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ABSTRACT

It is a challenging problem to robustly track moving objects from image sequences because of occlusions. Previous
methods did not exploit depth information sufficiently. Based on multiple camera scenes, we propose a 3D
silhouette tracking framework to resolve occlusions and recover the appearances in 3D space, which enhances
tracking effectiveness. In the framework, 2D object silhouettes are initially gained by Snake. Then a Voxel Space
Carving procedure is introduced to simultaneously generate the occlusion model and visual hull of objects. Next,
we adopt Particle Filter to select the valuable parts of occlusion model and combine them with the initial object
silhouettes to generate the updated visual hull. Finally, updated visual hull of the objects are re-projected to
each view to obtain their final contours. The experiments under the public LAB and SCULPTURE datasets
validate the feasibility and effectiveness of our framework.
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1. INTRODUCTION

Acquiring shapes and appearances from moving objects plays an important role in video analysis and track-
ing. Silhouettes extraction is a state-of-the-art technology in appearance and motion extraction of moving
objects. To acquire more accurate silhouettes from the motion sequences, various algorithms were presented by
M.Kass,1N.Paragios,2Y.G.Jin.4 However, most of them did not pay attention to resolving occlusions because
monocular camera does not provide enough information to cover it.

Theoretically, projecting 3D model to each view could resolve the occlusion problem. The most represen-
tative method was the Visual Hull that used silhouette information to distinguish 3D object regions proposed
by W.Matusik, et al.9 The visual hull of a target object was defined as a carving of different shapes from
different views. Visual Hull showed great advantages in multi-view tracking, in which recent researches showed
that its computational complexity could be significantly reduced via J.S.Franco5 and C.L.Jackins:8 Method in
J.S.Franco5 used the model of viewing edge to approximate the real model, while method in C.L.Jackins8 adopted
Oct-Tree to represent model with fewer voxels. However, these two strategies still required improvement because
Visual Hull will construct incomplete model by using partial silhouette6 as shown in Fig. 1.

(a) (b)

Figure 1. Visual Hull construction procedure. Yellow parts are final results which will be incomplete if occlusion occurs.
(a) Complete Visual Hull, (b) Incomplete Visual Hull under Occluding Condition. Best viewed in color.
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Figure 2. System Framework.

Thus, Li Guan6 presented a method to recover the object model by unifying the pre-constructed occlusion
silhouettes and the object silhouettes. The method was demonstrated feasible but there still exists two important
issues unresolved: First, the method was not so adaptive that we could not expect to gain accurate silhouettes of
occlusions beforehand in real applications. Second, the method generated much fatter model than ground truth
because of redundant information of the scenes it used.

Current monocular contour tracking algorithms detected accurate object contour, but fell in resolving the
occlusion problem. And the methods based on 3D object model resolved the occlusion problems partially but
could not obtain high accurate silhouettes. In this paper, we propose a contour-based tracking algorithm to
acquire the advantages of these two methods: We use monocular contour-based tracking algorithm to extract the
original silhouettes from all the views, which are used to get an original visual hull of the objects. Simultaneously,
the occlusions is modeled with the object visual hull. Then, we rank the weights of extracted particles to select
the effective parts of occlusion model to significantly recover the object model. Finally, we obtain the object
silhouettes by mapping the updated model regardless of occlusions and imprecise tracking. The system framework
is presented in Fig. 2.

2. VISUAL HULL ACQUISITION

To further clarify our subsequent discussion, we list the following important notations in this paper in Table 1.

Table 1. Symbol Definitions.

P Object of interest in 3D scene

O Occlusion in 3D scene

SP
k (t) Silhouette of 3D object P in kth view at the time t

SO
k (t) Silhouette of occlusion O in kth view at the time t

Ht
P Initial visual hull of the object P at the time t

Ht
S Visual hull of the scene S at the time t

Ck(x) Viewing cone of the 2D area x from kth view

RHt
P Recovered visual hull of the object P at the time t

In the time t at the kth view, we use Snake to determine the initial silhouette SP
k (t) .The extracted contours

will be used in building the object visual hull. In order to reduce the computational complexity, following the
principle of J.S.Franco,5 we obtain the exact polyhedral visual hull Ht

P by three steps: (1) Connect the view
point with the points on object contour and extend these lines; (2) Project these lines to the other views and
obtain a series of line segments, which are truncated by the contours of the other views. (3) These line segments
are re-projected to 3D space, in which the projections are defined as viewing edges to approximate the actual
3D models.5
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Figure 3. Visual Hull and Oct-Tree Subdivision.

In addition, in order to achieve lower time consumption, after determining the surface voxels, Oct-Tree8 is
introduced to represent the 3D model (We define the maximum layer number as 4 in our experiments). Only the
voxels on model surface are required to be subdivided. Then, we label the voxels as null both inside and outside
the model. Above processes are shown in Fig. 3.

3. OCCLUSION MODELING

In order to recover the occluded object model, acquiring information on occlusion is necessary. However, in most
cases, we only need the information of the most probable occlusions, not the information of the whole scene.
Thus, we first develop a particle evaluation algorithm to select the most valuable occlusion projection silhouettes
of each view, and then we make the union of them with the initial object silhouette to generate the new object
visual hull.

First, we introduce Particle Filter4 to search the valuable occlusion regions. Particles are ranked according
to their probabilities belonging to the initial selected object. Thus, the regions of the higher weighted particles
usually cover the larger area of the target than the lower ones. It means that the occluded silhouettes appeared
within these regions are more valuable to recover the object model.

When conducting the algorithm at the time t on the kth view, we note the valuable occlusion region as Regt
k.

The LBP feature10 is then applied to calculate the particle weights in Equation(1).

W i
t = P (X i

t |Y1:t) =
P (Yt|X i

t)P (X i
t |Y1:t−1)∫

P (Yt|x)P (x|Y1:t−1)dx
(1)

W i
t and X i

t respectively represent the weight and location of the ith particle respectively, and Yt represents the
observation value at the time t. Assuming n as the particle number which is assigned 100 in our experiment, we
will acquire a sequence i1, i2,..., in by ranking the particle weights as shown in Equation(2)

W i1
t > W i2

t > ... > W in
t (2)

Then, we could acquire a minimum Regt
k in Equation (3).

Regt
k = (Regt

k(i1)
⋃

Regt
k(i2)

⋃
...

⋃
Regt

k(in′)) − SP
k (t) (3)

where n′(n′ < n) represents the minimum number of particles which can cover the SP
k (t), and Regt

k(i) represents
the region of the particle i. The generation process of Regt

k is shown in Fig. 4.

Second, we generate scenes model Ht
S using the method of Voxel Space Carving because of its robustness to

the temporary occlusion, in which the occlusions also can be occluded by the target. According to the principle
that there are no further occlusions between the view points and visible parts of the objects, we could acquire
the scene model Ht

S using Equation (4) where c represents the number of cameras.
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Figure 4. Effective Occlusion Region Extraction.
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The procedure is shown in Fig. 5: Initially, all voxels were labeled as not null. With the object (green)
moving, the model of scene is generated by labeling the voxels of the white region as null. Then, we could obtain
the scene model by this accumulating way.

Then, we project scene model Ht
S to all of the views to generate the new occlusion silhouette SO

k (t) In
Equation (5), we could obtain the region to recover the object model represented as RSO

k (t) using Regt
k and

SO
k (t) ( Fig. 6).

RSO
k (t) = SO

k (t)
⋂

Regt
k (5)

4. OBJECT MODEL RECOVERY

The model recovery procedure can be formulated into two steps: Silhouette recovery and visual hull generation.

First, we should remove the regions selected in sec. 3 (e.g. Region B in Fig. 6) because they actually do not
contribute to model recovery. We define a set of regions separating from each other shown in Equation (6).

{
RSO

k (t) = RSO
k (t)1

⋃
RSO

k (t)2
⋃

...
⋃

RSO
k (t)r

RSO
k (t)1

⋂
RSO

k (t)2
⋂

...
⋂

RSO
k (t)r = Ø (6)

Figure 5. Voxel Space Carving.
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Figure 6. Extracting the Valuable Occlusion Region.

where r is the total separate region number.The candidate projection regions of the scenes model can be classified
into three types:(1) the regions neither share the same boundaries nor the same areas with the initial object
silhouette (e.g. Region B in Fig. 6) (In this case, we simply abandon the regions because they indeed contribute
little to the object recovery); (2) the regions share the same areas but do not share the same boundaries with the
initial object silhouette (This kind of regions will also be abandoned, because it shows that the regions belong
to a temporarily occlusion); (3) the regions share the same boundaries with the initial object silhouette. In the
last case, the regions will be selected to recover object model (e.g. Region A in Fig. 6).

We use the union of these selected regions to recover the object model shown in the Equation (7).

RSO
k (t)i1i2...ir′ = RSO

k (t)i1

⋃
RSO

k (t)i2

⋃
...

⋃
RSO

k (t)ir′ (7)

where r′≤r represents the number of occlusion regions satisfying the condition of the above third type. Then, the
recovered object silhouette RSP

k (t) is acquired by making the union of RSO
k (t)i1i2...ir′ and the object silhouette

formulated as (8).

RSP
k (t) = SP

k (t)
⋃

RSO
k (t)i1i2...ir′ (8)

Second, we use the viewing cone Ck(RSP
k (t)) acquired from silhouette RSP

k (t) to generate the recovered
visual hull RHt

P as formulation (9).

RHt
P = C1(RSP

1 (t))
⋂

C2(RSP
2 (t))

⋂
...

⋂
Cc(RSP

c (t)) (9)

Finally, we project RHt
P to each view. The new object silhouette SP

k (t)′ will substitute the original SP
k (t).

5. EXPERIMENT RESULTS

We evaluate the proposed method on two real world datasets: the LAB and the SCULPTURE. The LAB dataset
includes 15 video sequences of an indoor scene and the SCULPTURE dataset includes 9 video sequences of an
outdoor scene. They have been aligned on time axis. These two datasets typically reflect various occlusion
situations for multiview tracking problem.
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5.1 Indoor Dataset

As a typical indoor multiview tracking dataset, LAB13 sequences contain 4 persons with dynamic occlusion but
without static one. This dataset is used to evaluate the proposed method mainly for dynamic occlusion situation.
We compare the performance of the proposed method with the ground truth data and Guan’s tracker,3 COST
tracker,11 M2 tracker12 using Mean Error measurement. Mean error is defined as the average distance difference
between the tracking positions and the ground truth positions of all the 15 views. The comparison result is
shown in Fig. 7.

In dynamic occlusion situation, we see that our tracker outperforms COST tracker and M2 tracker for
most frames, and performs close to Guan’s tracker. Especially for complex occlusions situation(41∼60 frames)
our tracker does better than Guan’s tracker due to sufficient depth information exploitation. Some visual
demonstration of our tracker is shown in Fig. 9.

Figure 7. The LAB Dataset Tracking Mean Error Comparison Result. Corresponding Visual Demonstration of Our
Tracker is Shown in Fig. 9.

5.2 Ourdoor Dataset
As a typical outdoor multiview tracking dataset, SCULPTURE14 sequences contain 2 persons with both static
and dynamic occlusions. It means that the dataset is challenging to model the occlusions and extract contours.
We compare the performance of the proposed method with the ground truth data and Guan’s tracker,3 COST
tracker,11 M2 tracker12 using Mean Error measurement. Mean error is defined as the average distance difference
between the tracking positions and the ground truth positions of all the 9 views. The comparison result is shown
in Fig. 8.

For both static and dynamic occlusion situation, our tracker ourperforms COST tracker and M2 tracker for
all the frames, and performs more stable than Guan’s tracker. Model updating in 3D space help to keep more
stable tracking effectiveness, even if static and dynamic occlusions occur simultaneously(50∼60 frames).Some
visual demonstration of our tracker is shown in Fig. 10.

6. CONCLUSIONS

We present a novel multi-view tracking algorithm to conquer occlusions as well as obtaining accurate target
silhouette. Particle ranking is introduced to select the valuable occlusion regions for object model recovery.
Together with visual hull updating, we can resolve both static and dynamic occlusions perfectly. The experi-
ments in the public LAB and SCULPTURE datasets show that our algorithm has outperformed state-of-the-art
approaches in the aspects of tracking and the occlusion modeling.
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Figure 8. The SCULPTURE Dataset Tracking Mean Error Comparison Result. Corresponding Visual Demonstration of
Our Tracker is Shown in Fig. 10.
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Figure 9. Contour Extraction and 3D Modeling Result(Partial Demonstration) in View 0 of the LAB dataset.
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Figure 10. Contour Extraction and 3D Modeling Result(Partial Demonstration) in View 1 of the SCULPTURE dataset.
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