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ABSTRACT Complex scenarios, including miss detections, occlusions, false detections, and 

trajectory terminations, make the data association challenging. In this paper, we propose an 

online tracking-by-detection method to track multiple targets with unified handling of 

aforementioned complex scenarios, where current detection responses are linked to the 

previous trajectories. We introduce a dummy node to each trajectory to allow it to 

temporally disappear. If a trajectory fails to find its matching detection, it will be linked to 

its corresponding dummy node until the emergence of its matching detection. Source nodes 

are also incorporated to account for the entrance of new targets. The standard Hungarian 

algorithm, extended by the dummy nodes, can be exploited to solve the online data 

association implicitly in a global manner, although it is formulated between two consecutive 

frames. Moreover, as dummy nodes tend to accumulate in a fake or disappeared trajectory 

while they only occasionally appear in a real trajectory, we can deal with false detections 

and trajectory terminations by simply checking the number of consecutive dummy nodes. 

Our approach works on a single, uncalibrated camera, and requires neither scene prior 

knowledge nor explicit occlusion reasoning, running at 132 frames/s on the PETS09-S2L1 

benchmark sequence. The experimental results validate the effectiveness of the dummy 

nodes in complex scenarios and show that our proposed approach is robust against false 

detections and miss detections. Quantitative comparisons with other methods on five 

benchmark sequences demonstrate that we can achieve comparable results with the most 

existing offline methods and better results than other online algorithms.  

Index Terms—Multi-target tracking, complex scenarios. 

 

INTRODUCTION  

MULTI-TARGET tracking has a wide range 

of applications in the areas of video 

surveillance, robotics, video content  

 

understanding, etc. With rapid 

improvements of object detectors (e.g., 

HOG [1] and DPM [2]), tracking-by-

detection methods have received a lot of 
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research interests in recent years, where 

the tracking task is accomplished by 

finding correspondences among detection 

responses in different frames or temporal 

windows of a video to form a set of 

coherent trajectories. This is usually called 

data association. In this paper, we study 

the data association problem for online 

multi-target tracking through a single 

uncalibrated camera. When dealing with 

real-worlddata, complex scenarios must 

be handled to achieve appealing tracking 

results. On one hand, detection failures 

are inevitable, which include the miss 

detection where a target is misclassified 

as the background, the false detection 

where a background region is incorrectly 

recognized as a target, and the occlusion 

where an object is partially or fully 

invisible because of the limited camera 

view.Therefore,thereexistsmisalignmentbe

tweentrajectories and detections during 

the data association where not every 

trajectory or detection can find its 

correspondence. On the other hand, in 

real-world scenarios, targets may appear 

and disappear anytime and anywhere in 

the scene. We need to automatically 

tackle the initializations and terminations 

of trajectories to accommodate dynamic 

target changes. All these complex 

scenarios make the data association 

challenging. To deal with such complex 

scenarios, various algorithms have been 

proposed in the past decade. Detection 

failures are addressed by the continuous 

confidence output along with Particle Filter 

[3] and the explicit occlusion reasoning 

[4]. Alternatively, they can be addressed 

in a global temporal window using the 

network flow [5], high-order energy 

minimization [6], [7], and hierarchical 

data association [8], [9]. Furthermore, it 

is often assumed that new targets may 

enter or move out of the scene from some 

certain areas, e.g., the border of the 

camera view, in order to deal with 

trajectory initializations and terminations. 

However, these data association models 

are either difficult to estimate (e.g., 

explicit occlusion reasoning) from a single 

camera view [4], [5] or subject to high 

computational burdens [3], [6]–[10], 

restricting their adaptations to time-

critical scenarios (e.g., surveillance). 

Additional reliance on the scene prior 

knowledge may also limit their 

adaptability to wider application areas. 

Offline Multi-Target  

Tracking Offline methods solve the data 

association problem in a large temporal 

window or even the whole sequence. In 

[5], a method is proposed to model the 

multi-target tracking as a maximum-a-

posteriori problem (MAP) and trajectories 

are found by solving the min-cost flow in 

the cost-flow network. Occlusions are 
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handled by iteratively adding occluded 

object hypothesis into the network based 

on explicit occlusion reasoning. This 

method is extended in [12] to find the 

near-optimal solution, where each 

trajectory is sequentially recovered based 

on dynamic programming. High-order 

track smoothness constraints (i.e., 

constant-velocity in a path) are 

incorporated into the cost-flow network 

formulation and are iteratively relaxed 

using Lagrangian relaxation [13]. With the 

hierarchical association models proposed 

in [8] and [14], detection responses are 

first heuristically linked into tracklets (i.e., 

short trajectories). Affinity measures are 

then computed between tracklets to find 

optimal matchings among all tracklets in a 

large temporal window using the standard 

Hungarian algorithm [11]. Miss detections 

and occlusions are dealt with by linking 

two non-consecutive tracklets. In [14], 

the merge-split measurements are 

embedded into the optimal matching 

problem to better preserve the object 

identity. In a recent work [10], 

trajectories are iteratively obtained by 

finding the Generalized Minimum Clique 

Graph (GMCP) based on a hierarchical 

association framework, where each node 

corresponds to a detection response or a 

tracklet. Hypothetical nodes, whose 

appearance and motion attributes need to 

be explicitly computed based on the 

inliers/outliers estimations for each 

tracklet/trajectory, are iteratively 

incorporated into the graph to deal with 

miss detections and occlusions. In a latest 

work [15], data association of tracklets in 

a global temporal window is defined as a 

Generalized Maximum Multi Clique 

problem (GMMCP). To deal with miss 

detections and occlusions, dummy nodes 

are inserted for each clique. Moreover, 

aggregated dummy nodes are introduced 

to speed up the data association. To 

further achieve better performance, data-

driven approaches are also proposed to 

leverage machine learning algorithms to 

find the correspondences of detections or 

tracklets. In [16], affinity of each 

candidate correspondence pair is learned 

based on appearance features using the 

boosting algorithm. In addition to the 

appearance, motion patterns can also be 

online learned to achieve more robust 

performance [17]. In [9], the 

correspondence between two tracklets is 

modeled as a random variable. An online 

learned Conditional Random Field is 

exploited to find the optimal solution by 

considering pairwise constraints of 

correspondences. Minimizing high-order 

energy functions to find optimal 

trajectories is another popular research 

direction. A continuous energy is 

introduced in [6] to find the optimal 

trajectories by imposing several 
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constraints on the candidate solutions 

(e.g., mutual exclusion and target 

persistence). The energy functionis then 

extendedto the discrete-

continuousdomain[7] to simultaneously 

solve data association and trajectory 

fitting. In a recent work [18], more 

sophisticated constraints based on 

statistical properties of real trajectories 

are incorporated. In these 

approaches,miss detectionsand 

occlusionsare implicitly addressed by 

interpolation during the fitting of 

trajectories. 

Online Multi-Target  

Tracking Alternatively, Particle Filter is 

adopted for tracking multiple persons [3] 

only based on past frames. To avoid miss 

detections, the continuous confidence 

output is adopted. Since in real-world 

scenarios, people always interact with 

others and the environment, there also 

exist approaches that model social 

behaviors of pedestrians for morerobust 

tracking, especially when occlusions exist 

[19], [20]. Recently, two online multi-

target tracking approaches [4], [21] are 

presented. Wu et al. [21] propose to 

represent each detection by multiple 

patches, whose motion directions are 

estimated locally. The correspondence 

between a trajectory and a detection is 

estimated by examining the agreement of 

the global motion of the trajectory and the 

local motion of the detection. Possegger et 

al. [4] instead exploit the geometric 

information to find correspondences of 

trajectories and visible detections based 

on explicit occlusion reasoning and 

estimations of occlusion geodesics. Our 

proposed method falls in the online multi-

target tracking category. Compared with 

offline algorithms, our approach does not 

rely on future frames. Augmented with 

dummy nodes, our online data association 

can span multiple frames and be implicitly 

solved in a global manner. Therefore we 

can still achieve comparable results with 

most existing offline methods. Moreover, 

our dummy node is quite different from 

the hypothetical node of GMCP tracker 

[10] and dummy node of GMMCP tracker 

[15]. First of all, the hypothetical node of 

GMCP tracker and dummy node of GMMCP 

tracker are only designed to deal with 

miss detections and occlusions, while our 

approach is capable of handling complex 

scenarios, including miss detections, 

occlusions, false detections, trajectory 

initializations and terminations, in a 

unified way with the help of dummy 

nodes. Second, both the hypothetical 

node and dummy node in the above works 

are inserted in a global temporal window 

for offline multi-target tracking 

algorithms, while our dummy node is 

incorporated into the data association for 
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online multi-target tracking. Finally, 

appearance and motion features of a 

hypothetic node need to be computed 

based on the inlier/outlier estimations in a 

global temporal window, while our dummy 

node serves as an indicator of the 

invisibility of a trajectory only, leading to 

an efficient multi-target tracking 

algorithm. Compared with online models, 

deploying social behavior model for multi-

target tracking requires additional scene 

knowledge, e.g., ground plane estimation 

[19], annotations of obstacles and social 

groups [20], which can not be offered by 

a single uncalibrated camera. Among 

others, the most similar models to ours 

might be [4] and [21], which solve the 

data association problem between each 

two consecutive frames using the 

Hungarian algorithm [11] as well. Our 

proposed method differs from them on 

two aspects. On one hand, we require 

neither local motion estimation that might 

be time consuming nor explicit occlusion 

reasoning that might be ambiguous 

through a single camera view. On the 

other hand, we extend the standard 

Hungarian algorithm with dummy nodes, 

which offer benefits to handle not only 

miss detections and occlusions explicitly 

but also false detections and trajectory 

terminations cheaply. Moreover, 

compared with traditional particle filter-

based methods, our approach does not 

suffer from exponentially increasing 

complexity. 

CONCLUSION  

In this paper, we propose an online 

tracking-by-detection method for multi-

target tracking from a single uncalibrated 

camera. With proposed dummy nodes, 

complex scenarios including miss 

detections, occlusions, false detections, 

and trajectory terminations can be 

handled in a unified manner. Though data 

association is formulated between each 

two consecutive frames, it is implicitly 

solved in a global manner. Moreover, our 

proposed method does not require explicit 

occlusion reasoning, which might be time 

consuming and ambiguous from a single 

camera view, leading to an efficient multi-

target tracking method. It runs at 132 fps 

on the PETS09-S2L1 benchmark 

sequence. Last but not least, our proposed 

method does not necessarily rely on scene 

priors, e.g., the entrance and exit area of 

trajectories. Thus it has more wider 

applications. Quantitative comparisons on 

five benchmark sequences demonstrate 

that we can achieve comparable results 

with most existing offline methods and 

better results than other online 

algorithms. In Fig. 8, we present a failure 

case of our method. The association of the 

trajectory #17 in frame #532 fails to find 

its matching detection and finally drifts in 



BANU S R, et al, International Journal of Computers Electrical and Advanced 
Communication Engineering [IJCEACE]TM 
Volume 1, Issue 12, PP: 181 - 188, AUG - DEC’ 2017. 
 
 

 

 

 

 

International Journal of Computers Electrical and Advanced Communications Engineering 

                                               Vol.1 (12), ISSN: 2250-3129, AUG - DEC’ 2017                                  PP: 181 - 188                                                                                                                                            

     

frame #533. An ID switch is generated. 

This is because the motion cue in this case 

is not reliable and the appearance cue 

(color histogram) is not discriminative 

enough though these two targets look 

very distinct. This motivates us to adopt 

more powerful appearance cues, e.g., the 

online learned appearance model [16]. We 

leave this as our future work. 
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