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Abstract - Multiple Object Tracking (MOT), or Multiple Target Tracking (MTT) plays a vital role in computer 

vision. The objective of this paper is to identify multiple objects in various scenarios. In this paper, the objects 

in the video are identified and tracked using Discriminative Correlation Filter. The proposed method is tested 

on publicly available datasets: TUD Campus, TUD Crossing, TUDStadtmitte and PETS2009 S2-L1 datasets. 

The experimental results are compared with recent multiple object tracking methods. It is substantially proved 

that the proposed method achieves better performance when compared to other methods. 
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I. Introduction 
There have been various researches on the tracking of objects from video sequences over the last two 

decades. The interest of multiple object tracking is motivated by numerous applications such as surveillance, 

video conferencing, man-machine interfaces, and sports enhancement. In the conventional methods, the process 

of MOT can be carried out in two ways, such as data association and state estimation. The task of MOT is to 

identify multiple objects, yielding their individual trajectories and maintaining their identities for a given input 

video[1]. 

Objects to track can be, pedestrians on the street, vehicles in the road, and sports players on the court or 

groups of animals [2-4]. Multiple objects could also be viewed as different parts of single object[5]. In this 

paper, pedestrian tracking is mainly focused. The reason behind this research is threefold. First, compared to 

other common objects in our environment, pedestrians are typical non-rigid objects, which is an ideal example 

to study the MOT problem. Second, videos of pedestrians arise in a huge number of practical applications, 

which further results in great commercial potential. Third, according to all data collected, at least 70% of current 

MOT research efforts are devoted to pedestrians. 

MOT lands high-level tasks such as pose estimation, action recognition, and behavior analysis [6-8]. 

Compared with Single Object Tracking (SOT), which primarily focuses on designing sophisticated appearance 

models and/or motion models to deal with challenging factors such as scale changes, out-of-plane rotations and 

illumination variations, MOT additionally requires two tasks to be solved: determining the number of objects, 

which typically varies over time, and maintaining their identities. Apart from the common challenges in both 

SOT and MOT, further key issues that complicate MOT include:1) frequent occlusions, 2) initialization and 

termination of tracks, 3) similar appearance, and 4) interactions among multiple objects.  

Many researchers concentrated on MOT in video using different methods. Early work by J. Berclazet 

al. [9] has developed a method for MOT with K-shortest path optimization to track the object, which is difficult 

to handle intersecting trajectories. Additional work by X.Zhou et al. [10] dealt with the improved spatial color 

appearance with interferences using Gaussian Mixture Probability Hypothesis Density (GM-PHD) filter, in 

which computational cost is high. Then, to improve the confidence of sampling and perform the iteration 

effectively, X. H.Xia et al.[11] have implemented the Markov chain Monte Carlo-based multi-object visual 

tracking method. W. Hu et al. [12] addressed the multi-feature joint sparse representation to automatically focus 

the visible parts of an occluded object, in which many parameters need to be set and the semantic corrections 

between the different features are not modeled. 

I. Ali and M. N. Dailey [13] have developed the confirmation-by-classification method to detect and 

track multiple humans in high-density crowds in the presence of extreme occlusion. To capture the 

interdependence of multiple influence factors, X. Liu et al. [14] implemented the discriminative structure 

prediction model. To capture both the global and local spatial layout information, Log-Euclidean Riemannian 
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Subspace and Block-Division approach was developed by W. Hu et al. [15], in which detections was not 

flexible for high level environment change. 

In this paper, we present an approach for tracking of multi-objects in video using discriminative 

correlation filter. The proposed method is tested with datasets containing multiple occlusions, multiple human 

with different locations. The results are analyzed and compared with recent MOT methods. 

The remaining of the paper is organized as follows. Section II describes the overall System 

Architecture. The experimental results are analyzed in Section III followed by conclusion in Section IV. 

 

II. System Architecture 
In this section, the proposed multiple object tracking system and its components are presented. Firstly, 

the system receives the video sequences from a video monitoring system such as CCTV or web camera. The 

next step is object detection which involves detecting the objects of interest from the first video frame. This step 

involves applying some background subtraction techniques after performing some preliminary preprocessing 

methods to remove the noise. The basic idea of background subtraction is subtracting a predefined background 

model frame from the current frame to identify the moving objects. Several advanced background subtraction 

methods have been introduced in the literature which is insensitive to external environmental conditions such as 

noise. These include approximate median, running Gaussian, and mixture Gaussian methods. After detecting the 

objects of interest, the next step in a visual object detection system is called object tracking which involves 

finding the location of the object in the subsequent video frames. 

Over the years, tracking-by-detection methods have become great interest among the researchers for 

various visual object tracking tasks, because of their excellent tracking performance.  In the object tracking task, 

the tracker needs to estimate the location of the bounding box of the object within each frame of the video 

sequence. These methods model the target localization problem as a classification problem. 

 

 
Fig. 1 System Architecture 

 

Initially, the target’s bounding box or tracking window is selected either manually or automatically. In 

the manual case, a supervisor marks the rectangle boundary (left, top, right, and bottom) of the target object of 

interest. Whereas, in the automatic setup as in the proposed system, the prior object detection method outputs 

the boundary of the target. The discriminative correlation filter used in this work is based on the tracker 

proposed in [16]. The object tracking task is performed using these three steps: 1) after selecting object 

boundary, a correlation filter is trained using image patch cropped from the first frame; 2) in the subsequent 

frames, the target is tracked by correlating the trained correlation filter over a search window. The window 

location which gives maximum correlation output is marked as the new location of the target; 3) finally, based 

on this new location, an online update of the correlation filter is performed. Steps 2 and 3 are repeated for all the 

frames in a video sequence. 
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III. Experimental Results 
The proposed method is tested on a variety of challenging video datasets: TUD Campus, TUD 

Crossing, TUD Stadtmitte and PETS2009 S2-L1 [17]. These datasets are very challenging for several reasons. 

First, they have walking pedestrians in an outdoor environment hence lighting conditions are perfect. Second, as 

it covers vast area, people get very small when they are far from the camera making their tracking more 

challenging (PETS2009 video). Then, in TUD dataset, targets have a similar size and they walk with similar 

speeds. However, targets are frequently occluding each other (heavy inter-object occlusion) and are occluded by 

static objects. To obtain the detections, we use the detections originally provided with the videos [17]. The 

details of each dataset are given in Table 1. 

 

Table 1 Details of dataset 
Sequence # frames Persons Resolution 

TUD-CAMPUS 71 Up to 6 640x480 

TUD-CROSSING 201 Up to 8 640x480 

TUD-STADTMITTE 179 Up to 8 640x480 

PETS2009-S2-L1 795 Up to 10 768x576 

 

Two performance metrics are used to evaluate the performance of the proposed MOT system as used in [18]. 

They are explained as follows. 

(a) Multiple Object Tracking Accuracy (MOTA): It is one of the widely used evaluation metrics for 

multiple object tracking applications. It is defined as below. 

                                                  ---------------- (1) 

 

(b) Multiple Object Tracking Precision (MOTP): The MOTP is defined as below. 

 

                                             --------------- (2) 

The proposed method is compared with recent state-of-the-art MOT algorithms. Among the compared 

approaches, a first category studied MOT with the aim of improving detection responses using model-free 

tracker [17,19], a second category aimed to ameliorate the data association technique [21-22], and a third 

category aimed to improve the appearance model [23-25]. The results are obtained from the authors’ papers. 

The experimental results are shown in Table 2. In general, for all the performance metrics, the 

proposed method outperforms other object trackers by achieving up to 85% of MOTA. Our MOTA are often 

higher than in the previous results. On PETS2009-S2-L1, TUD-Campus and TUD-Crossing, the proposed 

algorithm outperforms the tracking by detection method of Breitenstein et al. [22]. On the other hand, on 

TUDCampus and TUD-Crossing, we perform better than Riahi et al. method [28]. The proposed method also 

outperforms the tracking system proposed by [29]. On TUD-Stadtmitte and PETS2009-S2-L1, we achieved 

better MOTA than Segal et al. [23] MOT algorithm. It is possible to observe that our MOTA is higher than 

Dorra et al. [30] Furthermore, the proposed method is better than Yang et al. method [26] which includes 

background subtraction to handle occlusion.  

Table 2 Results comparison of the proposed method with other methods 

Dataset Method MOTA (%) MOTP (%) 
False Negative 

(%) 

False Positive 

(%) 

TUD-CAMPUS 

Proposed 78.7 70 0 10 

Dorra, [2014] 78.18 69 0 13 

Riahi, [2014] 72 74 25  2 

Breitenstein, [2011] 73 67 26 0.1 

TUD-CROSSING 

Proposed 79 68 0 7 

Dorra, [2014] 78 66 1 8 

Riahi, [2014] 72 76 26 1 

Breitenstein, [2011] 84 71 14 1 

Andriyenko, [2011] 63 75.5 -  - 

Pirsiavash, [2011] 63.3 76.3 - - 

Tang, [2014] 70.7 77.1 - - 

Segal, [2013] 74 76 - - 

TUD-

STADTMITTE 

Proposed 69 55 12 1 

Dorra, [2014] 67 57.26 26 6 

Andriyenko, [2011] 60.5  

 

66 - - 
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Milan, [2013] 56.2 62 - - 

Segal, [2013] 63%  73 - - 

Milan, [2014] 71 65.5  - - 

Andriyenko, [2012] 61.8 63.2  - - 

PETS2009-S2-L1 

 

Proposed 85 69 11 3 

Dorra, [2014] 84 66 13 2 

Yang, [2009] 76 54 - - 

Breitenstein, [2011] 80 56 

 

- - 

Andriyenko, [2011] 80 76 - - 

Berclaz, [2006] 60 
 

66 - - 

Fuhr, [2014] 70 - - - 

Milan, [2014] 90 80 - - 

Sherrah, [2013] 81.3 74.4 - - 

Bae, [2014] 80.34 69.72 - - 

Bae, [2014] 83 69.59  - - 

 

IV. Conclusion 
In this paper, we proposed a novel object tracking method for video sequences. The proposed method 

is capable of tracking multiple objects under different challenging scenarios such as illumination variation, 

occlusion, and low resolution. We evaluated the proposed method using different challenging real world 

benchmarking video sequences. The performance of the system was evaluated using two accuracy metrics. The 

experimental results show that the proposed object tracking method is able to accurately track the targets except 

a case when some obstacles completely hide the objects.  
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