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Abstract: Tracking plays an important role to analyze the action of players, i.e movement of players and path 

corresponding to this movement. In recent years, the number of approaches to detecting players throughout the 

monocular image sequences has grown steadily. Severe occlusion makes this tracking challenging and standard 

algorithm fails to retain the identity of players. In soccer sequences, it is even more challenging due to erratic 

movement of players as well as players having clothes of the same color. Feature Descriptors do not require prior 

training to hold player’s size, shape or color. Thus, this paper proposes feature descriptor based object tracking 

algorithm to tackle severe spatially extended and temporally short and long-term occlusions. The objective is to 

detect players and maintain their identities over the time even under the situation of intense occlusion. Gaussian 

Mixture Model (GMM) and Hungarian Assignment (HA) are used for player detection and association respectively. 

In the proposed approach, the feature descriptors are pre-calculated for the players having a reliable blob. In the case 

of demerge, these reliable feature descriptors are used to retain player identities. The proposed approach is evaluated 

on ISSIA Soccer dataset having six sequences having 25 frames per second (fps) for the image size of 1080 x 1920. 

The proposed method outperforms state of the art trackers by achieving 80% accuracy and 64% precision on ISSIA 

dataset. 

Keywords: Occlusion and demerging, Player detection and tracking, Soccer video, GMM, HA. 

 

 

1. Introduction 

In the field of computer vision, human action 

recognition is one of the major challenges. It has 

various applications like sports video analysis [1, 2], 

surveillance scenarios [2 - 4], robots navigation [5, 

6], human-robot interaction [7, 8]. In sport 

sequences, players are tracked to analyze player’s 

strength, team strength and mining their movements 

to provide required guidelines to other players.  

Tracking of players and their movements is 

essential to understand the tactic of the game along 

with automatically mining the player’s movement, 

speed, strength and ability to instruct other players 

in specific situations. Significant work has been 

carried out to track players. For example, people can 

be tracked by searching in the neighborhood from 

last frame as proposed by S. Denman et al. [9], 

using model matching proposed by M. Andriluka et 

al. [10], using joint probabilistic methods proposed 

by D. Schulz [11, 12].  

Occlusion limits the continuity of player to be 

tracked. The occlusion defines the effect of one 

player blocking another player in the 3D Space from 

captured view. This occlusion can be classified as 

self-occlusion, inter-player occlusion and occlusion 

by background. Self-occlusion mostly arises while 

tracking articulated players (when one part of the 

player’s body occludes another part of the same 

player). Inter-player occlusion occurs when two 

players being tracked, occlude each other. Occlusion 

by the background occurs when a structure in the 

background occludes the tracked players. In sports, 
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analysis of game plan is obstructed due to the 

challenges like occlusion. Initial task in this paper is 

to detect player and assign an identity to the player. 

This paper proposes identification and retention of 

player’s identity under intense occlusion using 

various statistical feature sets. The accuracy of the 

proposed model is calculated by generating the 

ground truth sequences using semi-automatic model 

provided by T. D’Orazio [13]. This dataset has six 

soccer videos in different scenarios which cover the 

whole ground. 

In this paper an efficient tracker is proposed in 

which GMM based object detection is used. 

Hungarian cost assignment is used for association. 

This paper proposes a novel technique for detection 

of occlusion and for handling occluded players. This 

Proposed solution also uses feature descriptors to 

retain identity of players once demerge occurs.   

This paper is further organized as follows: The 

next section gives some brief background of 

researches related to the proposed technique. 

Section 3 describes the proposed methodology for 

object detection and tracking. The experimental 

results and discussions of the proposed approach are 

depicted in Section 4. Finally, conclusions are 

summarized in Section 5. 

2. Related works 

Presently, various models are proposed targeting 

surveillance video with objectives of detecting and 

representing people and tracking these peoples. 

Categorization of occlusion as non-occlusion, partial 

occlusion, full occlusion and long-term occlusion is 

proposed by L.Yong et al. [14]. Object permanence 

method for 5 months old infants is proposed by R. 

Baillargeon et al. [15] which suggested that an 

occluded object will re-emerge near its occluder. 

The same concept can be extended for surveillance 

and sports to retain identity under occlusion 

scenarios. Part matching tracker (PMT) is used to 

match local parts from multiple frames jointly by 

considering their low-rank and sparse structure 

information [16]. Authors applied the algorithm to 

surveillance video and tested the results under 

partial occlusion. However nonlinear and fast 

movement of the player in soccer video makes it 

challenging to detect intensive occlusion. Kanade 

Lucas Tomasi (KLT) tracker was proposed by B. 

Han et al. [17] for tracking features of the moving 

objects. This approach works fine for occlusion 

detection but identity retention is unresolved. P. 

Bilinski et al. used Features from Accelerated 

Segment Test (FAST) algorithm for computing 

feature points and build a Histogram of Gradient 

(HOG) based descriptor for each feature point [18]. 

This retains the identity of the person in occlusion 

scenarios at the cost of high complexity raised by 

FAST and HOG algorithms. A new approach for 

continuously analyzing the occlusion situation by 

exploiting the spatiotemporal context information is 

proposed by J. Pan [19]. However, this approach 

does not track the erratic movements of the players 

which often occur in sports video like a soccer game.  

The particle filter, also known as the sequential 

Monte Carlo method is the most popular algorithm 

that generates the posterior probability density 

function using the propagation rule of state density. 

A technique to extract feature points of each target 

object and tracking features using particle filter 

based approach is proposed by M M. Naushad Ali et 

al. [20]. This approach gives better results for 

tracking a person but player retention is not 

achieved in it. To maintain object’s identity Tran et 

al. [21] have proposed a technique using color and 

Bhattacharya distance algorithm. In soccer videos, 

players wear t-shirts of the same color. So color 

based approach cannot distinct demerged players.  

Yang et al. [22] proposed a technique with the 

ability to solve long-term occlusion without using 

any prior knowledge about shape and motion of 

objects. This algorithm can retain the identities after 

occlusion if apriori information about the structure 

is stored. A customized genetic algorithm for 

optimal region tracks is proposed by Huang et al. 

[23] to detect occlusion using object permanence. 

However, identity retention is not classified in this 

paper. 

In sports, especially in soccer games analysis, a 

trajectory estimation of player movement is essential 

and in that occlusion is an obstruction. There is a 

need of a novel work to handle occlusion and retain 

player id once the players are demerged 

(deoccluded). To track players and ball in indoor 

soccer videos S. Bidhendi et al. [24] proposed 

ground field detection method without identity 

retention. Pose estimation of the player using 

contourlet extraction and the neural network is 

proposed by T. D’Orazio [25] et al. This achieves an 

identity of player at the cost of computational 

complexity. G. Thomson [26] used marking on the 

pitch such as arcs and lines to compute the camera 

pose and compute the position, orientation and focal 

length of a camera in a real time using image 

analysis to track player’s relative movement. 

There are two types of occlusion, short-term 

occlusion where players collide for a short period of 

time and long-term occlusion where players collide 

for a long period of time. To tackle spatially 
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Figure. 1 Block Diagram of the proposed framework for tracking and identity retention 

 

 

Figure. 2 Player detection process 

 

extended and temporally short and long-term 

occlusions, statistical feature based player tracking 

algorithm is advantageous as less information is 

needed and there is no requirement to store each 

frame. In this context, S. Pertuz et al. [27] described 

the computation of the focus level for every pixel of 

an image by means of various focus measure 

operators. The focus measures were divided among 

six various families known as Gradient-based 

operator (GRA), Laplacian-based operator (LAP), 

Wavelet-based operators (WAV), Statistics-based 

operators (STA), DCT-based operators (DCT) and 

Miscellaneous operators (MIS). This paper has 

concluded 36 kinds of focus measures depending 

upon different characteristics. These features do not 

require any prior training. Hence proposed method 

uses few families from listed to tackle occlusion 

region and to retain the player identity in the 

occluded region. The features are selected based on 

their rotation scale and translation (RST) invariance 

and divergence. To identify multiple players, 

Gaussian Mixture Model (GMM) based background 

and foreground extraction method [28] is used in the 

proposed model. Kalman filter can be used for 

efficient tracking as proposed by Welch et al. [29]. 

However, it fails to retain the player’s id when 

players are completely occluded. A distributed 

approach using particle filter and clustering is 

proposed by F. Previtali et al. [30]. This algorithm 

has higher efficiency in contrast to other algorithms. 

However it uses views of multiple cameras to 

achieve accuracy. Hungarian assignment based on 

bipartite graph method is proposed by [31]. This 

method is used in proposed approach for association. 

In all existing approach, very less amount of work is 

done for minimizing identity switches and with 

higher accuracy and precision. Hence the proposed 

approach concentrates on minimizing the identity 

switches and maximizing accuracy and precision. 

3. Proposed approach 

Most of the existing techniques are able to 

identify occlusion but failed to retain correct player 

identity due to long and intense occlusion. In case of 

soccer games, players occlude too often and player’s 

clothes are of same color and pattern. Also, velocity 

and acceleration of player’s movement vary 

nonlinearly. In this type of situations, occlusion 

retention is too intense. In the proposed approach a 

novel technique is proposed which retains id of 

players even under long and intensive occlusion 

using feature-based algorithms [27]. The block 

diagram of proposed approach consisting 7 steps is 

shown in Fig. 1 and explained in the following 

section. 

3.1 Player detection 

Detection of player is a pre-requisite step for 

any tracking applications. Player detection method 

is described in Fig. 2. In this method, Gaussian 
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Frame Blob Detection using GMM 

  
(a)                                            (b) 

Figure. 3 Blob detection: (a) Soccer frame and (b) GMM 

based player detection 

 

 
Figure. 4 Player detection after morphological processing 

 

Mixture model is initialized to detect foreground 

objects [28]. To avoid undesirable noise/blob, 

morphological operations are applied. Next 

bounding box of each connected pixel is calculated. 

Figure 2 shows player detection model. 

GMM is used to detect player (foreground blob) 

[28]. GMM is a parametric probability density 

function represented as a weighted sum of Gaussian 

component densities.  

It is computed as, 

 

P(Xt) = ∑ ωi,t

k

i=1

η(Xt; μi,t, Σ𝑖,𝑡) (1) 

 

Where X is a D-dimensional continuous-valued data 

vector ωi, k is a number of Gaussian components, i 

= 1…k, are the mixture weights, and η (Xt; µi, ∑ 𝑖 , 𝑡), 

i=1…..k, are the components Gaussian densities. 

GMM processed frame and detected blobs (i.e. 

players) are presented in Fig. 3.  

Morphological operations including opening and 

closing are applied to fill gap within blobs. 

Corresponding results is shown in Fig. 4. After 

performing morphological operations centroids are 

detected for each blob and cost function is computed 

using the Euclidian distance between each blob and 

all other blobs using Eq. (4). 

 

 

 

 

 
Figure. 5 Player assignment process 

 

𝑑 =  √∑(𝑥𝑖−𝑦𝑖)2 + (𝑥𝑗−𝑦𝑗)2

𝑛

𝑖=1

 (4) 

 

Where xi and yi are points and d is the distance 

computed between blobs, n is a total number of 

players. This cost function is used for assigning an 

identity to the player. 

3.2 Player Id assignment 

Once a player is detected there are chances that 

few players are new in frames, the same player is 

available from previous frame or player is invisible 

due to occlusion. Therefore once the cost function is 

computed, player id assignment is done in three 

categories. The flow diagram of the player 

assignment is as mentioned in Fig. 5. 

 

1) First time appearance of the player 

If the player is present for the very first time 

assign a new unique player identity to a player 

detected. Age is used to maintain total occurrence of 

the player. Invisible count determines the number of 

frames from when the player got invisible. 

 

2) The player is already present 

In each frame, the location of detected player is 

marked as the bounding box. If the player is already 

present update its player position, increment his age. 
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1 2 4 6 9 10 

      

Figure. 6 Player‘s visibility in every frame 

 

For the first few times, when the player is detected, 

it is not considered as completely visible. This is 

because video frame rate is 25 frames / second. The 

player is not considered reliable as the player has 

done an insufficient motion to be considered as a 

full blob. This can lead to many identities for a 

single player which is explained below in Fig. 6. 

If a player is visible for ten consecutive frames, 

a blob of player is entirely set. Mark that player as a 

reliable player and reserve its properties such as 

bounding box, player identity. Also, five feature 

descriptors of player are reserved which will be 

useful in future to retain player identity after 

demerging. 

The feature descriptors are used to retain an 

identity as there are numerous advantages for it. 

They are Rotation Scaling and Translation invariant, 

no apriori training required, requires very few 

computation and no high storage of features 

required. For every reliable player, five feature 

descriptors will be computed which are as follows. 

All five features are distinct as they are from 

different families proposed by Perutz et al. [27]. In 

Eqs. (5) and (7) * operator represents convolution 

operation. 

 

Diagonal Laplacian: 

In order to compute modified Laplacian of 

image, Thelen et al. [32] proposed vertical 

variations of the image.  

 

𝐿𝐴𝑃𝐷 =  |𝐼 ∗ 𝐿𝑥| + |𝐼 ∗ 𝐿𝑦| + |𝐼 ∗ 𝐿𝑥1|

+ |𝐼 ∗ 𝐿𝑥2| 
(5) 

 

Where,𝐿𝑥 = [−1 2 − 1], 𝐿𝑦 = 𝐿𝑥
𝑇 ,  

 

𝐿𝑋1 =
1

√2
[
0 0 1
0 −2 0
1 0 0

], 𝐿𝑋2 =
1

√2
[
1 0 1
0 −2 0
1 0 1

] 

 

Standard deviation of player: 

Standard deviation is a measure of variation or 

dispersion of a set of values which can be computed 

using Eq. (6). 
 

𝑆 =  √
1

𝑁
∑(𝑥𝑖 − μ)

𝑁

𝑖=1

 (6) 

 

Where, 𝑥𝑖 = intensities of image and μ = mean of 

intensities. 
 

Image curvature: 

This was proposed for microscopy applications 

[33]. If the image grey levels are interpolated as a 

surface, the curvature of the surface may be used as 

a focus measure [33, 34].  

 

∅ = |𝑐0| + |𝑐1| + |𝑐2| + |𝑐3| (7) 

 

Where,𝑐0 =  𝑀1 ∗ 𝐼 

𝑐1 =  𝑀1
𝑇 ∗ 𝐼 

𝑐2 =  
3

2
∗ 𝑀2 ∗ 𝐼 − 𝑀2

𝑇 ∗ 𝐼 

𝑐3 =  
3

2
(𝑀2

𝑇 ∗ 𝐼) − (𝑀2 ∗ 𝐼𝑟𝑒𝑣𝑥) 

𝑊ℎ𝑒𝑟𝑒, 𝑀1 =
1

6
[
−1 0 1
−1 0 1
−1 0 1

] , 𝑀2 =
1

5
[
1 0 1
1 0 1
1 0 1

] 

 

Gradient energy: 

Gradient Energy is proposed as a focus measure 

which is the sum of squares of the first derivative in 

the x and y direction. [35 - 37]. 

 

∅𝑋,𝑌 = ∑ (𝐼𝑥(𝑖, 𝑗)2 + 𝐼𝑦(𝑖, 𝑗)2)
(𝑖,𝑗)∈Ω(𝑥,𝑦)

 (8) 

 

Where, Ix and Iy are first order derivatives in x and y 

direction respectively. 

 

Vollath’s autocorrelation: 

A focus measure based on autocorrelation of the 

image was proposed in [38, 39, 40]. It can be 

computed using Eq. (9). 

 

∅𝑥,𝑦 =  ∑ (𝐼(𝑖, 𝑗) × 𝐼(𝑖 + 1, 𝑗))
(𝑖,𝑗)=Ω(𝑥,𝑦)

− ∑ (𝐼(𝑖, 𝑗)

(𝑖,𝑗)=Ω(𝑥,𝑦)

× 𝐼(𝑖 + 2, 𝑗)) 

(9) 

 

Hence all these features are computed for every 

player who gets reliable using Eqs. (6), (7), (8), and 

(9). 

 

3) The player is not present 
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Figure. 7 Player positions update using Hungarian 

algorithm 

 

If the player is not present there are two cases 

possible. 

i) No movement of player in particular frame 

ii) Player is occluded by some other player 

3.3 Player tracking 

Player Tracking Phase tracks all the players in 

each frame as they change their positions 

continuously. To continuously update their positions, 

optimal mapping is done for all observed players 

using Hungarian assignment method. The Hungarian 

algorithm is the method to do linking process 

between identified objects in frame k to the 

unidentified objects in frame k+1 by finding the 

extreme solution of the Euclidean distance in the 

assignment matrices. The process of position update 

is as mentioned in Fig. 7. 

Pi,k represents an identified object in the previous 

frame and Pi,k+1 represents detected an object in the 

current frame. From the case in Figure 7, there will 

be generated assignment matrices illustrated below. 

 

Dk,k+1

= [

d1k,1k+1 d1k,2k+1 d1k,3k+1

d2k,1k+1 d2k,2k+1 d2k,3k+1

d3k,1k+1 d3k,2k+1 d3k,3k+1

] 
(10) 

 

Where, dik,jk+1= Euclidian distance (Pi,k,Pj,k+1) 

Hungarian method finds the mapping for each object 

by finding the minimum point solution of the 

assignment matrices. Finally the assignment is done 

using 

 

𝑓 = 𝑀𝑖𝑛({Dk,k+1}) 

{𝑓: {(𝑃1,𝑘+1 → 𝑃1,𝑘), (𝑃2,𝑘+1

→ 𝑃3,𝑘)}|𝑃𝑖,𝑘 , 𝑃𝑖,𝑘+1 ∈ 𝑅2} 

(11) 

 

Thus while tracking, details of players like a number 

of times player detected, total visible counts, 

consecutive invisible count, bounding box are 

updated. 

 
Figure. 8 Occlusion detection process 

3.4 Occlusion detection 

In this phase, it will be verified whether a player 

is occluded or it is invisible due to lack of motion in 

the current frame. If the occlusion is present a flag 

of occlusion mark will be on. The flow of 

verification is mentioned in Fig. 8 below. 

If an object is occluded it will be occluded by its 

nearest object which is stated as object permanence 

[15]. Nearest neighbor’s bounding box 

(height/width/both) is estimated in proposed method 

and compared with the reliable bounding box. If 

nearest neighbor’s bounding box (height/width/both) 

is increased by threshold or more than the nearest 

player (front player) is marked as occluder and 

invisible player (Backside Occluded player) is 

marked as occluded. If the condition is not satisfied 

it will be verified in next frame and considered as no 

occlusion. The detected occlusion can be classified 

as self-occlusion (Sb) and full occlusion (f). This 

classification can be performed using Eq. (12) and 

Eq. (13) as follow.  
 

𝑆𝑏(𝑥, 𝑦) =

{
√∑ (𝐴𝑐(𝑗)(𝑥, 𝑦) − 𝐴𝑐(𝑖)(𝑥, 𝑦)) , 𝑃𝑉 = 0  𝑎𝑛𝑑

 𝑂𝑀 = 0
                         −             ,                                     𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  

(12) 

 

𝑥 =
𝑆𝑏(𝑥)

𝑆𝑓𝑏(𝑥)
, 𝑦 =

𝑆𝑏(𝑦)

𝑆𝑓𝑏(𝑦)
 

𝑓(𝑥)

= {
𝑀𝑎𝑟𝑘 𝑂𝑐𝑐𝑙𝑢𝑑𝑒𝑟 𝑎𝑛𝑑 𝑂𝑐𝑐𝑙𝑢𝑑𝑒𝑑,

       𝑥||𝑦 > 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
𝑁𝑜 𝑂𝑐𝑐𝑙𝑢𝑠𝑖𝑜𝑛,                                 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(13) 

 

 

If player is 

invisible and 

occlusion mark 

is not present 

Estimate nearest 

neighbor using 

Euclidian distance 

If player is reliable and 

height and/or width of 

bounding box has 
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Figure. 9 Player demerge detection 

 

Where PV = Player’s visibility in current frame, 

Ac(j)(x,y) = Centroids of Occluded Object, Ac(i)(x,y) 

= Centroids of all detected players in current frame. 

Sb(x,y)= Horizontal  and vertical position of 

centroids of current frame’s probable occluder 

respectively, Sfb(x), Sfb(y) = Horizontal  and vertical 

position of centroids of reliable frame, f(x) = 

marking Occluder and Occluded Objects. 

Object Permanence states that if a player is 

demerged it will be from its adjacent player only. 

Similarly, whenever a player is occluded it will be 

occluded by its adjacent player only. Therefore as 

mentioned in Eq. (12) whenever a player is not 

visible in the current frame, it’s most adjacent player 

is verified for occluder. The most adjacent player’s 

height/width/both are compared between the current 

frame and the frame when a player got reliable. If 

the computed values are greater than the threshold, 

they are marked as an occluder. 

3.5 Demerge detection 

Demerge detection is an important task to 

handle occlusion and to retain ID of players. The 

steps of demerge function of the proposed approach 

are mentioned in Fig. 9. 
 

𝑥 = [𝐴] − [𝐵] < μ 

𝑓(𝑥)

= {
𝐷𝑒𝑚𝑒𝑟𝑔𝑒 𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑, 𝑥 = 1 𝑎𝑛𝑑 𝑂𝑀 = 1
        𝑁𝑜 𝐷𝑒𝑚𝑒𝑟𝑔𝑒     , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(14) 

 

Where [A] = Hungarian cost function of object1, 

[B] = Hungarian cost function of object2, µ = 

threshold = 60, OM = Occlusion mark of player. 

As presented in Figure 9 if a player is not 

occluded then it can be verified by computing two 

minimum cost function and if cost function of two 

tracks is less than a threshold and it's occluded mark 

is greater than 0, it states particular player is no 

more occluded from the current frame, it is 

demerged which is as mentioned in Eqs. (13) and 

(14). 

3.6 Features verification and player identity 

retention 

To retain player identity occluder and occluded 

players features are required to be computed. These 

feature values of the occluder and occluded players 

are compared with occlude and occluded features of 

reliable player and the player which is matched 

more are retained their player identity accordingly. 

The flow of feature verification and player identity 

retention presented in Fig. 10. 

 

 

Where fd1(i)=Player 1’s feature set in a detected 

frame, fr1(i)=Player 1’s feature set in a reliable frame, 

fd2(i)=Player 2’s feature set in a detected frame, 

fr2(i)=Player 2’s feature set in a reliable frame. 

Players are assigned same. P1 and P2 are player’s 

identity in current frame. 
 

 

Figure. 10 Feature verification and player ID retention 

 Object1 Object2 

Detected Fd11 Fd12 F d13 F d14 F d21 F d22 F d23 F d24 

         

Reliable 

Features 
Fr11 Fr12 F r13 F r14 F r21 F r22 F r23 F r24 

Figure. 11 Feature comparison with reliable player 

 

To retain identity, demerged players positions 

are now compared with their own saved feature sets 

𝑠𝑢𝑚1 = ∑[𝑓𝑑1(𝑖)−𝑓𝑟1(𝑖)]

4

𝑖=1

+ ∑[𝑓𝑑2(𝑖)−𝑓𝑟2(𝑖)]

4

𝑖=1

 

𝑠𝑢𝑚2 = ∑[𝑓𝑑1(𝑖)−𝑓𝑟2(𝑖)]

4

𝑖=1

+ ∑[𝑓𝑑2(𝑖)−𝑓𝑟1(𝑖)]

4

𝑖=1

 

𝐼𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛

= {
𝑓𝑑1 = 𝑃1,𝑓𝑑2 = 𝑃2 , 𝑠𝑢𝑚1 < 𝑠𝑢𝑚2

𝑓𝑑1 = 𝑃2,𝑓𝑑2 = 𝑃1 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

(15) 

Compute 

features of 

both players 

Match with 

the reliable 

features 

Assign Player ID 

based on 

maximum feature 

matching 

Compute two 

minimum cost 

function 

If cost difference < 

threshold and player’s 

occluded mark is true 

Consider both players 

for Identity retention 

computation 

YES 

No Demerge 

Detection 

NO 
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and with saved feature sets of another object. If the 

difference is less for player’s position and its feature 

sets then the same identity is retained otherwise 

identities will be swapped. 

4. Analysis and comparison  

To evaluate the performance of the 

proposed framework, experiments are carried 

out on a public dataset [13]. This dataset 

consists of six videos under challenging 

conditions like illumination variation, and 

occlusions. The video carries frame rate of 25 

frames per second and resolution of 1080 × 

1920.  
Three videos are selected for processing 

(filmrole2, filmrole3, fimrole4). 10 seconds (~250 

frames) are extracted from each selected video. The 

videos are selected based on ground truth 

observation of a higher number of occlusion 

activities.  

Accuracy is measured in terms of precision and 

recall which can be computed using below-

mentioned Eqs. (16) and (17). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  

(𝑃𝑙𝑎𝑦𝑒𝑟𝐼𝑑𝑟𝑒𝑡𝑎𝑖𝑛𝑒𝑑𝑐𝑜𝑟𝑟𝑒𝑐𝑡) ∩
(𝑡𝑜𝑡𝑎𝑙𝑝𝑙𝑎𝑦𝑒𝑟𝑜𝑐𝑐𝑙𝑢𝑠𝑖𝑜𝑛)

(𝑡𝑜𝑡𝑎𝑙𝑝𝑙𝑎𝑦𝑒𝑟𝑂𝑐𝑐𝑙𝑢𝑠𝑖𝑜𝑛)
 

(16) 

 
 

𝑅𝑒𝑐𝑎𝑙𝑙

=  
(𝑃𝑙𝑎𝑦𝑒𝑟𝐼𝑑𝑟𝑒𝑡𝑎𝑖𝑛𝑒𝑑) ∩ (𝑡𝑜𝑡𝑎𝑙𝑝𝑙𝑎𝑦𝑒𝑟𝑜𝑐𝑐𝑙𝑢𝑠𝑖𝑜𝑛)

(𝑝𝑙𝑎𝑦𝑒𝑟𝐼𝐷𝑟𝑒𝑡𝑎𝑖𝑛𝑒𝑑𝑐𝑜𝑟𝑟𝑒𝑐𝑡)
 

(17) 

4.1 Occlusion retention for players of the same 

team 

Occlusion in sports can be between players of 

same team or players of the different team. Intensity 

similarity in players of the same team forms a 

challenge in identity retention. In Table 2 identity 

retention of players having occlusion with players of 

the same team are computed on standard dataset 

videos. This retention and mismatch are compared 

with occlusions on ground truth of standard dataset 

in Table 2. 

4.2 Occlusion retention of two players for 

different team / wearing different color clothes 

Occlusion in sports can also be between players 

of the different team. In Table 3 identity retention of 

players having occlusion with different team’s 

player are computed on standard dataset videos. 

This retention and mismatch are compared with 

occlusions on ground truth of standard dataset in 

Table 3. 
 

4.1. Comparison between Kalman based 

tracking and statistical features based 

tracking algorithm 

This section evaluates and compares the result with 

standard motion based Kalman filter [29]. The 

algorithm is compared for occlusion between 

players of the same and different team. Occlusion 

and demerge scenario between players of a different 

team is described in Table 4. Based on the results 

mentioned in Table 4, in Kalman based approach as 

it does prediction, it results in incorrect identity 

retention for a different team player. In contrast 

proposed approach feature-based approach leads to 

correct retention. This is due to Kalman based 

tracking estimates identity based on the linear path 

in erratic scenarios. In contrast to that feature based 

proposed approach uses different feature descriptors 

and retains the identity of players throughout the 

sequence. 

Occlusion and demerge scenario between 

players of the same team is described in Table 5. 

This scenario is challenging as in this case both 

demerged player have same color t-shirt. The feature 

descriptor based proposed approach has better 

retention results in this case in comparison with 

traditional Kalman filter. 

Based on the results mentioned in Table 5, in 

Kalman based approach as it does prediction, it 

results in incorrect identity retention for same team 

player whereas feature-based approach leads to 

correct retention. 

 
Table 2: Identity retention of players in same team 

Sequ

ences 

Number of 

occlusions 

(Ground 

Truth) 

Retention Mismatch Precision Recall 

S1 0 0 0 1 1 

S2 3 3 0 1 1 

S3 6 6 0 1 1 

 

Table 3. Identity retention of players in different team 

Data

set 

Number of 

occlusions 

(Ground 

Truth) 

Retention Mismatch Precision Recall 

S1 2 1 1 1 0.5 

S2 1 1 0 1 1 

S3 4 4 0 1 1 
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Table 4. Comparison between traditional and proposed 

technique of different players 

Dataset 

 

Kalman [29] 

based tracking 
Proposed Approach 

Before 

occlusion 

Frame: 44th 

  

Mid Of 

Occlusion 

Frame :75th 

  

Demerge 

Frame: 85th 

  
 

Table 5. Comparison between traditional and proposed 

technique of same players 

Dataset 

 

Kalman [29]  

based tracking 
Proposed Approach 

44th 

Before 

occlusion 

  
Start 

with 

Occlusio

n 

Frame 

50th   

Demerge 

Frame: 

85th 

  
 

4.2 Comparison of identity retention with 

Kalman prediction and Hungarian cost 

assignment method 

Based on the results in Table 6, it can be 

depicted that Kalman filter with Euclidian distance 

works well in terms of retention of Identity of player. 

One major drawback of using Kalman’s prediction 

system is its velocity/acceleration doesn’t vary 

constantly. Due to that Kalman with Euclidian and 

prediction gives inconsistent results. In comparison 

to that proposed statistical feature based algorithm 

gives all correct result. 

 

Table 6. Comparison between state of the art and 

proposed technique on standard dataset 

Parameters Fabio Previtali* 

(Single camera) [30] 

Proposed 

approach 

MOTA () 

(%) 

72.3 80.1 

MOTP () (%) 61.2 64.4 

ID-S () 21 15 

 

One most important advantage of the proposed 

approach is even if for one occlusion it gives an 

incorrect result. On another occlusion it will rectify 

itself as algorithm will compare with its features. 

Compare to the proposed approach, in Kalman 

based tracking algorithm once identity is changed, it 

cannot be retained back. 

To evaluate the performance, the most widely 

used CLEAR MOT [42] parameters are used to 

verify the accuracy.  

Multi Object Tracking Accuracy (MOTA) 

reflects the number of false positives, the number of 

missed detections, and the identity switches. Multi 

Object Tracking Accuracy (MOTP) reflects the 

precision of the detection. ID-S reflects the total 

switched identities. 

Here,  indicates higher the better and  

indicates lower the better. 

The proposed algorithm is simulated on standard 

dataset ISSIA-Soccer on sequence 1. Based on the 

results depicted in Table 6, proposed approach 

outperforms state of the art method. It has higher 

accuracy and precision and it has less identity 

switches. 

5. Conclusion 

This paper proposed the algorithm to retain the 

identification of the players under intense occlusion. 

The proposed model also includes player 

assignments; occlusion and demerge detection. 

Based on the experiments proposed approach 

outperforms traditional algorithm. The proposed 

approach retains the identity of players when they 

have similar characteristics like same colors, shape 

and size. Also, it gives a high performance when 

players have erratic motion. Extensive experimental 

results compared with state of the art methods 

validate the robustness and effectiveness of the 

proposed approach. The proposed approach has 

higher accuracy, precision with lower identity 

switches. This work can be extended to player’s 

game analysis and understanding tactics of the team. 
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