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presented a mean-shift tracking method, which uses a histogram colour weighting as the statistical feature [8]. The
problems of scale variation, orientation change and partial
occlusion are solved to some extent. A limitation of this
method is that it cannot deal with the view change. To address these problems, the scale-invariant feature transform
(SIFT) descriptor is widely used to describe the object
by searching feature points [9], [10]. But the statistics of
gradient leads to a heavy computation time with a poor
real-time performance. As an improvement of SIFT, the
speeded up robust features can handle this issue easily
[11]. Kalal et al. presented the tracking-learning-detection
method further [12]. In the case of non-dramatic changes
in appearance, it can deal with situations of partial or even
total occlusion, tracking after disappearance and drift, etc.
The performance of this method deteriorates with the increase in appearance changes and noise. In this case,
particle ﬁlter algorithms [13], [14] have their advantages
in solving the tracking problem with the non-Gaussian
distribution system. Lack of particles often occurs over
time so that more particles are needed, especially when the
number of objects is large. An incompatible limitation is
its high-computational complexity with a large number of
particles. An eﬀective solution is by the diversity of particles. A central diﬀerence ﬁlter is introduced to generate
proposal distribution for sequential importance sampling
[13]. Hess et al. integrated the error-driven, discriminative
training algorithm tightly into the particle ﬁltering process
[14], where the trained ﬁlters obtain better performance
and oﬀer a faster tracking than untrained ﬁlters in the
context of multi-object tracking. However, as objects keep
moving, the features of objects will change distinctly over
time, resulting in tracking precision decreasing. This issue
is not eﬀectively handled yet.
On the other hand, object pose estimation based on
historical information is a hot yet challenging topic. Liang
et al. implemented an adaptive particle ﬁlter to predict
accurate positions and orientations of the Nao biped robots
in the RoboCup 3D simulation soccer robot game [15].
Kawabata et al. [16] carried out pose estimation based on
the on-line particle ﬁlter. Although it can deal with any
form of motion modes (including non-linear motion with
non-Gaussian noise), a fundamental limitation is its high
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1. Introduction
Robot pose estimation is one of the hottest research directions in mobile robot domain [1]–[4]. Generally, robot
localization and pose acquisition mainly comes from sensor
data. However, due to the limited sensing range of robots,
the sensors scattered in the environments can provide an effective supplement, especially in monitoring scenes. In this
paper, we endeavour to achieve the robot pose estimation
by an external environment camera.
The purpose of object detection and tracking is to
locate the object and acquire the historical trajectory.
Ye et al. combined an OptiTrack camera and a Kinect camera for more eﬃcient and robust tracking performance [5].
An extended Kalman ﬁlter (EKF)-based localization is
utilized to predict the robot motion [6], [7]. Vojir et al.
∗

State Key Laboratory of Management and Control for Complex Systems, Institute of Automation, Chinese Academy of
Sciences, Beijing 100190, People’s Republic of China; e-mail:
{wenbo.yuan, zhiqiang.cao, zhangyujia2014, min.tan}@ia.ac.cn
Recommended by Prof. Wail Gueaieb
(DOI: 10.2316/Journal.206.2017.3.206-4812)

256

complexity which leads to poor real-time performance.
Pose estimation is implemented by using the Kalman ﬁlter
in [17]. The data need to be calculated is not much so
that it is easy to process in real time. The disadvantage
is that the anti-noise ability of method is not strong on
account of its harsh terms for ﬁltering. To enhance the
anti-noise ability, a kind of outlier-robust Kalman ﬁlter
(ORKF) is presented in [18], [19]. Aiming at the noisy
environment with non-linear and non-Gaussian condition,
the robust unscented Kalman ﬁlter (RUKF) is used for pose
estimation [20]. The historical trajectory of robot is derived
from the combination of its basic motion. All of the above
methods are executed based on the whole information,
which means that a large number of irrelevant information
is used. As a result, both pose estimation accuracy and
real-time performance are obviously inﬂuenced.
As the initial state of tracking, robot detection is
implemented based on the histogram of gradient (HOG)
descriptor with a dynamic scale to improve the real-time
performance to some extent. To handle the problem of
tracking precision decreasing which is caused by feature
variation of object over time and accumulated error, an
improved particle ﬁlter is proposed in this paper. The
temporal and spatial dynamic function and optimized appearance function are employed to ensure the continuity
of tracking precision. Then, a multi-mode RANSAC algorithm for trajectory division is proposed. The trajectory
segments belonging to the same motion will be merged into
a motion mode, so the historical trajectory is divided into
some sub-trajectories. The whole trajectory can be considered as a set of continuous trajectory segments corresponding to diﬀerent motion modes. On this basis, an attitude
estimation model is designed, and current motion mode is
utilized to estimate the robot attitude by trajectory ﬁtting.
The remainder of this paper is organized as follows.
Section 2 devotes to problem statement. Section 3 gives the
robot pose estimation method based on object tracking.
The experimental results are described in Section 4 and
Section 5 concludes the paper.

schematic diagram of the monitoring scene. The robot
is monitored by the camera, and the robot pose can be
obtained by processing the video streams. Then, the robot
can acquire relevant information through wireless mode.
We label (x, y) as the coordinate of robot in camera view.
s represents the scale of robot. In the observation process,
the outlier probability is δ.
To achieve this goal, robot needs to be detected ﬁrstly
as the initial state of tracking. Considering the real-time
performance, it is diﬃcult to always utilize the object
detection technique due to the complexity of feature extraction with ergodic of whole image. In this case, object tracking is considered. Then high-precision tracking
will be ensured by solving various problems, such as nonlinear/non-Gaussian condition, the change of object’s feature and accumulated error, resulting in accurate robot
position. In addition, multiple motion modes will be found
out from historical trajectory through trajectory division.
Finally, current motion mode is utilized to estimate the
robot attitude by trajectory ﬁtting, which is more eﬀective
and accurate compared with the method based on whole
information.
The objective of this paper is stated as follows. Given
the video streams for robot, design an eﬀective pose estimation approach on the basis of object tracking to achieve
high-precision tracking and attitude estimation.
3. Robot Pose Estimation Method Based on Object
Tracking
The ﬂow diagram of robot pose estimation method based
on object tracking is shown in Fig. 2. There are four steps
in the ﬂow diagram, including object detection based on
the HOG descriptor, object tracking based on the improved
particle ﬁlter, trajectory division using the multi-mode
RANSAC algorithm and attitude estimation by trajectory
ﬁtting. Pose estimation consists of position estimation and
attitude estimation, where the centre point of detection
or tracking result is regarded as the robot position in the
monitoring scene.

2. Problem Statement
The solution, which uses the camera to monitor the robot
and analyses the video streams through the computer
vision technique, can implement positioning and estimate
robot attitude in 2D camera view. Figure 1 gives the

Figure 2. The ﬂow diagram of robot pose estimation
method based on object tracking.
3.1 Object Detection Based on HOG Descriptor
Accurate detection for robot in the monitoring scene is
the basis for obtaining robot pose. The HOG descriptor
is immutable with geometry and illumination variance,
and it can characterize the local appearance and shape of
robot well. When the HOG descriptor is used to assist
robot in performing tasks, real-time performance should
be concerned. To solve this problem, the current scale

Figure 1. The schematic diagram of the monitoring scene.
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Considering the above problem and combining with the
actual motion situation of object, the temporal and spatial
dynamic function is proposed as follows.
We label Xt = [Pt , st ]T as the state vector of particle
at time t, where Pt = [xt , yt ]T represents the coordinate of
particle at time t in the image, and st is the scale of object
for current detection. The temporal dynamic function is
designed using λ order Bessel curve with Gaussian noise:

of object is recorded in the object detection and tracking
process, and the invalid scales are picked out and neglected
in detection process due to the scale information in the
past, that is, the real-time performance is improved to
some extent through the adaptive scale.
HOG is used to characterize the robot, and sample
size is set to 64*64 according to the speciﬁc appearance
and shape of robot. Block size is 16*16, and each block is
divided into four cells with 8*8 size. Sliding increments of
horizontal direction and vertical direction are both 8. The
gradient directions of all pixels in the cell are calculated
and then divided into nine intervals for statistics. The
characteristic dimension of each sample is 1,764. Figure 3
is a schematic diagram of the extraction of HOG feature
for one block.

Pt+1 =

λ


Bi,λ (ζ) · Pt−λ + υ

(1)

i=0

where ν is zero-mean Gaussian noise, and
Bi,λ (ζ) =

λ!
ζ i (1 − ζ)λ−i
i!(λ − i)!

(2)

where ζ represents the proportional parameter.
In the tracking process, the scale of object is not
ﬁxed in the scene because of perspective relation, etc. To
track the object accurately, a spatial dynamic function is
given by:
st+1 = st + vt+1 + 

(3)

where vt+1 is average variation of scale in the last several
times and  is the zero-mean Gaussian noise.
In addition, in the appearance function of traditional
particle ﬁlter, the particle’s evaluation is obtained by comparing the HOG feature of current time with that of the
initial time. This will cause the accumulated error, which
leads to tracking precision decreasing and even failure of
tracking. To solve this problem, the appearance function
is optimized as follows.
After state transition of particles, the state of each
particle needs to be evaluated for selecting the best particle.
The particle weight is calculated based on the following
formula:

Figure 3. A schematic diagram of the extraction of HOG
feature for one block: (a) blocks displayed on the original
image and (b) histograms of the four cells of a block.
Positive samples are collected from diﬀerent views
and positions for robots, while sample without robot is
negative. The HOG features are extracted from both
positive and negative samples. The positive and negative
samples are separated by the super plane which is trained
using the linear support vector machine (SVM) method.
3.2 Object Tracking Based on Improved Particle
Filter

ωtj = exp(θ ∗ Ω)

To track the object in the monitoring scene, the frequently
used algorithms include the mean-shift tracking algorithm
combined with Kalman ﬁlter, particle ﬁlter, etc. Kalman
ﬁlter is proposed based on the Gaussian hypothesis and
linear hypothesis, while the robot movement in camera
view can hardly match this condition. Furthermore, although the mean-shift tracking algorithm can deal with
non-Gaussian system, the tracking window always keeps
at the same size and cannot match the change of object’s
scale accordingly, which shall lead to a failure of tracking.
Object tracking is essentially a problem of state estimation. Particle ﬁlter is widely used to solve the problem of
state estimation for non-linear/non-Gaussian system. The
traditional particle ﬁlter generally uses a series of weighted
particles to characterize the feature of object. Positioning
and iterative tracking of moving object are implemented
based on the cycle process of “prediction and update” [21].
In practical use, the tracking precision will decrease
because the feature of object is changing over time.

(4)

where ωtj is the weight of particle j at time t, θ is the
coeﬃcient and Ω is the evaluation of the HOG feature of
particle.
3.3 Multi-Mode RANSAC Algorithm for Trajectory Division
On the one hand, observations are inﬂuenced by many
uncertain factors, such as measurement accuracy of sensor
and false alarm. Some observations, which contain large
random errors and deviate from the ground truth seriously,
turn into outliers. If the outliers are not identiﬁed and
eliminated, the accuracy of attitude estimation will be
aﬀected, or errors will even occur.
On the other hand, the basic motions of robot mainly
include uniform/uniformly accelerated linear motion and
uniform/uniformly accelerated turning motion. The motion of robot can hardly produce saltation, and trajectory
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Algorithm 1: Multi-mode RANSAC algorithm for trajectory division
Input: observation points O , numberN of observation points, iteration number M , maximum distance T d of motion mode,
minimum votes Tv of motion mode.
Output: motion mode set Ψ.
1 Ψ ← 0;
2 Calculate the length and direction of trajectory segment τ i , i = 1, 2, . . . , N − 1;
3 Eliminate outliers in observations;
4 Extract corresponding features from all possible motion modes;
5 for m = 1: M do
6 Randomly select (τ a , τ b ) as candidate motion mode. a = b, and a, b = 1, 2, . . . , N − 1;
7 Cm ← 0;
8 Traverse each (τ a , τ c ) as voter, c = b, a, and c = 1, 2, . . . , N − 1;
9 Calculate the distance vector D between voter and candidate motion mode;
10 if D < T d then
11 Cm ++;
12 end
13 end
14 Rank all candidate motion modes in descending order by Cm ;
15 for m = 1: M do
16 if Cm > Tv then
17 Obtain the starting point and ending point of candidate motion mode Am ;
18 Add Am to Ψ, and process it accordingly;
19 end
20 end
21 Optimize the boundaries of adjacent motion modes, and output motion mode set Ψ.

where τ i represents the ith trajectory segment, which can
be suitable for τ a , τ b and τ c . N − 1 trajectory segments
are formed by N observation points. Td is a vector, whose
dimension is equal to the number of features of motion
mode. The features of motion mode include the instantaneous variations of velocity magnitude and velocity direction of voter, the average variations of velocity magnitude
and velocity direction between voter and candidate motion
mode and time information.

segments generated from the same motion are similar. On
this basis, the trajectory segments belonging to the same
motion will be merged into a motion mode. The whole
trajectory can be considered as a set of continuous trajectory segments corresponding to diﬀerent motion modes.
Then, the robot attitude can be estimated based on the
current motion mode, which leads to a higher accuracy for
eliminating irrelevant data.
The RANSAC algorithm [22] can be applied to estimate the mathematical model utilizing the given data, and
delete data not belonging to the model. But the problem is that only one model can be produced through the
RANSAC algorithm, which is not enough. For this reason,
a multi-mode RANSAC algorithm for trajectory division
is proposed in this paper.
The trajectory segments with outliers are obviously
diﬀerent in some features from that without outliers, such
as length and direction. And on this basis, the outliers in
observations can be eliminated eﬀectively. Furthermore,
the variations of velocity magnitude and velocity direction
are used for distinguishing diﬀerent motion modes. Because of the noise in the observation process, deviations
may exist even in the same motion mode. So, the maximum distance of motion mode is set up to enhance the
anti-noise ability during trajectory division. Compared
with attitude estimation based on whole information, attitude estimation based on current motion mode is more
eﬀective and accurate. The detailed trajectory division
based on multi-mode RANSAC is shown in Algorithm 1,

3.4 Attitude Estimation
The core of attitude estimation is to optimize attitude
estimation model, which is shown in (5). For this purpose,
trajectory ﬁtting is carried out based on the positioning
results belonging to current motion mode, and the robot
attitude in the monitor scene is the tangent direction at
the latest positioning result:
 n
n


2
min
αi (ϕ(xi ) − yi ) + μ
βi [(ϕ (xi ) − yi )
ϕ

i=1



∗ cos2 (arctan yi )]2

i=2

(5)

where n is the quantity used in positioning results, (xi , yi )
is the coordinate of positioning result and ϕ(xi ) is the curve
to be ﬁtted. ϕ (xi ) is the ﬁrst derivative of ϕ(xi ), yi is
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the slope of connection line between adjacent positioning
results and cos2 (arctan yi ) is a correction term for nonlinearity of slope so that the direction variation per unit of
curve is nearly consistent with the slope variation per unit.
αi , β i and μ are presetting weights.
The purpose of the ﬁrst item of (5) is to minimize ﬁtting
error and improve the lag problem of estimation, while the
purpose of the second item is to keep direction stability
and prevent saltation in attitude estimation. Besides,
increasing positioning frequency, that is, increasing point
density, can contribute to the accuracy of trajectory ﬁtting.
The detailed optimizing process of attitude estimation
model is as follows:

The curve to be ﬁtted is deﬁned as follows:
y = ϕ(xi ) = a0 + a1 x + · · · + ak xk

(6)

Then, the sum of squares of deviations is calculated
through:
R2 ≡

n

i=1

+μ

2

αi [yi − (a0 + a1 xi + · · · + ak xki )]
n


βi [(yi − (a1 + 2a2 xi + · · · + kak xk−1
))
i

i=2

∗ cos2 (arctan yi )]2
(7)

Partial derivative respect to each αj is further worked out and the result is shown below:

 n
n
n



j+k
j+1
j
αi xi
αi xi + · · · +ak
αi xi + a1
a0
i=1

i=1

i=1



n
n
n



βi xj+k−2
βi xji + · · · + kak j
+ μ cos4 (arctan yi ) a1 j
βi xij−1 + 2a2 j
i
=

i=1

i=2

i=2

i=2

n


αi xji yi + μ cos4 (arctan yi ) j

n

i=2

(8)

βi xij−1 yi (j = 0)
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Formula (8) of deformation is presented as follows:
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The coeﬃcients of ϕ(xi ) can be obtained by solving
(9). Based on the ﬁtted curve ϕ(xi ), the tangent direction
of ϕ(xi ) at the latest positioning result is calculated and
regarded as the robot attitude in the monitor scene. To
show the eﬀectiveness of the proposed method, a robot
trajectory is generated through simulation, as shown in
Fig. 4(a). The result of trajectory division based on the
multi-mode RANSAC algorithm is shown in Fig. 4(b), and
Fig. 4(c) demonstrates the attitude estimation result of
our proposed method.
4. Experimental Results
This section is used to testify the proposed approach. After
the performances of tracking and attitude estimation are
veriﬁed, the performance of the proposed pose estimation
approach based on object tracking is testiﬁed.
4.1 Object Tracking Performance
The performance of tracking based on the improved particle
ﬁlter is evaluated in this section. Experiment is carried out
using the monitoring video, and the relevant parameters
are as follows: λ = 2, ζ = 1.5, θ = 4. The deviation value ep
between the tracking result and the ground truth calibrated
manually is used as the tracking precision under current
conditions, and the initial state of tracking is obtained
through object detection.
Figure 5 gives the comparison with mean-shift tracking
algorithm combined with Kalman ﬁlter, mean-shift tracking algorithm combined with extended Kalman ﬁlter and
the method in [14]. It is seen from Fig. 5 that the deviation results of the former two methods get worse with the
increase in frame. From an overall perspective, the results
demonstrate the superiority of our proposed method.

Figure 4. The trajectory division and attitude estimation:
(a) a robot trajectory generated through simulation;
(b) the result of trajectory division based on the multimode RANSAC algorithm; (c) the comparison diagram
of the ground truth and attitude estimation result of our
proposed method.

Figure 5. The deviation result of object tracking.
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β n = 1.2, αi = β i = 1(i = 1,. . . ,n − 1), μ = 0.5, k = 3. The
initial velocity of robot ranges from 50 to 100, the instantaneous change value of velocity magnitude ranges from 8
to 12 in uniformly accelerated motion, and instantaneous
change value of velocity direction ranges from 6◦ to 9◦ in
turning motion. Twenty times tests are executed for each
group of parameters, and the average deviation ea between
estimated results and ground truths is used as the attitude estimation accuracy under current conditions.
Attitude estimation based on current motion mode gets
better accuracy than that based on the whole information.

4.2 Attitude Estimation Performance
To verify the eﬀectiveness of attitude estimation in this
paper, trajectory is simulated referring to basic motion of robot. There are four kinds of motion modes:
uniform/uniformly accelerated linear motion and uniform/
uniformly accelerated turning motion. During the motion
process of robot, the motion modes are switched randomly,
and the time span of each motion mode is generated
randomly as well. In the observation process, the ratio of
random noise’s magnitude to average instantaneous variation of velocity magnitude is ρ, and the outlier probability
is δ.
The relevant parameters of the simulation are as
follows: N = 99, M = 98, Tv = 1 and Td is obtained by
training partial data under current conditions. αn = 1.5,

4.2.1 Anti-N Noise Performance Test
In this section, we conduct the research on the deviation
results with diﬀerent ratio ρ. The ratio ρ ranges from

Figure 6. The deviation results with diﬀerent ratio ρ.

Figure 8. Sine curve test: (a) a robot trajectory with sine
curve and (b) the comparison of the ORKF method, the
RUKF method and our proposed method.

Figure 7. The deviation results with diﬀerent outlier probability δ.
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Figure 9. The performance of robot pose estimation method based on object tracking: (a) the snapshots of robot movement
in the monitoring video; (b) the deviation result of object tracking; and (c) the deviation result of attitude estimation.
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0 to 1 with a ﬁxed outlier probability δ = 0.1. The results
including the comparison with ORKF [18] and RUKF [20]
are demonstrated in Fig. 6. The blue, green and red curves
in Fig. 6 describe the results of ORKF, RUKF and our
proposed method, respectively.
From Fig. 6, the deviation of attitude estimation gets
worse slowly as ratio ρ increases. From an overall perspective, the ORKF method in [18] and the RUKF method in
[20] produce poor attitude estimation performance, while
our proposed method is obviously eﬀective even with a
larger ratio ρ. The superiority of our proposed method is
veriﬁed.

ﬂuctuation, the results demonstrate the advantage of our
proposed method.
5. Conclusion
In this paper, a robot pose estimation method based on
object tracking is proposed with a higher accuracy. An
improved particle ﬁlter with temporal and spatial dynamic
function and optimized appearance function is employed
to ensure the continuity of object tracking precision. Using
the multi-mode RANSAC algorithm, the historical trajectory is divided into some sub-trajectories, each of which
is corresponding to a motion mode. On this basis, an
attitude estimation model is designed, and the attitude
angle of robot in monitoring scenes is solved by trajectory
ﬁtting. High-precision tracking and attitude estimation
are obtained in the experiments, and the results show that
the proposed method is robust to noise and outliers. In
the near future, we shall consider optimizing computation for improved particle ﬁlter, which further improve the
real-time performance.

4.2.2 Robustness Test to Outliers
In this section, the false alarm in the real scene is simulated
to verify the robustness to outliers. The outlier probability
δ ranges from 0 to 0.3 with a ﬁxed ratio ρ = 0.1. Figure 7
demonstrates the results. The blue, green and red curves
in Fig. 7 describe the results of the ORKF method in [18],
the RUKF method in [20] and our proposed method. From
Fig. 7, one can see that outlier probability δ is critical for
the attitude estimation performance. This performance
declines rapidly with the increase in outlier probability δ.
The ORKF method in [18] gets poor results throughout
the test. When the outlier probability δ is higher, the
performance of RUKF in [20] becomes worse while the
results of our proposed method is always satisfactory.
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4.2.3 Sine Curve Test
In this section, a robot trajectory with the sine curve
is simulated to verify the eﬀectiveness of our proposed
method. The formula of sine curve is y = 50 sin(πx/100),
the trajectory points are generated at regular intervals
according to x, as shown in Fig. 8(a). Figure 8(b)
demonstrates the attitude estimation performance for the
sine curve, where the blue, green and red curves describe
the results of the ORKF method in [18], the RUKF method
in [20] and our proposed method, respectively. From an
overall perspective, though deviation ﬂuctuation exists,
our proposed method achieves a better result than other
two methods.
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