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Abstract - The objective of our project is to provide robustness of multi-object tracking. We propose a multi-object tracking 
algorithm with temporal-spatial information and trajectory of confidence. The whole process is divided into local and global 
association. Trajectories with high confidence are associated with the detection result of the current frame during local 
association , whereas trajectories with low confidence are associated with the detection results of the current frame are not  
matched during global association. A combined model is to determine association results with help of information of spatial 
temporal correlation. Using this model can provide more robust and can also deal with missed detection. The reliability is 
measured using the confidence map smoothing constraint and peak side lobe ratio criteria. Our proposed model is more 
superior over the many existing algorithms and poor tracker robustness. 
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I. INTRODUCTION 

 

Multi-object tracking aim is to estimate the state of 

multiple objects while preserve their changing 

appearance and motion characteristics over time. 

Multi-object tracking has a wide range of 

applications, such as video surveillance, motion 

analysis, anomaly detection, robot navigation, and 

automatic driving. Owing to the rapid development of 
target detection [1], tracking-by-detection methods 

has achieved very reliable test results and exhibited 

good performance even in complex environments. 

This method associates all detection results obtained 

by detection to generate the trajectories of objects and 

can be roughly divided into steps, namely batch 

processing and online processing. Recently, these 

technologies [2] have significantly improved, 

eliminating the problem of blurs in association and 

detection failure. Initially, batch-tracking [6],[7] 

methods usually acquire all detection results of video 
sequences, and connect them together to generate a 

short trace of target objects. Then, these short traces 

can be associated globally to form complete target 

trajectories. Thus, the global association is critical 

during the progress. As a result, the use of batch 

process methods does not easily solve the problem of 

real-time applications in multi-object tracking. The 

confidence of the trajectories may decrease when 

objects are blocked, and detection is lost during 

detection; hence, global association is still needed to 

connect these fragments of low confidence to form 

complete trajectories. The connection process during 
the above two steps can be achieved by establishing 

the combined model using an appearance model, 

motion model, and constraints of shapes. we apply 

spatial and temporal information to the combined 

model. For the problem of tracking, temporal 

information refers to all of the objective information 

of prior frames, while spatial information refers to 

local target and surrounding regions in the 

background. Most local spatial information remains 

unchanged between two adjacent frames owing to the 

small neighboring time intervals. spatio-temporal 

information using the confidence map smoothing 

constraint and the peak sidelobe ratio criterion. 

 

II. EXISTNG MODEL 

 

GAUSSIAN MIXTURE MODEL 

The Gaussian mixture model is a single extension of 

the Gaussian probability density function. As the 

GMM can approximate any smooth shape of the 

density distribution, so often used in image 

processing in recent years for good results. Assuming 

the Gaussian mixture model consists of and the 

combination of Gaussian probability density function, 

the Gaussian probability density function of each has 

its own mean, standard deviation, and weight, the 

weights can be interpreted by the corresponding 
Gaussian model of the frequency, they more often 

appear in the Gaussian model the higher the weight. 

The higher frequency of occurrence, then find the 

maximum weight on the Gaussian probability density 

function, finally, the Gaussian probability density 

function of the means pixel value is background 

image. 

 

A. Background model  
Background subtraction  is one of the most common 

method of object segmentation, this process contains 

two steps: background and update model. The basic 
theory of the Gaussian mixture model is as long as 

the number of Gaussian mixtures, an arbitrary 

distribution can be in any of the precision is mixed 

with a weighted average of these Gaussian 

approximation. 

P(Xt)=∑ ωi,t K i=1 ∗η(Xt,μi,t,Σi,t)            (1) 

where K is the number of distributions , ωi,t is an 
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estimate of the weight, μi,t is the mean value , Σi,t is  

the covariance  matrix , and where η is a Gaussian 
probability density function 

η(Xt,μi,t,Σi,t)=1(2π)π2|Σ|π2ℯ −1 

2(Xt−μt)TΣ−1(Xt−μt)          (2) 

these parameters determine the characteristics of this 

density function, such as the center of the function 

shape, width and direction and so on. 

 

B. Background update  
The known algorithms, if not updated, the step 

operation time will be very long, we must use the 

iterative method to update the mean, standard 

deviation and the weight to reduce the time required. 
New steps before must set the basic parameters, as we 

select the number of Gaussian components 

C=3,Number of background components are M=3, 

Positive deviation threshold D=2.5, learning rate 

between 0 to 1, in this paper we set 

α=0.05,foreground threshold =0.4. The gain weight 

,mean and  standard deviation are updated by using       

ρ=αWi,j,k 

Wi,j,k=(1−α)Wi,j,k+α 

μi,j,k=(1−ρ)i,j,k+ρ∗In 
σi,j,k=sqrt[(1−ρ)σi,j,k 2 +ρ(In−μi,j,k)2]           (3) 

Although the computational complexity of the GMM 

is high, but it can provide better results. If new 

entrants cannot be matched to any pixel of a Gaussian 

probability density function, update the pixel value of 

mean, then initialize the weights and the standard 

deviation. 

 

III. MULTIPLE OBJECT TRACKING 

 

The task of multiple object tracking refers to the 

detection and tracking of moving objects (of a 
particular category) in a scene. This task is usually 

tackled in two steps : 

 Detecting Objects : An object specific 

detector is applied to obtain detection 

hypotheses in a video. 

 Data Association : Detection hypotheses are 

associated to compute trajectories for 

objects. 

 

An object trajectory refers to a time ordered set of 

object detections. In this thesis, we focus on the data 
association aspect of a multiple object tracker. Video 

volume opens up new perspectives in object tracking. 

Recent tracking approaches in the state-of-the-art 

report the usefulness of video volumes in managing 

occlusions and maintaining precise trajectories for 

objects. Figure shows an object detector’s response 

(a.k.a. detection hypotheses) on an image frame. 

Spurious and missed detections along with imprecise 

localizations are the main challenges for multiple 

object tracking. Detection hypotheses form 

interesting spatiotemporal patterns (e.g. cliques in 

[Zamir 2012]) and in the recent past there has been an 
increase in interest in finding these patterns to 

compute object trajectories. 

Multiple object tracking using efficient graph 
partitioning Another contribution of this thesis is in 

the domain of multiple object tracking. We conduct 

trajectory computation on a video volume. An off-

the-shelf person detector is used to obtain probable 

locations of persons for all frames of this volume. A 

graph is formed with detections hypotheses as the 

nodes, and suitable edges are incorporated to encode 

suitable affinity functions using spatio-temporal cues. 

The multi-object tracking is then modeled as a graph 

partitioning problem, such that a part corresponds to 

trajectory of a person. 

 
This thesis brings out following contributions in this 

domain: 

 Formulating tracking as an energy 

minimization problem, wherein the natural 

constraints of object tracking are dealt in a 

principled manner. 

 A computationally efficient combination of 

optimizers to achieve a near real time 

tracking performance, along with 

maintaining competitive results with the 

state-of the art. 
 

Tracking algorithms can be broadly divided into two 

categories: online and batch-based. Online methods 

infer the object state using the current frame and the 

previous ones; this can be achieved for instance with 

particle filtering [Breitenstein 2009, Okuma 2004]. 

On the opposite, batch-based tracking considers the 

entire temporal sequence at once, or at least a 

significant part of it (hundreds of frames). Such 

methods are also referred to as 

 

 
Figure 1 : Multiple Object (Person) Tracking. 

 

The labels for each bounding box is the unique 

identity of a person. Dotted points show the 

trajectories of bounding boxes in a few previous and 
successive frames.global trackingin the literature. A 

detailed survey on online tracking methods and their 

parameter adaptation to various videos can be found 

in [Chau 2012]. Global tracking should be in 

principle less prone to ID switches (confusion of 

several different persons) than online approaches, and 

provide better occlusion management as they have 

both present and future frames available to determine 

the state of objects. This extra information brought by 

the 2D+T volume has led to the development of many 

different approaches utilizing all kinds of color and 
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motion cues, as well as many different optimization 

methods. Our approach belongs to the class of batch-
based tracking, and hence we focus on the related 

work in the realm of batch-based tracking. 

 

IV. EVALUATING THE PROPOSED 

TRACKER 

 

It is imperative to evaluate a proposed tracker w.r.t. 

the state-of-the-art approaches. This calls for the need 

of expressing the quality of tracking. Multiple object 

tracking has been an intensive area of research and 

hence several evaluation metrics already exist in the 

literature. For our evaluation purposes, we use the 
metrics proposed by [Li 2009] 1 and [Bernardin 

2008]. Evaluation metrics by [Li 2009], provided 

below, focus on measuring the quality of output 

trajectories. 

 Recall: percentage of correctly matched 

detections w.r.t. total detections in ground 

truth. 

 Precision: percentage of correctly matched 

detections w.r.t. total detections in tracking. 

 FAF: average false alarms per frame. 

 GT: Number of trajectories in groundtruth. 

 MT: Ratio of mostly tracked trajectories, 

which are successfully tracked for more 

than 80% of their groundtruth time span. 

 ML: Ratio of mostly lost trajectories, which 

are successfully tracked for less than 80% of 

their groundtruth time span. 

 IDS: Number of times a tracked trajectory 

changes its matched id. 

Another set of widely adopted metrics is from 

[Bernardin 2008]. It comprises two metrics namely 

Multiple Object Tracking Accuracy (MOTA) and 
Multiple Object Tracking Precision (MOTP). These 

two metrics from [Bernardin 2008] are also popularly 

referred to as CLEAR MOT metrics. 

 

Workflow Algorithm 

If object iappears at frame t, the binary function is set 

as vi(t) D 1; otherwise, vi(t) D 0. If vi(t) D 1, the state 

of object iis represented as xi where pit, sit, and vit 

indicate the position, size, and speed, respectively. 

The state of object iuntil frame t is expressed as T. 

where tis and tie represent thestart and end frame 
numbers of object iduring the trajectory. In addition, 

T1Vt represents all traces of the video sequence until 

frame t. Similarly, zit stands for the detection 

resultsof object iat frame t, and Z1Vt represents all 

test results of the video sequence at frame t. Online 

multi-object tracking can be considered as to involve 

seeking the optimal solution of T1Vt , and 

maximizing the posterior probability with given Z1Vt 

. 

𝑇 1:𝑡
𝑀𝐴𝑃 = arg max𝑇1:𝑡

𝑝(
𝑇1:𝑡

𝑍1:𝑡
)                    (4) 

It is impossible to solve equation directly because of 

the numerous possible combinations of Z1Vt . 

However, it can be resolved into an equation of the 

trajectory of confidence. 

 

A. TRAJECTORY OF CONFIDENCE 

The confidence of the trajectory can be intuitively 

understood as the similarity between the candidate 

trace and the real one. Trajectories with high 

confidence should meet the following requirements: 

(1) Length of trajectory: a short trace is more likely to 

be unreliable, while a long one is more likely to be 

the correct object trace; (2) Occlusion: a trajectory 

that is severely blocked by other traces should not be 

considered a reliable result; (3) Combined model: a 

trajectory that matches the test results with a high 
score is a more reliable result. 

Based on the above requirements, the trajectory of 

confidence can be modeled as 

𝑐𝑜𝑛𝑓 𝑇𝑖 = (
1

𝐿
 ∩ (𝑇𝑖 , 𝑧𝑘

𝑖 ))

𝑘∈ 𝑡𝑠
𝑖 ,𝑡𝑒

𝑖  ,𝑣𝑖 𝑘 =1

 𝑋 𝑚𝑎𝑥((1

+ 𝛽. 𝑙𝑜𝑔((𝐿 − 𝑤)/𝐿)),0) 

                                                                            (5) 
Where L is the base of T i, namely the length of the 

trajectory, with the formula expressed as L D jTij. ! 

represents the missing frames due to blockages by 

other objects or unreliable test results. The first item 

in the Equation is the score of the combined model 

between trajectories and detection results; a high 

value implies a high degree of trajectory confidence. 

We define the combined model below. The second 

item in the Equation implies that a short trajectory 

length or congested scenario can reduce the 

confidence with a control parameter, which depends 

on the detection performance. It is set to a large value 
when the detector has a high accuracy. 

 

B. TRAJECTORY OF ASSOCIATION 

In order to solve the problem of multi-object tracking 

effectively is combined with the trajectory of 

confidence multi-object tracking problems are 

divided into two parts. First, trajectories with high 

confidence are associated with detection results that 

are provided online, namely local association. Then, 

trajectories with low confidence are associated with 

other trajectories and detection results that are 
unmatched in the current frame, namely global 

association. In the global association, trajectories with 

low confidence are likely to be short fragments. 

Therefore, they should be associated with the other 

trajectories and detection results that are unmatched 

in the current frame. Suppose there are h and l 

trajectories with high and low confidence, 

respectively, as well as n detection results that are 

unmatched. In addition, threshold is still used during 

local association. The minimum optimal cost of 

global association is calculated using the Hungarian 

algorithm, and is applied to the updated trace and 
confidence value. 

http://iraj.in/


International Journal of Electrical, Electronics and Data Communication, ISSN(p): 2320-2084, ISSN(e): 2321-2950 

Volume-7, Issue-3, Mar.-2019, http://iraj.in 

Multi-Object Tracking in Videos using Advanced Learning Spatio-Temporal Information 

 

22 

𝑇1:𝑡
𝑀𝐴𝑃 =  𝑎𝑟𝑔 max

𝑇1:𝑡

 𝑝(𝑇1:𝑡/𝑇1:𝑡
( 𝑖)

,𝑇1:𝑡
(𝑙𝑜 )

) 𝑋 𝑝(𝑇1:𝑡
(𝑙𝑜)

/𝑇1:𝑡
( 𝑖)

, 𝑍1:𝑡)𝑑𝑇1:𝑡
( 𝑖)

𝑑𝑇1:𝑡
(𝑙𝑜)

 

                                                                            (6) 

During local association, trajectories with high 

confidence Ti(hi) are allied with detection results that 

are provided online Zt. If the number of trajectories 

with high confidence is h and the detection results are 

n in frame t, then the score matrix Shnis defined as 

𝑆 =  [𝑠𝑖𝑗 ] 𝑥𝑛, 𝑠𝑖𝑗 =  −𝑙𝑜𝑔(∩ (𝑇𝑖( 𝑖), 𝑧𝑡
𝑖)), 𝑧𝑡

𝑖 ∈ 𝑧𝑡  
(7) 

where (Ti(hi); zjt) is shown in Equation. Matrix Shxn 

can be calculated using the Hungarian algorithm to 

obtain the matching results between the trajectories 

and detection. When the association costs of the 

matching fall below a preset threshold then zjtis 

associated with Ti(hi). Consequently, we perform the 

following steps: (1) Update the position and velocity 
of the trajectories with an associated zjt, and the size 

of the target track with the average of an objects size 

in the previous and current frames; (2) Update 

conf(Ti(hi)) using Equation and zjt. In the global 

association, trajectories with low confidence are 

likely to be short fragments. Therefore, they should 

be associated with the other trajectories and detection 

results that are unmatched in the current frame. 

Suppose there are h and l trajectories with high and 

low confidence, respectively, as well as n detection 

results that are unmatched. Consider the following 
related events: (1) Event A: Ti(lo) is associated with 

Tj(hi); (2) Event B: Ti(lo) is terminated; (3) Event C: 

Ti(lo) is associated with yjt. The total cost matrix 

during association is: 

    𝐺(𝑙+𝑛)𝑥( +1) =   
𝐴𝑙𝑥 𝐵𝑙𝑥𝑙

−𝑙𝑜𝑔(𝜃)𝑛𝑥 𝐶𝑛𝑥𝑙
              

(8) 

 

C. COMBINED MODEL 

Our paper describes Ti from fAi; Si;Mig, which 

shows the model of the appearance, shape, and 

motion respectively. The combined model, which 
determines the matching results between two 

trajectories (or trajectory and detection), is defined as 

follows: 

∩ (𝑋,𝑌)  =∩𝐴 (𝑋,𝑌) ∩𝑆 (𝑋, 𝑌) ∩𝑀 (𝑋, 𝑌)       (9) 

Where X and Y are the trajectories or detection 
results. Owing to the space distance that exists 

between each pair of trajectories, the value of 

correlation regarding the spatial temporal information 

may be small. Based on the above consideration, the 

appearance model is divided into two separate 

models, one of which is for trajectory and detection, 

whereas the other is for the two trajectories in this 

article. 

 

D) APPEARANCE MODEL BETWEEN 

TRAJECTORY AND DETECTION 
First, in this paper, we describe the smooth constraint 

of confidence maps (SCCM), which is derived from 

temporal- spatial information and the peak-to-

sidelobe ratio (PSR), which can better determine 
whether a target object is blocked or is being 

incorrectly tracked. In all parts of the target are 

independently tracked by using Kernelized 

Correlation Filter (KCF) trackers. When a new frame 

arrives, the confidence maps of these tracked parts 

are first computed. By assigning adaptive weights to 

these maps, a joint map can be constructed to predict 

the new state using the particle filter method. 

𝑃𝑆𝑅𝑡
𝑖 =  

max 𝑚𝑡
𝑖  − 𝜇𝑡

𝑖

𝜎𝑡
𝑖  

𝑆𝐶𝐶𝑀𝑡
𝑖 =   𝑚𝑡

𝑖 − 𝑚𝑡−1
𝑖 +  ∆  

                       𝜌𝑡
𝑖 =  𝑃𝑆𝑅𝑡

𝑖 +  𝑛.
1

𝑆𝐶𝐶𝑀𝑡
𝑖  (10) 

Where mitis the confidence map of object iat frame t 

with amean value and variance t. In addition, it 
represents the translational operation of the 

confidence map. Further, 1represents the position of 

the maximum value in the confidence map at frame t 

x 1 relative to frame t. The values of will change 

when the target object is tracked wrongly. 

 

E. APPEARANCE MODEL BETWEEN 

TRAJECTORIES 

Assuming that the current frame is t, the tracking 

results are T(lo) 1Vt and T(hi) 

1Vt . The combined model is used to associate 
trajectories that have high confidence and low 

confidence, and it is defined as follows: 

     ∩𝐴 (𝑇𝑖(𝑙𝑜),𝑇𝑗( 𝑖)) = 𝐵𝐶(𝐻𝑖(𝑙𝑜), 𝐻𝑗( 𝑖)           

(11) 

Where Hi(lo) and Hj(hi) are the color histogram 

templates of trajectory i and j with low confidence 

and high confidence, respectively. 

The shape model is defined as 

   ∩𝑆 (𝑋,𝑌)  = 𝑒𝑥𝑝(− 
 𝑥− 𝑦

 𝑥+ 𝑦
 + 

𝑤𝑥−𝑤𝑦

𝑤𝑥+𝑤𝑦
 )         (12) 

where the shape model is constructed using the width 

and height of the object. In addition, we utilize only 

the forward movement model when calculating the 

allied scores between the trajectory and detection 

results. 

 

V. RANDOMIZED 

SUPERVOXELAGGLOMERATION 

 

We extend the region growing method of Manen et al 

., which is a randomized form of Prim’s maximum 

spanning tree algorithm. It starts from a random seed 
superpixel, and iteratively adds nodes that are 

connected to the ones that are already selected. 

Instead of adding the node with the maximum edge, 

as in Prim’s algorithm, edges are sampled with 

probability proportional to the edge weight. The edge 

weight wnm that connects two superpixelsn and m is 

given by a logistic discriminant classifier that linearly 

combines several pair wise features over superpixels, 

and predicts whether two superpixels belong to the 
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same object or not. At each merging step ta random 

stopping criterion is evaluated. The stopping 
probability is given as (1 − wnm + s(at))/2, which is 

the average of two terms. The first, (1 − wmn), is the 

probability (as given by the classifier) that the 

sampled edge connects superpixels that belong to 

different objects. This term avoids growing the 

proposal across object boundaries. The second term, 

s(at) gives the fraction of objects in the training 

dataset that is smaller than the size at of the current 

proposal. This term ensures that the size distribution 

of the proposals roughly reflects the size distribution 

of objects on the training set. The sampling process 

can be repeated to produce a desired number of 
detection proposals. To apply this method for spatio-

temporal proposals, we consider a graph over the 

supervoxels, with connections between all 

supervoxels that are connected by a regular 3D 6-

connected graph over the individual voxels. To 

ensure that we sample proposals that last for the full 

video duration, we continue the merging process as 

long as the full duration of the video is not covered, 

and use the stopping criterion only after that point. 

Once a merged set of supervoxels is obtained, we 

produce a space-time tube by taking in each frame the 
bounding box of the selected supervoxels in that 

frame. 

 

VI. RESULTS 

 

 
a. original frame 

 
b. simulation frame 

 
Table: Comparison Table For Existing  Model  And  Proposed  

Model 

 

Max PSR is 1.this algorithm have good ability to 

identify a weak target from a nearer strong one. Here 

we got 0.75 as PSR it is far better than previous 

model.  when PSNR is high, the quality of image is 

high .PSNR is in decibels. here target is to  track 

object. weak target  does not have good outlier and 

does not have good visibility. In this method can 

identify weak targets and  by this method we can say 
that ou r PSR value is good i.e 0.75. 

 

CONCLUSION 

 

Here, in this paper proposed a multi-object tracking 

algorithm with temporal-spatial information and a 

trajectory of confidence based on detection and 

tracking. The whole  process is divided into local and 

global association. Trajectories with high confidence 

are associated with the detection result of the current 

frame during local association, whereas trajectories 

with low confidence are associated with high 
confident trajectories and detection results that are 

not matched during global association. We get the 

association result by using the combined model. In 

detection based tracking methods it can improve the 

tracking level and precision based on detection 

results, even though we are having these methods still 

there are missed and error detections because existing 

detectors do not work correctly all the time, this leads 

to a reduced tracking performance. In such cases, it is 

important to ensure that objects continue to be 

tracked well. So, to overcome that errors, in this 
paper, we apply spatial and temporal information to 

the combined model. The improved model is more 

robust because of the correlation relationship of the 

spatial-temporal information, and it helps to solve the 

problem of missed detection. In addition, we measure 

the reliability of the spatial-temporal information 

using the principles of SCCM and PSR. our results 

show that our algorithm can deal with problems such 

as missed detection, simultaneously improving the 

robustness of the track detector, hence, it is superior 

to many other previous algorithms. 
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