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ABSTRACT
Real-time multi-object tracking is one of the most challenging
problem in computer vision. Based on integer linear programming (ILP) formulation for object tracking [1, 2], we propose
the greedy algorithm for real-time multi-object tracking. The
experimental result shows that the performance of the proposed algorithm is competitive to the previous state-of-the-art
algorithms on off-line video data, and its running time is also
sufficient for analyzing the tracks of object in real-time video
data.
Index Terms— real-time, multi-object, tracking, greedy
algorithm
1. INTRODUCTION
The main goal of object tracking is to estimate the trajectories
of objects in a given video data and it is one of the most challenging task in the field of computer vision. Object tracking
has used in various useful applications such as surveillance
[3], perceptual user interfaces [4], and driver assistance [5].
Typical approaches on object tracking is composed of two
distinguished parts: objects detection and data association.
Object detection mainly focuses on the localization of the interesting objects in the given frame. Various kinds of detectors are developed for the different kind of objects such as
pedestrians [6], faces [7, 8], and cars [7]. Data association
mostly deals with the dynamics of the object, learning the
priors of the scene. Recently, Zhang et al. [2] proposed an efficient global data association approach that can find the optimal maximum a posterior (MAP) estimates based on ILP formulation of multi-object tracking and the running time of the
solution was O(N 3 log 2 N ) where N is the length of the video
data. Pirsiavash et al. [1] presented an approximate greedy
algorithm whose running time is linear with the length of the
data and the number of track, i.e. O(KN ) where K is the
number of track. This is known as the state-of-the-art on the
analysis of multi-object in off-line video data. However, this
algorithm can estimate the tracks only in off-line video data
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Fig. 1. In this paper, an approach to estimate the variable
number of tracks given the detected objects in the real-time
video data is suggested.

and in reality, the current track must be identified in many
applications.
Our contribution is to propose greedy algorithm for realtime multi-object tracking based on ILP programming. Intuitively, to estimate multi-tracks in a particular frame given
the tracks in the previous frame is simply performed by determining whether existing tracks are proceeding or not, and
check that the existence of the new track. The algorithm suggested in [1] is incorporated in the proposed algorithm due to
the following three ideas:
1. The costs of the tracks can be updated every frame since
the algorithm is greedy manner.
2. Whether the existing tracks are proceeding or not is simply determined as well as the running time is reduced
since the costs of the tracks are cached.
3. The new tracks are estimated within affordable computational cost since the time complexity of the greedy algorithm is linear to the length of the video data.
We expect these intuitions can make us to derive the solution to find min-cost flow in real-time. The rest of the paper is
organized as follows. MAP inference for multi-object tracking is discussed in Section 2. The proposed greedy algorithm
for real-time multi-object tracking is described in Section 3.
Experimental Results are shown in Section 4. Conclusions
are given in Section 5.

2. MAP INFERENCE FOR MULTI-OBJECT
TRACKING
In this research, the formulation for estimating the tracks is
based on [1, 2]. The formulation is MAP for estimating the
tracks given the video data. The likelihood is depicted by
the appearance of the objects in the particular frame and the
prior is designed by the composition of how likely the track
is generated, transfered, and terminated. The details of the
model is described as follows.
2.1. MAP Inference
Let x be the random variable that indicates the location of the
particular object, as given by: x = (p, σ, t), x ∈ V, where p is
the position, σ is the scale, t is the frame index of the object,
and V is the set of all space-time locations. Then, a single
track and the set of tracks is defined as T = (x1 , x2 , ..., xn ),
and X = {T1 , T2 , ..., Tn }, respectively. Also, the set of features observed is denoted as Y = {y1 , y2 , ..., yn }.
Let assume that each track is independent of each other.
Then prior probability of each track is modeled as a Markov
chain defined by the product of the start probability Ps (x1 ),
the transition probability P (xn+1 |xn ), and the termination
probability Pt (xn ).
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We also assume that there is no overlap between tracks
(i.e. Tl ∩ Tk = ∅, ∀ l 6= k). The probability that how yx
is likely to be appeared in foreground and background are denoted as Pf g (yx ) and Pbg (yx ), respectively.
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In this model, the objective is to maximize posterior probability of the set of track X given the observation Y. The
equation of MAP is shown in following equation.
X ∗ = argmax P (X)P (Y |X)
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where
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cij = − log P (xj |xi ), ci = − log l(yi )
s.t. fij , fi , fis , fit ∈ {0, 1}
X
X
and fis +
fji = fi = fit +
fij

(10)
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In equation 8, E indicates the set of edges connecting
neighboring nodes and f = {fis , fi , fij , fit } is a set of binary variable that indicates whether the node is included in
the tracks X or not. As shown in the Figure 2, this problem is
considered as finding the min-cost flows from the start node
to the termination node. This implies the capacity of input
and output flows must be same for every node.
2.2. Approximate Dynamic Programming(DP) Solution
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Fig. 2. The example of the graph constructed by the detected
objects in three frames. Each node means the location of the
object, and the costs are assigned on each edge. Black edges
are csi or cti , red edges means ci , and blue edges denotes cij .
Edges are connected from start node to termination node, and
the objective is to find the min-cost flows from start to termination without the prior information on the number of flows.

(7)
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Note that Z is negligible since it is a constant. The equation

In Pirsiavash’s work [1], DP that finds suboptimal solution
was suggested. Firstly, we assume the number of tracks is
one, i.e. K = 1. Since the graph is DAG, the min-cost flows
can be calculated along the frame. Let si be the minimum
cost from the start node to node xi . Then si can be calculated
recursively with following equation: si = ci + min(π, csi )
where π = minj∈N (xi ) cij + sj and N (xi ) is the set of nodes
which can transition to node xi . Once the costs of all nodes
are calculated, then update si = si + cti . Finally choose xi
which minimizes the objective function and reconstruct the
shortest path to each node by backward sweeping of frame.
When K > 1, the variable number of tracks can be simply
estimated by using DP introduced above. Given the graph,
find the shortest path using DP. If the cost of the path is negative, construct residual graph that the shortest path is removed
from the original graph, and then repeat DP. This algorithm

Algorithm 1
Greedy algorithm for real-time multi-object tracking
1: Definition:
2: Initialize the graph G = ∅, and the tracks X = ∅
3: while frame t in the given video do
4:
Add xt to G
5:
Calculate st of G using DP
6:
while argmin sjt < 0 do

(a)

(b)

(c)

(d)

j

7:
Let Gr = G
8:
if ∃ l s.t. Pjt (t − 1) ∈ Tpl then
9:
Tpl ← Tpl ∪ xjt
10:
Gr =Build the residual graph (Gr , Tpl )
11:
else
12:
Tp ← Tp ∪ Pjt
13:
Gr =Build the residual graph (Gr , Tp )
14:
end if
15:
Update st of Gr
16:
end while
17:
G = Build the residual graph (Gr ,Tt )
18: end while
19: Output: Tracks X = {T1 , T2 , .., TK }

instances K tracks which minimizes the objective function
and will stop at (K + 1)th iteration. The computational complexity of approximate DP is O(KN ). Moreover, whenever
si is calculated, it is cached so when we construct residual
graph. Thus every nodes are not necessarily be calculated
again, but only the nodes included in the shortest path are updated.
3. PROPOSED GREEDY ALGORITHM FOR
REAL-TIME MULTI-OBJECT TRACKING
Approximate DP can find the sub-optimum of the variable
number of tracks given the off-line video data. However, there
is a limitation on approximate DP that global video data even
in future is needed to estimate multiple tracks in particular
frame. Fortunately, approximate DP has several advantages
to reduce computational complexity as follows: its time complexity is linear with O(KN ), and sjt calculated by DP is
cached, so when remove the track from the graph, only minor
changes on sjt is performed.
In order to estimate the tracks in real-time, it is important
to reduce time complexity. In this approach, we utilize the
tracks found in frame (t − 1) to estimate the tracks in frame
t. The main idea of greedy algorithm for real-time multiobject tracking can be summarized as to elongate the existing tracks, to find new tracks, and to eliminate the terminated
tracks. Now the detailed algorithm will be explained.
Let xt = {x1t , ..., xJt }, where xjt represents that the j th
node in tth frame, st = {s1t , ..., sJt } where sjt indicates the
min-cost from the start node to xjt and X = Tp ∪ Tt , where
Tp = {Tp1 , ..., TpP } are the proceeding tracks and Tt =
{Tt1 , ..., TtT } are the terminated tracks such that P + T = K.

Fig. 3. When the tracks in the graph at t = 2 is given, how
greedy algorithm for real-time multi-object tracking find the
tracks at t = 3 is illustrated. The edges constructing the residual graph is assigned to solid line. Edges in the track, the candidate shortest path and remaining edges are denoted as red,
blue, and black, respectively. The discarded edges which are
connected to the nodes in the tracks or in the terminated track
are marked as dashed line. (a) Given the graph and tracks at
t = 2, (b) nodes and edges at t = 3 are added to the graph.
(c) For each node at t = 3, calculate s3 and Pj3 . (d) Lastly, if
any of Pj3 meets the condition to be a track, then it is assigned
to be a track.
Whether the track Ti is proceeding or terminated at frame t0
is defined is given as follows:
 p
Ti (t0 )
∃ l s.t. xlt ∈ Ti (t0 ).
Ti (t0 ) =
t
otherwise
Ti (t0 )
Let Pjt be the shortest path from birth to xjt and accumulated cost be sjt . The node of Pjt in frame t0 is denoted as
Pjt (t0 ). Residual graph Gr is the graph of which some tracks
are removed from the original graph G. The greedy algorithm
for real-time multi-object tracking is illustrated in Algorithm
1 and Fig. 3.
Whenever any of Pjt is assigned to be a track, Pjt is removed
from the graph and the costs of edges in residual graph Gr
should be updated. Instead of updating the whole residual
graph, only connected edges to the removed track are updated
since we cached the costs. It much reduces the running time
and new tracks are found in the computation time with O(Kt )
where Kt is the number of tracks at frame t. Furthermore, we
can reduce the size of the graph by eliminating the terminated
tracks.
4. EXPERIMENTAL RESULTS
The dataset and implementation details are almost same to
the work done by [1]. We engage ETHMS dataset [9] which
contains scene of a crowded sidewalk as seen by a camera
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Fig. 4. The result of the proposed algorithm on the real-time video data is shown in (a), once the whole video data is analyzed,
the found tracks are shown in (b), and the tracks found by DP is shown in (c). Since the length of the emerging track is short in
real-time data, track ID 119 in (b) is not shown in (a). It is notable that the estimated tracks are equivalent in (b) and (c)
Algorithm
Stereo algorithm [9]
Algorithm with occlusion
handling [2]
Two-stage algorithm with
occlusion handling [10]
DP [1]
DP + NMS [1]
Proposed algorithm
Proposed algorithm +
NMS

Detection rate
47
70.4

FPPF
1.5
0.97

75.2

0.94

76.6
79.8
71.08
70.8

0.85
0.85
0.56
0.32

Table 1. Detection rate and FPPF of the proposed algorithm compared to the previous state-of-the-art is presented.
The detection rate is lower than the previous work, but FPPF
shows the best performance.
mounted on a child stroller. Although this dataset contains
both left and right views to facilitate stereo, only the left view
in our experiments is used. The dataset contains four videos
of roughly 1000 frames each, captured at 14 FPS. This includes bounding box annotations for people. The ETHMS
video data with 999 frames is used and detections smaller than
24 pixels is ignored as performed in as [1, 2].
All experiments are performed on an Intel i5-2.6GHz, 8GB
RAM on MATLAB under Mac OS.
4.1. Implementation details
A pretrained part-based HOG pedestrian detector [11] is used
with a non-maxima suppression (NMS) threshold, generating
around 1000 detections per frame of each video. The cost ci
of each detection is set to be the negative score of the distance
from the decision boundary of an SVM.
We employ a bounded-velocity dynamic model defined as
the transition cost cij to be 0, but only connect candidate windows across consecutive frames that spatially overlap. Birth
and death costs (csi , cti ) are assigned to be (3,3). An additional NMS step within our greedy algorithm is applied to the
experiments.

4.2. Experimental results
Detection rate and false positives per frame (FPPF) are defined for our primary evaluation criteria. These criteria allow
us to compare with previous works for the fair comparison.
We collected the estimated tracks for each frames to produce
a video sequence.
The detection rate versus FPPF is shown in Table 1 with
previous researches [2, 9, 10]. Proposed algorithm showed
lower detection rate, but it outperforms than any other previous on FPPF. The performance of the proposed algorithm is
competitive with other previous algorithms on off-line video.
This is notable result since the proposed algorithm analyze
the video in real-time while the previous algorithms still need
the whole video data.
To enable the estimate of tracks in the video data in realtime, the proposed algorithm should be performed within FPS
of the given video data. The running time per frame of proposed algorithm, and if NMS is added, is 0.017 (sec), and
0.047 (sec), respectively. In other words, The proposed algorithm with or without NMS can be performed on the video
data of which FPS is up to 58.8 and 21.3. Whether when we
engage or not NMS to enhance the performance, running time
meets 14 FPS of the given video data.
Qualitative results of the proposed algorithm and DP are
displayed in Figure 4. The result of the proposed algorithm
is shown in (a), once the whole video data is analyzed, the
found tracks are shown in (b), and the tracks found by DP is
shown in (c). Since the length of the emerging track is short
in real-time data, track ID 119 in (b) is not shown in (a). It is
notable that the estimated tracks are equivalent in (b) and (c).
5. CONCLUSION
We presented the greedy algorithm for multi-object tracking
in real-time video data based on ILP formulation. Unlike previous algorithms which estimates in off-line video data, the
proposed algorithm can estimate real-time video data. The
result shows that our algorithm performs competitively with
previous research while other algorithms are performed in offline video. Our model will be further improved once occlusions between objects is considered.
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