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Joint Tracking and Ground Plane Estimation
Junseok Kwon, Ralf Dragon, and Luc Van Gool

Abstract—We propose a novel framework that jointly estimates
the ground plane and a target’s motion trajectory. This results in
improvements for both. Estimating their joint posterior is based
on Particle Markov Chain Monte Carlo (Particle MCMC). In Particle MCMC, the best target state is inferred by a particle filter
and the best ground plane is obtained by MCMC. Compared with
conventional sampling methods that iteratively infer the best target states and ground plane parameters, our method infers them
jointly. This reduces sampling errors drastically. Experimental results demonstrate that our method outperforms several state-ofthe-art tracking methods, while the ground plane accuracy is also
improved.
Index Terms—Ground plane estimation, object tracking, particle Markov chain Monte Carlo (Particle MCMC).

I. INTRODUCTION
N order to track a target accurately, especially under severe
occlusions, several methods [1]–[3] use the ground plane.
When considered through orthogonal projection onto that plane,
most targets no longer suffer occlusion. This simplifies the tracking. This paper also proposes the ground plane, but adds robustness via a Feedback Process and a process of Joint Inference.
Fig. 1 illustrates this joint optimization.
Feedback Process: The tracking methods in the aforementioned papers [1]–[3] focus on improving the visual tracking
with the help of an estimated ground plane. Yet, they do not
include a feedback mechanism to enhance the ground plane estimation based on the tracking results. If the ground plane is
estimated wrongly, its use may even impair the visual-tracking
performance. Instead, our method searches for a better estimate
of the ground plane during the tracking process. It assesses the
goodness of the ground plane by checking the smoothness of
the tracking results when projected onto it.
For their street scene analysis, Ess et al. [4] and later Wojek
et al. [5] propose frameworks where tracking and ground plane
estimation are of mutual benefit. Whereas the former work uses
depth information (stereo), the latter is purely monocular, as in
our case. Both approaches heavily depend on object detection,
also for the ground plane estimation (e.g., needing rather precisely estimated feet positions as points on the ground plane).
The approach we present here is more versatile and generic.
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Fig. 1. Basic idea of our method. Our method searches for the best target state
and ground plane at the same time, whereas conventional tracking methods find
them either separately or iteratively.

Joint Inference: For the joint estimation of the target state
and the ground plane position, expectation-maximization (EM)
[6] and Gibbs sampling [7] come to mind. In such estimation
procedures, the target state is considered to be represented by
latent variables Xt and the ground plane position by unknown
parameters θt , to be determined from the observations. For example, the EM algorithm searches for the best value of the latent
variables given the parameters, whereupon it uses the latent variables again to compute a better estimate for the parameters, etc.
The Gibbs method samples the latent variables from their distribution conditioned on the parameters. Similarly, it samples
the parameters from their distribution conditioned on the latent
variables. Both approaches however, have an error propagation
problem: if either the latent variables or the unknown parameters are estimated inaccurately, these errors contaminate the
other unknowns. This error propagation is due to the iterative
estimation of the latent variables and the unknown parameters.
To solve this error propagation problem, our method jointly
estimates the latent variables and the unknown parameters. To
that end, it uses particle MCMC, proposed in [8] and recently
used for visual tracking in [9]. Recently, a robust Bayesian algorithm [10] has been proposed to estimate the target state and
the ground plane position. However, this algorithm is also an
iterative method and thus has aforementioned drawbacks.
The design of the joint posterior that allows to jointly solve
for the target state and the ground plane is discussed in Section
II. The estimation of the MAP values through Particle MCMC is
explained in Section III. Section IV shows experimental results
and Section V conclude the paper.
II. JOINT POSTERIOR
Our goal of visual tracking is to find the state X̂t and the
ground plane θ̂t given the image observations up to time t,
Y1:t , which maximize the joint posterior p(Xt , θt |Y1:t ). We can
achieve this goal with the maximum joint a posteriori estimation:
{X̂t , θ̂t } = arg max p(Xt , θt |Y1:t )
{X t ,θ t }
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where Xt denotes a target configuration on the image at time t.
In (1), θ indicates a parameter that makes a ground plane. The
parameter has dynamics and is hence denoted as θt at time t.
Xt = {Xtx , Xty , Xts } includes the x, y center positions and the
scale s of the bounding box.
In order to measure smoothness of the target trajectory in
the ground plane, we project the target state from the image
coordinate to the ground plane using the parameters θt . θt is
estimated from a single camera on the basis of [11]. The method
is robust where it only makes the mild assumption that the
 are
camera’s ego motion T and the ground plane normal N
orthogonal over longer time spans.
If the conventional MCMC is used for obtaining samples
from p(Xt , θt |Y1:t ), then the acceptance ratio is designed in
the following fashion:


p(X∗t , θt∗ |Y1:t )q{(Xt , θt )|(X∗t , θt∗ )}
a = min 1,
(2)
p(Xt , θt |Y1:t )q{(X∗t , θt∗ )|(Xt , θt )}
where q{(X∗t , θt∗ )|(Xt , θt )} is the proposal density that proposes a new state X∗t and a new ground plane θt∗ , which is
defined in Section III. However, this acceptance ratio causes
two challenges.
1) Because the posterior p(Xt , θt |Y1:t ) is high dimensional,
the landscape of the posterior is very rough. In this situation, the acceptance rate obtained by (2) tends to be very
low and the sampling method easily gets trapped in local
minima.
2) The proposal density q{(X∗t , θt∗ )|(Xt , θt )} in (2) is hard
to design because two variables, Xt and θt , should be
proposed simultaneously.
These challenges are efficiently solved by Particle MCMC,
as explained in Section III.
III. PARTICLE MCMC
To find the best state and ground plane, our method gets
several samples from p(Xt , θt |Y1:t ) using Particle MCMC and
chooses the best one. Particle MCMC is a nontrivial combination
of MCMC [12] and particle filter [13] methods which takes
advantage of the strength of its two components.

ground plane candidates by using [11] in advance and probabilistically chooses a ground plane among them based on (4).
We further model p(Xt |θt , Y1:t )1 as follows:
p(Xt |θt , Y1:t ) = e−λ1 S (P θ t (X t ))

(5)

where λ1 is a weighting parameter and the function S(·)
measures the trajectory smoothness. To measure the trajectory
smoothness on the ground plane, our method first projects the
states in the trajectory into the ground plane θt using the function Pθ t (·) in [11] and calculates the standard deviation of them.
Although our method uses specific functions presented in [11]
for C(·) in (4) and Pθ t (·) in (5), we can use any functions
introduced in conventional ground plane estimation methods.
Acceptance Step: In the acceptance step, we determine if the
proposed X∗t and θt∗ are accepted or not by the acceptance ratio
in (2). With p(Xt , θt |Y1:t ) = p(θt |Y1:t )p(Xt |θt , Y1:t ) and (3),
the acceptance ratio in (2) is changed to
p(X∗t , θt∗ |Y1:t )q{(Xt , θt )|(X∗t , θt∗ )}
p(Xt , θt |Y1:t )q{(X∗t , θt∗ )|(Xt , θt )}
=

p(X∗t |θt∗ , Y1:t )p(θt∗ |Y1:t )q(θt |θt∗ )p(Xt |θt , Y1:t )
p(Xt |θt , Y1:t )p(θt |Y1:t )q(θt∗ |θt )p(X∗t |θt∗ , Y1:t )

=

p(Y1:t |θt∗ )q(θt |θt∗ )
p(θt∗ |Y1:t )q(θt |θt∗ )
=
∗
p(θt |Y1:t )q(θt |θt )
p(Y1:t |θt )q(θt∗ |θt )

(6)

where Xt cancels out. In (6), the difficult problem of sampling
from the joint posterior p(Xt , θt |Y1:t ) is reduced to that of
sampling from the simple posterior p(θt |Y1:t ), which is typically defined on a much smaller space. Nevertheless, our samples exactly follow the distribution for the original posterior
p(Xt , θt |Y1:t ), when the number of particles tends to infinite,
as proven in [8]. On the other hand, conventional sampling
methods like Gibbs sampling in [7] transform the original posterior into the simple one. Hence, the samples do not follow
the original posterior but represent the approximated posterior
p(Xt |θt , Y1:t ) and p(θt |Xt , Y1:t ). Now the remaining task is
to design the marginal likelihood p(Y1:t |θt ) in (6).
B. Particle Filter

A. MCMC
With MCMC, our method generates candidates for the ground
plane. MCMC consists of the proposal and the acceptance steps
as follows.
Proposal Step: In the proposal step, a new state X∗t and
a new ground plane θt∗ are proposed by the proposal density
q{(X∗t , θt∗ )|(Xt , θt )}. However, it is unfeasible to directly propose X∗t and θt∗ by using q{(X∗t , θt∗ )|(Xt , θt )} because of the
high dimensionality of (Xt , θt ). Hence, we decompose the original proposal density into two low-dimensional ones:
q{(X∗t , θt∗ )|(Xt , θt )} = q(θt∗ |θt ) · p(X∗t |θt∗ , Y1:t )

∗

(n )

Xt

(4)

where the function C(θt ) returns the confidence of the ground
plane θt . To propose a ground plane, our method makes several

with probability p(Xt |θt , Y1:t )

(7)

where p(Xt |θt , Y1:t ) is defined in (5). Then, the weight of the
(n )
particle w(Xt ) is calculated by
(n )

w(Xt ) ≡ p(Yt |Xt ) = e−λ2 Dist(Y t (X t
(n )

(3)

where q(θt∗ |θt ) is the proposal density for the ground plane and
p(X∗t |θt∗ , Y1:t ) is the conditional density for the target state.
Because X∗t in p(X∗t |θt∗ , Y1:t ) depends on θt∗ , our method can
only propose a new ground plane θt∗ in this stage with q(θt∗ |θt ).
We design q(θt∗ |θt ) as follows:
θt∗ with probability q(θt∗ |θt ) = e−|C (θ t )−C (θ t )|

With particle filter, our method obtains several particles for
the target state and calculates p(Y1:t |θt ).
Proposal and Weighting of Particles: Our method obtains the
(n )
nth sampled particle Xt for the target state like

(n )

(n )

),TMt )

(8)

where λ2 is a weighting parameter and Yt (Xt ) indicates the
(n )
observation Yt inside of the bounding box described by Xt .
(n )
In (8), the function Dist returns the similarity between Yt (Xt )
and the reference target model TMt . The target model TMt is
obtained by the ASLA method in [14].

1 Only

X tx and X ts are dependent of θt in this case.
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Fig. 2. Whole procedure of our method. Our Particle MCMC method combines the MCMC process (described in Section III-A) with the Particle Filter
process (described in Section III-B).

Fig. 3.

Fig. 4.

Design of Marginal Likelihood p(Y1:t |θt ): p(Y1:t |θt ) is decomposed by the chain rule like
p(Y1:t |θt ) = p(Y1 |θt )

t


p(Yi |Y1:i−1 , θt ).

(9)

i=2

p(Yi |Y1:i−1 , θt ) in (9) is then calculated by the average of the
weights of all particles:
N
1 
(n )
p(Yi |Y1:i−1 , θt ) =
w(Xt )
N n =1

(10)

where the equality is proven in [8]. In (10), N denotes the total
(n )
number of particles and w(Xt ) is defined in (8). Fig. 2 and
Algorithm 1 describe the whole procedure of our method.
IV. EXPERIMENT
The proposed method was compared with 10 state-ofthe-art tracking methods, IVT [15], SemiT [16], MIL [17],
STR’11 [18], ASLA [14], CSK [19], KCF [20], STR’15 [21],
ALIEN [22], and TCS [10], which are chosen based on [23].
For IVT, ASLA, and our method, the same number of samples,
500 (M = 10 and N = 50 for our method), was used to track the
target. Our method always uses the same parameters throughout
all experiments [λ1 = 0.05 in (5) λ2 = 0.05 in (8)].
A. Performance of Particle MCMC
In Section I, we argued that the Gibbs sampling approach
causes the error propagation problem: A noisy ground plane
produces an inaccurate target state and the inaccurate target

Tracking performance according to the samplers.

Tracking performance according to the number of samples.

state again makes the ground plane more erroneous. To show the
disadvantages of Gibbs sampling and demonstrate the efficiency
of our Particle MCMC, we conducted the following experiment.
We made a tracker that uses Gibbs sampling to search the best
state and ground plane iteratively and compared the tracker with
our Particle MCMC based tracker that searches the best state
and ground plane jointly.
Fig. 3 shows that our Particle MCMC-based tracker produces
more accurate tracking results than the Gibbs sampling-based
tracker and the Rao–Blackwellised particle filter [24] based
tracker in all sequences. Particle MCMC gave almost 70% improvement of tracking accuracy than the Gibbs sampling-based
tracker. Gibbs sampling obtained inaccurate target states due
to error propagation. In terms of sampling, the Gibbs sampling
approach searches suboptimal states because the approach does
not sample from the original posterior but samples from the
approximated posterior. Notably, it transforms the original joint
posterior into two conditional posteriors and samples from two
conditional posteriors iteratively for easy sampling. Instead, our
Particle MCMC is a perfect sampling method as number of
samples goes infinite, which means samples obtained by Particle MCMC exactly follow the original posterior distribution.
As demonstrated in Fig. 3, Particle MCMC also outperforms
Rao–Blackwellised particle filter.
A sampler suffers from the high dimensionality of a sample space. Then, the sampler needs more samples to get good
tracking accuracy. As shown in Fig. 4, the tracking accuracy
significantly decreases as the number of samples decreases in
the case of either Gibbs sampling or Rao–Blackwellised particle filter. They suffer from the high dimensionality of a sample
space when samples are not sufficient. On the other hand, our
tracker based on Particle MCMC produces accurate tracking
results even when only 100 samples are used.
Fig. 5 demonstrates that our Particle MCMC produces more
accurate ground planes than Gibbs sampling in most sequences.
In Gibbs sampling, a good ground plane can be chosen based on
the smoothness of an inaccurate trajectory. On the other hand,
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[3]

[4]
Fig. 5. Improvement of ground plane estimation performance. Particle
MCMC improved qualitative accuracy of ground plane estimation, where red
and green planes denote ground planes obtained by Particle MCMC and Gibbs
sampling, respectively.
TABLE I
QUANTITATIVE COMPARISON

[5]

[6]
[7]
[8]

The numbers indicate average center location errors in pixels. The numbers in () indicate
the amount of successfully tracked frames (score > 0.5), where the score is defined by the
overlap ratio between
 the predicted bounding box B p and the ground truth bounding box
Bg t :

a r e a (B p
a r e a (B p

 B g t ) . Blue is the best result. Red is the second best.
Bgt)

[9]

[10]

our method chose a good ground plane based on the accuracy
of the trajectory, which is optimal in terms of sampling.

[11]

B. Comparison With Other Trackers

[12]

Tables I demonstrates that our method is competitive with
TCS and outperforms CSK, KCF, STR’15, and ALIEN in
terms of center location error and success rate. These sequences
are very challenging because they contain occlusions, scale
changes, and complex camera motions. Our method overcomes
these challenges with the ground plane assumption that a
target should be on the ground plane. Although our method
used additional ground plane information for visual tracking
and other trackers did not, this is a fair comparison because
our method obtained the ground plane without additional
side information from camera calibration. Please note that,
compared with TCS, our method has an additional ability of
estimating accurate ground planes.

[13]
[14]
[15]
[16]
[17]
[18]

V. CONCLUSION AND DISCUSSION
We propose a novel framework to perform visual tracking
and ground plane estimation simultaneously. In the framework,
tracking results and ground plane estimates help each other to
improve both performances. With Particle MCMC, our method
infers the best target state and ground plane jointly and efficiently. In the experiment, our method shows the best tracking
performance.
Recently more advanced particle MCMC methods [25], [26]
have been proposed. Our future work is to use these methods
to improve visual tracking and ground plane estimation
performance.

[19]
[20]
[21]
[22]
[23]
[24]
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