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Abstract

We present a novel multi-object tracking algorithm based
on multiple hypotheses about the trajectories of the objects.
Our work is inspired by Reid’s multiple hypothesis tracking
algorithm which is an optimal solution to the motion cor-
respondence that occurs in multi-object tracking. Unfortu-
nately, the exponential growth of the hypotheses tree pre-
cludes practical applications. To restrict this growth, many
approximations relying on a series of clustering and prun-
ing operations have been proposed. The decisions for these
operations are based solely on previous observations and
are not guided by observations in later frames. We show
that due to multiple splits and merges, relying solely on pre-
vious observations to guide these operations may inadver-
tently eliminate the correct hypothesis. Consequently, this
leads to poor tracking performance. To overcome this prob-
lem, we determine the validity of a hypothesis by exploiting
information in later frames and relating them to previous
observations. Experimental results demonstrate the robust-
ness and efficiency of our approach.

1. Introduction

Multi-object tracking (MOT) is a major research topic in
computer vision. The main difficulty lies in data associa-
tion of the measurements to the appropriate tracks. This is
further compound by the presence of occlusions and mul-
tiple splits and merges in MOT. Thus, we need an efficient
representation to integrate the spatial and temporal informa-
tion. Such a representation will then enable us to establish
patterns and relationships among detected moving regions
reliably. Graph representation is one such representation
and has attract interest from the research community [1, 2].

However, these tracking algorithms do not track objects
well under severe occlusions and multiple splits and merges.
For example, the authors in [1] point out that their algorithm
can only yield part of the objects’ trajectories. We also note
in [2] that their algorithm is unable to track objects robustly
through splits and merges. The underlying reason for the

failure of these algorithms is that they keep only one hy-
pothesis of the tracking results. Thus they are unable to deal
robustly with the ambiguities that arise during the tracking
process. In this aspect, multiple hypothesis tracking algo-
rithms (MHT) may yield better tracking results.

One of the best known MHT is that developed by Reid
[3]. Unfortunately, the hypotheses tree grows exponentially
as more measurements are received. Many approximations
have been proposed to limit this growth by a series of clus-
tering and pruning operations [4, 5]. However, these ap-
proximations share a common weakness in that the deci-
sions for these operations are based solely on previous ob-
servations and are not guided by later frames. We show that
previous observations may not provide adequate informa-
tion to guide these operations in MOT. Consequently, the
errors from these wrong operations will propagate into later
frames leading to poor tracking performance. M. Han et al.
propose another MHT in [6]. However due to high compu-
tation complexity, they impose an upper bound on the num-
ber of simultaneous active tracks. Furthermore, they do not
explicitly deal with the problem of splits and merges. Hence
their algorithm is unlikely to work well in a crowded scene.

To overcome the drawbacks of these algorithms, we pro-
pose a novel multi-object tracking algorithm based on mul-
tiple hypotheses about the trajectories of the objects. These
hypotheses are generated from the temporal and spatial in-
formation of the entire video sequence. We determine the
validity of a hypothesis by exploiting information in later
frames and relating them to previous observations. Our ex-
periments demonstrate the robustness of our tracking algo-
rithm in which we recover the trajectories of objects under
severe occlusions, variations of the lighting condition and
multiple splits and merges in camera settings having limited
perspective distortion. The limiting factor of our algorithm
is that we require the entire video sequence to be available
first before we process the video sequence as a whole.

2. Introductory Example

Consider the two persons, P, and P,, shown in the first
image of Fig. la. The moving regions associated with P,



and P, across five frames are shown in the remaining five
images of Fig. 1a. We denote the set of regions in fp4, f129
and f13p which uniquely reference P, as {ry,r4,r7} and P,
as {ry,rs,rs}. Trajectories of P, and P, merged in fj9 and
Jf130 are detected as r3 and rg respectively. Regions across
frames are connected by a directed weighted edge, where
the edge weight represents the similarity score between the
connected regions (equ. (1)). We represent correct and
wrong connections as solid and dashed edges respectively
and remove the edges whose weights are too low (Fig. 1b).
Due to the variations of the lighting condition, pixels in
the shadows of P, and P, are detected as foreground pixels
following the split in fip9. Thus r4 and r5 are wrongly de-
tected as having closer similarity to r, and r; respectively.
At f132, the distortion from the shadows is reduced. Hence
there exist closer similarity between r; with {ry,r4} and rg
with {rp,rs}. A MHT which makes clustering or pruning
decisions based only on previous observations may cluster
r5 to r1 and r4 to ry at current frame fi79. This leads to the
wrong tracking results (Fig. 1c). However by exploiting in-
formation in later frame f3;, we can eliminate these false
connections. Consequently, with the correct connections,
we can extract the true trajectories of P, and P, (Fig. 1d).
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Figure 1. a) Detected moving regions. b) Hypotheses
generated. ¢) Wrong trajectories extracted due to distortion
from the shadows. d) Correct trajectories extracted using
information in later frame fi3;.

3. Graph Representation of Motion

The trajectories of multiple objects can be represented
by a set of graphs where the linkages of the moving regions
across frames indicate the motion of the objects. These
moving regions can be detected using background change
detection methods, where adaptive dynamic background
modeling approaches give better segmented foreground re-
sults. In this paper, we adopt the method developed in [7]
to detect these moving regions.

Once the moving regions are extracted, we can deter-
mine the trajectories of the objects by connecting the re-
gions which are associated with the same object together

(Fig. 1d). Let f, be the y'" frame of the video sequence,
1 <y < n, where n is the available number of frames in the
video sequence. We denote the set of moving regions in f,
my . . . .

as Ry = {r} Wher'e ris a moving region in Iy e.md my
is the number of moving regions in f,. Each moving re-
gion, r_‘y‘, is also represented as a vertex, v, in the graph:
v? = [p§ vf hﬁ]T Wher.e py is the .2-D position, s{ is the
size and h§ is the normalized color histogram of ry.

We define the relation between two vertices, vg and vé’,

as L (Vi) =[Lp Cs Ch]T where {p = |p% —p?| is the

Euclidean distance, {s= % is the scale difference and

Ch=H (h;l,hf) is the normalized histogram intersection of

the two regions,

K
H(p,q)=1-Y |pj—aj| )
=

where {pI}K {qj}] , = h% and K is the number of
bins in the hlstogram We represent the directed edge con-

necting v{ to vZ as ey,zb . The directed edge ey,zb is a logi-

. . . b . .
cal variable in which ey? = 1 if vy is connected to v2 and

e;’zb = 0 otherwise. We define the set of directed edges aris-
ing from and directed to V{ as F (v;‘) and T (v;‘) respec-
tively.

4. Tracking of Multiple Objects

To generate all possible hypotheses about the trajecto-
ries of the moving objectsZ we can connect a region ré’ to
all regions in the superset R, R=R;U---UR,_1, where the
edge weight is the similarity score between the connected
regions. The optimal trajectories of the moving objects can
then be extracted by searching through the entire set of hy-
potheses and determining the set of optimal paths that best
connect these regions. However, as the number of detected
regions increases, the search space increases exponentially.
In this case, even if we know the starting and ending ver-
tices, it will still be impractical to find these optimal paths.
In fact, the tracking problem can be considered as a special
case of the NP-complete Disjoint Connecting Paths prob-
lem. To achieve better computation efficiency while ensur-
ing correct tracking, we propose the following two-phase
hypotheses generation and fast hypotheses rejection meth-
ods.

4.1. First Phase Hypotheses Generation

In the first phase, we search the set R, for the regions
which are similar to a region, rf € R;, in the current frame
fz. There are two motivations for this scheme. Firstly, if an
object is not currently occluded or if its current trajectory



is not split from or merged with the trajectories of other ob-
jects, there will not be sharp changes in the object’s features
across successive frames. Consequently, if two regions in
successive frames are found to be similar, it is more likely
that they are associated with the same object than if the two
regions are separated by many frames. Secondly, in the
event that there are no region in R,_; which is similar to rf ,
it is likely that there are splits/merges in the objects’ trajec-
tories, objects leaving/entering the scene or occlusion of the
objects. Since there are many reasons for this ambiguity, we
will postpone the decision for the objects’ trajectories until
more information in later frames is available.

To reduce the false connections, we connect a vertex v;l
to the vertex vé’ if they have similar spatial, color and size
features. This is expressed in equ. (2),

&b =(Ep<a)n(Es < B)N(Sh>7) @

where @, B and 7 are the thresholds unique to the camera’s
position, derived by minimizing the Bayesian error.

Despite the criteria for edge connections in equ. (2), a
region rﬁ’ may be similar to many regions in R,_;. Hence its
corresponding vertex, vf , may have several parent vertices.
To resolve this ambiguity, we refine the criteria for edges
connections by equ. (3).

e 3

=1z

ab | el i [F(v )| < land [T(v)] <1
0  otherwise

The derived hypothetical disjoint graph formed af-
ter the first phase hypotheses generation is defined as
G =g U---Ugy where g, = (Vi,En) is a path graph
which represents the partial trajectory of an object or a
merged group, Vi, = {7 v, v, v v} and E, =

1
b,c c,d .
Ciit1:Cit1,i+2>

path graph g, respectively and V,,\V,, = 0,m # n. We de-
note the set of frames traced by g,, as ¥ (g,,). Our experi-
ments show that by using the methods of edge connections
in equs. (2) and (3), we are able to construct these path
graphs reliably even when new objects, different from the
objects in the training set, enter the scene.

N ) 1} are the vertex set and edge set of

4.2. Second Phase Hypotheses Generation

In the second phase, we interconnect the path graphs
g1, -+ ,8n together to recover the possible trajectories of the
objects. We represent the directed weighted edge connect-
ing the end vertex v§ of g; to the source vertex vf of gx,

j #k, as €5, where the edge weight is the likelihood that g ;
and g represent two different portions of the trajectory for
the same object. We compute the edge weight as follow,
I = 4 (h 4
Wek Tp+Cs +¢ (C))
A

T = ,A>0 5
z+1—y ®)

where 7 is use to reduce the influence of the position and
size change when the regions represented by v§ and vf are

separated by many frames. This is because the edge eii
constructed in the second phase is a hypothesis that g; and
gr represent different portions of the trajectory for the same
object. If this hypothesis is true, then s§ may be very dif-

ferent from sf due to the possible large motion of the object
during its lost trajectory in frames fy, to f;_;. Similar ar-
gument can be made for the position change, {p. Thus, the
influence of { p and {s in the calculation of ng’ is inversely
proportional to the number of frames separating rf from ry.
On the other hand, since we have normalized the two his-
tograms, Af and h? , therefore {h will not be affected by the
number of frames separating them.

Let G be the connected graph formed after the two-
phase hypotheses generation. We define the set of path
graphs connected to the source vertex and end vertex of
g, after the two-phase hypotheses generation as Y (g;) and
I"(g;) respectively, where Y, (g;) and I';, (g;) denote the
m" element of Y (g;) and I(g;) respectively and w;f"(gf ) >

Ym+ j j j
W, l<g/)’ Wi‘l/m(é’f) Z Wi‘l/mﬂ(é’j)'

4.3. Fast Hypotheses Rejection Method

The two-phase hypotheses generation method has sig-
nificantly reduced the search space. Despite this, the search
space may still be exponentially large. Hence an intelli-
gent method to perform fast and accurate extraction of the
objects’ trajectories based on the hypotheses generated is
needed to ensure computation efficiency and tracking accu-
racy. We propose the following fast hypotheses rejection
method based on the global information accumulated.

We perform a breath-first transversal of the connected
graph G obtained from Sect. 4.2. In the first step, we re-
ject the false hypotheses in Y(gy). It is most likely that the
edge e/, gr € T'(g;) and g; € Y(gi), with the highest weight
will be the optimal hypothesis among the hypotheses in set
Y (gx). Consequently, after identifying egi, we can accu-
rately determine the false hypotheses in Y(g;). Thus, we
reasonably assume egi is a valid hypothesis if there are no

path graphs g; € Y(gi) in which w§, > w}/ i.e.

& LifVig; fgi, gi € Y(gk), wir > wi ©)
8k 0 otherwise

In the second step, we update the hypotheses in I'(gy).
Clearly, the most likely hypothesis in I'(gg) is g;, where

wht = max (W?((gk))' Hence, the next best hypothesis should

not have any overlap in its frame number with g;. We de-
note the set of valid hypotheses in I'(gy) as @, & C I'(g;)



koo k k k
PF = P U<I>2~~~U<I>|r<gk)| (@)
Fm(gk) lnglvgl S {q)k7"' 7(1917{}171}7
o, = P(gi) NP (Tn(ge)) =0 ®)
0 otherwise

Let g, be the path graph that has the closest temporal
relations with g, g, € &, In order to achieve continuous
tracking of the object, g, must be connected to gx. We main-
tain the possible hypotheses of the object by equ. (9).

T(gp) =T(gp)U(P* —gp) ©)

Clearly, our fast hypotheses rejection method achieves the
following two goals. Firstly, for each portion of an object’s

trajectory g, we identify its best hypothesis by relating the

Y(gx)l

hypotheses in the previous frames,{eg,:" (80) }‘ , with the

r
hypotheses in the later frames, {effm (gk)}lmim. This ensures

robust tracking. Secondly, the hypothesgs rejected in the
earlier part of an object’s trajectory will not be considered
when we reconstruct the later part of the object’s trajectory,
thus significantly reducing computation complexity. We ex-
tract the trajectories of the objects by transversing the path
graphs recreated after the fast hypotheses rejection method.

5. Experimental Results

Figure 2. a) Three persons, P,, P; and P, enter the scene.
b) Detect the merge of the trajectory of P, with that of Py. c)
Trajectory of P extracted following the split of its trajectory
from that of P4. Detect the merge of the trajectory of P3 with
that of P4. d) Trajectories of P, P; and P, extracted.

We test our multi-object tracking algorithm on five video
sequences with a variety of complex motion trajectories
such as occlusions and irregular object motions under lim-
ited to moderate perspective distortion. There are a total of
46 splits/merges in the trajectories of the objects. We de-
rived the thresholds of equ. (2) by using the first five to
fifteen frames of each video sequence. These frames con-
stitute less than 5% of each video sequence.

The only error case is the assignment of a new ID to
a previously detected person following his split from a
merged group. 4 such errors were found in the video se-
quence having moderate perspective distortion of the de-
tected moving regions. Analysis shows that due to per-
spective distortion, there are sharp changes in the features
of the regions in non-successive frames that are associated
with the same object. Hence, the region detected follow-
ing the split from a merged group cannot be matched to any
of its previously detected regions. On the other hand, our
algorithm achieves 100% tracking accuracy in the video se-
quences having limited perspective distortion.

One of our tracking results is shown in Fig. 2. We
obtain the original test video sequence from [8]. Due to
the variations of the lighting condition, pixels in the shad-
ows of the tracked persons are often wrongly detected as
foreground pixels. Despite this, we accurately recovered
the trajectories of the three individuals after multiple splits
and merges. Further demonstrations of our multi-object
tracking algorithm are available at http://perception.i2r.a-
star.edu.sg/AlexChia/ReDirect.html.

6. Conclusion and Future Work

In this paper, we present a novel multi-object tracking
algorithm based on multiple hypotheses about the trajecto-
ries of the objects. Given the detected moving regions of
the entire video sequence, we suggest a systematic way to
relate these regions by exploiting information in both pre-
vious and later frames. Experimental results validate our
multi-object tracking algorithm in which we reliably track
objects under occlusions, variations of the lighting condi-
tion, irregular object motions and multiple splits and merges
in video sequences having limited perspective distortion. In
the future, we plan to extend this algorithm to track multiple
objects over a continuous stream of data.
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