆ΘiΘi
Bl (18)

Now ∆Θi is written in the following form:

∆Θi = R(Al, θai)R(Alci, θci) (19)

where R(l, θ) is the rotation of angle θ around the axis l,
AlT Alc = 0. Equation (20) is obtained by substituting this
in (18).

Al = R(Al, θai)R(Alci, θci)Θi
Bl

R(Al, θai)
T Al = R(Alci, θci)Θi

Bl (20)

Since R(Al, θai)T Al is constant for each θai, equation θai =
0 is assumed to minimize ∆Θ.

Equation (21) is obtained by multiplying AlT to both sides
of equation (20). θci is referred to as θi for simplification.

R(−Alci, θi)AlAl
T

= Θi
BlAl

T
(21)

The left side of equation (21) can be expressed as in (22).

(I − sin θi[Alci]× + (1 − cos θi)[Alci]2×)AlAl
T

(22)

Here,

tr(AlAl
T
) = 1

tr([Alci]×AlAl
T
) = 0

tr([Alci]×
2AlAl

T
) = Al

T Alci − 1 = −1

cause,
tr(R(−lci, θi)AlAl

T
) = cos θi (23)

Now, Al, Bl are expressed in equation (24) in the polar coor-
dinates system.

Al
T

= (sin α cosβ, sin α sin β, cosα)
Bl

T
= (sin φ cos γ, sinφ sin γ, cosφ) (24)

The trace of both sides of the equation must be the same.

cos θi = tr(Θi
BlAl

T
) (25)

Al, Bl are obtained by minimizing the evaluation function∑
i(1 − cos θi) for each θi using the Conjugate Gradient

Method.
Estimation of the center of rotation

The value Θ̂i is estimated by multiplying each posture with
∆Θi. Next, ∆ti is estimated from equation (17). Equation
(17) is transformed to (26) according to ∆t i.

Ac = Θ̂i
Bc + ti + ∆ti (26)

since,

∆ti = Ac − Θ̂i
Bc − ti (27)

Ac, Bc are calculated by minimizing
∑

i ∆t2
i using the least

squares method.

4. Experiments

First experiment is estimation of the rotation axis from the
trajectory made virtually. It calculated the ideal trajectory of
a rotational mechanical linkage, and it added random errors
(translation maximum 10mm, rotation maximum 5 degrees)
each sample points. The rotated angle is 90 degrees, and num-
ber of sample point is 100.

True value is as follows,
Target Object:
Direction: (1,0,0) Position: (100,0,0)
Base Object:
Direction: (0,0,1) Position: (-80,0,-10)
Estimated result is as follows,
Target Object:
Direction: (-0.9999, 0.0092, -0.0076)
Position: (55.2526, 0.1044, 0.8411)
Base Object:
Direction: (-0.0012, 0.01027, -0.9999)
Position: (-80.6737, -0.6125, -55.17)
The estimated direction of the rotation axis is reversed, but al-
most right. The gap of the position of rotational axis between
true value and estimated value is caused by a degree of free-
dom about the rotation axis. In practice, it is the almost right
result.

Next experiment is observation of the mechanical linkage
that has a rotation axis such as figure 1, and measure the posi-
tion and posture, and estimate the rotation axis. The estimated
trajectory by vision is shown in figure 4 by the center of grav-
ity. The modified trajectory by the estimated rotation axis is
shown in figure 4. The true value and estimated value of the
position and direction of the rotation axis were as follows:
Target Object:
Direction: (0,0,1) Position: (0,100,0)
Base Object:
Direction: (0,0,1) Position: (-80,0,0)
Estimated result is as follows,
Target Object:
Direction: (-0.013, -0.0157, -0.9998)
Position: (-3.2162, 100.82, -1.5415)
Base Object:
Direction: (-0.0012, 0.01026, -0.9999)
Position: (-80.6737, -0.6125, -47.2067)
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Figure 4. Observation Result

"-" using 1:2:3

-60

-40

-20

 0

 20

 40

 60

 80

x

-50
-40

-30
-20

-10
 0

 10
 20y

-10
-5
 0
 5

 10
 15
 20

z

Figure 5. Estimation Result

5. Conclusions

In this paper, a technique was presented for the robust
tracking of multiple objects in the presence of occlusion,
based on the Kalman-Filter prediction of their position and
posture. A method for estimation of the rotational axis of
parts of a mechanical linkage from their relative trajectories
was also presented.

The main problem in the detection of occlusion is the pre-
diction reliability. In this paper, we assumed linear movement
between time frames condidering the high framerate, but this
assumption causes large prediction errors because of the fun-
damentally unsteady movement.

The position and direction of the rotation axis were de-
tected with sufficient accuracy.

In the future, we will apply these techniques to enhance
the robot recognition system[5].
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