TAES International Journal of Artificial Intelligence (I1J-AI)
Vol. 15, No. 5, October 2026, pp. 4292~4303
ISSN: 2252-8938, DOI: 10.11591/ijai.v15.15.pp4292-4303 O 4292

Dynamic sports environments: automatic feature players
tracking and re-identification with similar appearances

Adil Abdulhur Abushana!, Riyadh Alsaeedi?

"Department of Computer Science, Faculty of Education, University of Kufa, Najaf, Iraq
“Department of Statistics, College of Administration and Economics, University of Wasit, Wasit, Iraq

Article Info ABSTRACT

Article history: Tracking multiple players in sports videos remains challenging due to
. frequent occlusions, similar appearances among players, and rapid motion.

Received May 24, 2025 This paper presents a comprehensive player tracking framework that

Revised Jul 22, 2026 integrates deep player re-identification (DPRI), an individual probabilistic

Accepted Aug 12, 2026 overlapping bounding box occupancy mapping (IPOM) for robust spatial

localization under severe overlap, and an identity-aware k-shortest path

optimization algorithm (KSP-ID) for improved trajectory association. The
Keywords: DPRI module combines pose-based embeddings, jersey appearance cues,
and facial features to generate discriminative identity representations.

D localization . . . .
3D localizatio Experimental evaluation on the autonomous production of images based on

Deep player re-identification distributed and intelligent sensing (APIDIS) and Shantou University (STU)
KSP-ID model datasets demonstrates strong performance, achieving 85.5% multiple object
Player tracking tracking accuracy (MOTA), 69.0% generalized multiple object tracking
SSD algorithm and object accuracy (GMOTA), and 90.2% rank-1 re-identification accuracy.
interactions Furthermore, the proposed framework significantly reduces identity switches

(IDS) compared with conventional k-shortest path (KSP) approaches,
probabilistic occupancy models, and recent deep learning-based tracking
methods. These results demonstrate that integrating semantic identity
information with spatial reasoning enables robust and efficient player
tracking in highly dynamic sports environments.

This is an open access article under the CC BY-SA license.

0

Corresponding Author:

Adil Abdulhur Abushana

Department of Computer Science, Faculty of Education, University of Kufa
Najaf, Iraq

Email: adelshanna3000@gmail.com

1. INTRODUCTION

MOT or multi-object tracking in sports is necessary for automatic analytics, tactical performance
understanding, and smart sports broadcasting. K-shortest path (KSP) optimization has been extensively used
with tracking-by-detection frameworks due to their ability to express the identity association as a constrained
flow problem, which allows the global optimization of tracking trajectories to be very efficient [1]. However,
even with these advantages, identity switches (IDS) are still a major drawback in the case of sports settings
that are very dynamic since the constant interaction between players, motion blur, occlusions, camera angle
changes, and similarity in appearance among the players make it very difficult to keep the identity consistent
for long periods of time [2], [3].

To help mitigate these problems, some recent works have proposed leveraging both appearance and
online learning methods to help differentiate players in crowded scenarios [2], [3]. ID-Net is one such
method based on the use of deep representations of the parts of human bodies to improve robustness in
identity preservation, using structural cues and localized body parts rather than relying solely on holistic
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cues [4]. On the other hand, jersey number detection has become another powerful identity cue, aided by the
advancements of coarse-to-fine convolutional neural network (CNN) approaches and sophisticated
segmentation architectures that are able to isolate jersey number digits under partial occlusions [5], [6].
Additionally, probabilistic occupancy mapping, multi-view fusion, pose estimation, and camera calibration
have improved spatial localization and 3D scene interpretation [7], [8]. While there have been major
advancements in sports player tracking in recent years, many of these methods face challenges in preserving
identity in cases where there is similarity in visual appearance, partial jersey numbers visibility,
or overlapping players. One of the weaknesses of previous methods is the separate consideration of each of
the available identity cues—jersey recognition, appearance features or facial information, and spatial
localization—which usually results in loss of identity in complex interactions.

In light of the above problem, a comprehensive approach is needed that incorporates appearance and
trajectory representation and identity preservation in 3D spatial localization, in one consistent optimization
framework. This work presents a multi-player tracking method, which is made up of three tightly connected
modules. Firstly, the deep player re-identification (DPRI) module uses pose guided embeddings, jersey
semantics, and facial information to generate highly discriminative identity features under occlusion and
ambiguous conditions. Secondly, individual probabilistic overlapping bounding box occupancy mapping
(IPOM)-the individual probabilistic overlapping bounding box for occupancy mapping—module allows for
improved spatial consistency through accurate 3D scene grounding from multiple views, especially in
crowded interaction scenarios. Finally, the identity-aware k-shortest path optimization method (KSP-ID)
utilizes an identity correlation coefficient in the association graph, which significantly lowers the identity
switch rate compared to conventional KSP.

2. RELATED WORK

Over the last decade or so, player detection, identification, and tracking in sports videos have
undergone substantial progress toward more accurate solutions. Part and local structure representations have
been among the early methods for addressing such tasks as re-identification and coping with appearance
changes [4]. Initially, player identification relied on handcrafted feature sets, color, and moment
representations invariant to multiple conditions before transitioning to scene perception systems with
integrated segmentation, detection, and recognition procedures [9]. In the process of enhancing team
identification robustness, there has been a growing interest in utilizing team members' jerseys with unique
identifiers based on the technologies ranging from optical character recognition (OCR) systems to those
utilizing deep learning, CNNSs, region-based convolutional neural network (R-CNN) with human poses,
multi-task training, spatial transformation, and visual-text combinations [10]-[13].

Multi-target tracking was a simultaneous process from the beginning, relying on the global optimal
graph optimization, probabilistic reasoning, greedy strategies, and KSP solutions among others to keep the
temporal identity association stable [14]-[17]. The deep learning revolution then came for the online tracking
which, among others, resulted in the deep simple online and real-time tracking (DeepSORT) model that
merged deep appearance embeddings with Kalman filtering to increase the identity continuity [15] followed
by advanced optimization and graphical modeling across different sports contexts [16], [17].

The deep learning revolution eventually affected the very detection: the convolutional architectures
like faster R-CNN, mask R-CNN, you only look once (YOLO), and feature pyramid networks (FPN)
took the lead in accuracy, speed, and multi-scale reasoning in the dynamic sports environment by a big
margin [18]-[21]. Global contextual modeling along with transformer-based detection boosted the strength in
dense and complex scenes indirectly [21], the same way that the benchmarking initiatives taking place did by
making performance evaluation a standard across the datasets such as multiple object tracking challenge
(MOTChallenge), autonomous production of images based on distributed and intelligent sensing (APIDIS),
SoccerNet, and others included in the large-scale protocols [22]. Identity signals helping one another, with
face recognition and spatial localization cues being the most prominent, worked together for the reliable
identity inference under the most difficult scenarios [23]-[25].

Classical description methods have already demonstrated high efficiency: even with the moderate
robustness of human detection by histogram of oriented gradient (HOG), sparse histogram encoding,
correlation filters, and multiple instance learning, it was easy to fool such systems with occlusion, motion
blurring, and significant scale change [26], [27]. The jersey recognition and identity modeling processes were
going through the architectural advancements of CNNs, visual-textual data fusion, and robust recognition
techniques suitable for solving the problem of variability in matches [28]. Meanwhile, new tracking
approaches were being designed to achieve global optimality in terms of association, probabilistic graphical
models, and efficient identity stability [29]-[34]; hence, they benefited from the structured temporal
reasoning advances. Pose-based player descriptors along with their structural and part-based characteristics
have been one of the key re-identification improvements in almost identical sports domains [35]-[40].
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Such further improvements have helped in reaching high performance levels in the following areas:
high-order optimization in graphs, heuristic solutions for better association, and resilient jersey identity
persistence in challenging scenes [41], [42]. Standard datasets, benchmarks, and evaluation protocols helped
in providing unbiased comparison between competing algorithms [43]. Part-based re-identification
approaches were created to use multi-scale structural features and local discriminative patches; therefore,
jersey digits have become less sensitive in case of masking or distortion [44]. The jersey recognition methods
were gradually expanding, and visual patterns and numerical identifiers became increasingly related
semantically; hence, the reliability of gameplay analysis became higher [45]-[47]. Besides, benchmarking
and structured evaluations have finally created a solid base for objective assessment in sports analytics
research [48]. With the development of multi-camera tracking in densely populated sports scenarios,
advanced KSP optimization, probabilistic formulations, and identity persistence mechanisms came into
play [49], [50]. The use of probabilistic occupancy mapping, volumetric reasoning, depth cues, and marked
point processes brought to localization a remarkable resilience even under severe occlusion [51]-[56], and all
of these advanced techniques resulted in the creation of state-of-the-art multi-camera tracking pipelines in
which spatial re-identification, calibration, and identity fusion strategies together provided accurate
multi-player tracking performance [52], [57].

However, notwithstanding this impressive advancement, most of the previous methods still
consider jersey recognition, facial cues, spatial localization, and identity association as loosely related
modules, which makes identity very weak in situations when players frequently overlap, have very similar
appearances, or move through the view of multiple cameras. As a result of these deficiencies, our research
integrates pose-guided jersey recognition, deep re-identification, probabilistic multi-view localization, and
identity-aware KSP optimization into one coherent framework that is specifically designed for the reliable
identity preservation in highly dynamic sports environments.

3. METHOD
3.1. Dataset

The deep player model is trained in three stages following the image-centric sampling strategy [21]
with the stochastic gradient descent (SGD) solver [22]. The residual network 50 layers (ResNet-50) backbone
is pre-trained, while the remaining layers are randomly initialized with a Gaussian distribution. The loss is
defined as (1).

L= /11Lface + /12Ljers (1)

Weakly labeled player bounding boxes contrast with fully labeled jersey number boxes. APIDIS
offers 10,000 weakly and 2,000 fully labeled samples, with empirical weights A1 = 0.55 and 2> = 0.55. [IPOM
and KSP-ID parameters are dependent on data sets: grids of size 128 x 72 for APIDIS, and 112 x 60 for
Shantou University (STU). APIDIS [23] contains 1,500 frames per second at 25 fps for seven cameras
(800 x 600) with 12 players, while STU features 2,500 frames per second at 24 fps for eight cameras
(1280 x 720) with 16 players, and has an expanded 11-period version in development. Hue, saturation, and
value (HSV) is possible for analyzing jersey numbers and face recognition in both datasets. Figure 1 is
illustration of the dictionary creation process involving three complementary components that use color and
texture features obtained in HSV.

3.2. Robust segmentation

This study considers a step-by-step approach to image segmentation beginning with an initial image
from the sequence. Several human detection methods, which involve baseline CNN models, Faster R-CNN,
and HOG algorithm, were compared for their ability to recognize players [24]-[26]. Although scale-invariant
feature transform (SIFT) descriptor has been used mostly for face recognition, other mentioned detection
methods also involve such cues as jersey numbers and overlay texts [27]. The segmented regions are
represented as (2).

Ry = (I;,7y, by, ty,wy, hy, i, 2;) 2

Where I;,7;, b;, t; denote the left, right, bottom, and top coordinates of bounding rectangle; w;, h; represent its
width and height; c; is the class label; and z; contains additional attributes for player identity.

The segmented region captures the pipe-like structure of jersey numbers using a morphological open
operation, leveraging the observation that digital characters consist of pipe-like components. To manage
occlusions, merge—split ambiguities, and spatial overlaps, a MOT system is applied using nearest-neighbor
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assignment, considering blob size, spatial relationships, and reliable feature descriptors [28]-[30]. Thresholds
and feature weights are adaptively tuned for optimal performance in dynamic sports environments [30].
Algorithm 1 summarizes this segmentation procedure, from background-based candidate detection through
color-based region merging.

Algorithm 1. Robust segmentation of jerseys
i) Initialize

parameters set thresholds: color similarity threshold thgy,, and size
threshold for candidates thgy, -
ii) Capture video frames: open the video file and initialize a list to store frames, while
the video is still open read each frame F, and append it to the list of frames.
iii) Create background model by convert the 1list of frames into an array F. Calculate the
median background model using: B = median(F) (along the temporal axis).
iv) Process each frame for each frame F, in the captured frames
a) Segment players compute the absolute difference: D,=I|F,-B|l convert to grayscale:
— G, = cvtColor(Dn,COLOR_BGRZGRAY)
. N _ (255if G, > 300

— Apply binary thresholding: T,,—{ 0 otherwise

- Apply morphological opening O, = morphologyEx(T,, MORPH OPEN, K) where K is a
structuring element. B

b) Find identify contours C in Oy:

- C = findContours (0, RETR_EXTERNAL, CHAIN APPROX SIMPLE) .

- Initialize an empty list for candidate blobs.

c) Filter candidates for each contour ¢ € C as follows compute arealA, c: A, =
contourArea (c) :

- If A.,=>thg,,: compute the bounding rectangle (x,y,w,h)=bounding Rect (c) .

— Add (x,y,w,h) to the candidates list.

- 4.5 merge adjacent regions.

- Initialize a list for merged candidates for each pair of candidates (R;, Rj).

- Check color similarity: Cj=mean ( R;)and Cj:mean(Rj) .

- Compute the color distance:d=|IC; -Gjl| <tc.

— If d 1is true, merge the bounding rectangles: M=(min(X;, X;), min(y;, y;j),
max (Xj+wi, Xj+w;) - min (X, X5), max(yj, +h;, y]-+h]-) - min(yj, yj)) . Add M to the merged
candidates list.

v) Draw rectangles for each merged candidate (F,, (x,vy), (x+w,y+h) , (0,255,0),2).

Three-Component
Color-Texture Features
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Figure 1. Creating dictionary with three components color texture features HSV

3.3. Color texture extraction for facial expression

The proposed dictionary system uses color—texture features from RGB face images.
Histogram-based features are extracted across multiple color bands to enhance sparse representation face
recognition [31], [32], while novel color vector difference patterns improve skin texture discrimination,
computed using a circular neighborhood of radius R and P pixels [33].

3.4. Automatic face and jersey finder
Building on prior work [34], [35] the system integrates an automatic face and jersey finder using a
hierarchical top—down parsing tree to detect jersey numbers and facial features. Frames are recursively
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segmented to reduce computation, while kernelized correlation filters and multiple instance learning [37]
enable fast tracking and adapt to appearance variations. These mechanisms together improve accuracy and
real-time player monitoring.

3.5. KSP-ID model with deep learning techniques

Subsection 3.2 outputs feed into the KSP-ID model, where efficient segmentation ensures precise
player identification. Recognition is done through multiple camera and close-up views, using both face
detection and jersey number recognition [38], [39]. Some approaches use direct jersey number recognition
through alternative descriptors [41]. The MOT technique used is based on track-to-detection association
based on KSP optimization [42], but switching identities takes place in the absence of strong appearance
models [43]; online MOT based on MOT can only happen when cues are present in motion and
appearance [44]. In terms of robustness, the deep learning techniques have been useful: ID-Net uses body
attributes while deep regression trackers [45] use residual connections and hard-sample mining on CNNss.
KSP-ID fuses face and jersey tracking by using spatial color features and local binary pattern (LBP) with
deep players' identification [46]. Appearance similarity scores S,(dy, t;) assesses visual characteristics using
metrics like color histograms and texture descriptors. Motion similarity Sy,(dy,t;) is derived from the
predicted position £, using a motion model, calculating the distance between the detection and predicted
position. Proximity similarity Sp(dy, t;) measures the closeness of the detection to the predicted position.
Total similarity score combines these metrics as in (3).

S(dy, t)=wgq - Sa(dy, tj)+ Wp Sy (dy, tj)+ wy,- Sp(dy, t;) (3)

A cost matrix C is formed where Cy; = 1-S(dy, t;) defined as assignment problem. The Hungarian
algorithm optimally assigns detections to tracks, confirming a track as normal if it maintains consistent
associations across frames. In cases of absence, tracks may transition to "Lost" or "Occluded," influenced by
the duration of the absence, while identity recovery utilizes appearance models for real-time surveillance and
effective multi-target monitoring through probabilistic data association. To reduce drifting and
mismatching after occlusion, thresholds Tj,s; and Toccugeq are applied to normal tracks without assigned
measurements. Normal tracks without assigned measurements may transition to "Lost" or "Occluded" based
on absence duration, while identity recovery uses appearance models and probabilistic data association to
enable real-time surveillance of low-resolution color targets in dynamic environments, referred to as the
re-identification mechanism [42], [44], [45]. Algorithm 2 details this procedure, covering similarity-score
computation, the Hungarian assignment step, and the track-state transition rules described above.

Algorithm 2. Similarity scores computation and track management

i) Similarity scores computation for each detection d; and existing track t,, compute the
similarity scores:
- Appearance similarity Sa(dk,q): this function can incorporate metrics like color
histograms, texture descriptors, and shape features.
— Motion similarity S, (dg, ) : predicted position @ using a motion model (e.g.,
Kalman filter):
@ = £(t, wj) where %»is the control input.
) . _ dk=till\2
- Compute the distance from the detectlon:Sm(dk,q)—expﬁj;;—).
.. - ) _ 1
_ Proximity similarity: S%(dk,q)g;qﬂajgﬁ.
— Total similarity score S(dy, tj): combine the scores using weights w,, Wy, wp:
S(dk, tj):wa~5a(dk, t])+wm5m (dk, tj)+wp' Sp (dkl t])
ii) Assignment problem: given similarity scores S(dk,g), construct a cost matrix C:

— Total similarity score: Cy; = 1-S(dg, ).

- Use the Hungarian algorithm to find the optimal assignment that minimizes total
cost: minimize ZﬁlejXH, where X,; 1s a binary variable indicating whether
detection k is assigned to track j.

- Track state transition conditions.

— Tentative track confirm as normal track if associated across multiple frames:

If YI_,association (dy, t;,t) 2 Tppnpirm=normal track.

Transition to lost track:

- Transition to lost track if no association for Ty frames:
If association (dg, t;,t) =0 for Tj frames=lost track.

- Occluded track handling: remain in occluded track if partial detection is
associated: if partialiassociation(dk,q,n =occluded track.

— Termination of tracks: terminate if in lost track for Ty frames
If not detected for T, frames=>terminate track.

iii
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iv) Re-identification mechanism use appearance models for identity recovery:
— Ssreip (dk,g,ﬁ = similarity (appearance embedding (dy), appearance embedding (t)) -
A real time adaptive visual surveillance system for tracking low-resolution color
targets in dynamically changing scenes.

3.6. Evaluation metrics

To improve annotation quality, the initial labels are refined by suppressing false positives and
incorporating missed detections, producing corrected labels y_corr. These are used to fine-tune the teacher
network, yielding the final teacher network (FTN) with improved annotations FTN(X). Performance is
measured using the multiple object tracking accuracy (MOTA) metric, as defined in (4) [47].

(Ze(cmme+ cpfpe+ csmmer))

Cegr)

MOTA=1- (4)

Where m;, fp;, and mme, represent false negatives (FN), false positives (FP), and IDS, respectively,
with g, as ground truth. To address sensitivity to IDS, the generalized multiple object tracking accuracy
(GMOTA) [2] replaces mme with gmme, accounting for correctly labeled trajectories, as defined in (5).

_ (Te(emme+ crfpet csgmmey))

GMOTA =1 SR

)

Alongside MOTA and GMOTA, true positives (TP), FP, FN, and IDS were reported. Knowledge
distillation for real-time detection to ensure real-time deployment, knowledge is distilled from the ResNet-50
teacher network into a faster ResNet-18 student network, both enhanced with an FPN [48]. The pipeline is
trained on unlabeled SoccerNet broadcast videos [49], improve detection of faces, jerseys, and player bodies,
balancing accuracy with computational efficiency for real-time sports analytics.

4. RESULTS AND DISCUSSION
4.1. Result space, evaluation possibilities, and algorithmic behavior

The suggested model was thoroughly tested in real-world operations to assess its durability and
stability. The cases used involved the scattering of players in an uneven manner, interaction at medium
levels, and densely packed playing sessions, where the key problem was often overlapping of the players'
images. In addition, the test was performed in static and highly dynamic motion environments involving
short and long-term activity monitoring. This evaluation was carried out in both single- and multiple-camera
configurations allowing for the comparison of single-view spatial perception and multiple-view redundancy.
Some of the factors involved in the evaluation include jersey distortion from quick body movements,
occlusions owing to players overlapping each other, resemblance between players, and image blur because of
varying light conditions.

In fact, the DPRI block succeeded in maintaining an excellent discriminative power among visually
similar players across all conditions mentioned above, while the individual probabilistic overlapping
bounding box contributed significantly to 3D groundings in the presence of noise. With the introduction of an
identity-aware KSP-ID method, a continuous identity flow for tracking-by-detection could be achieved without
facing the issue of fragmentation and identity drift, a typical feature of KSP approaches [49], [50]. Generally
speaking, the model was highly resilient in all scenarios, generating consistent tracks with minimal identity loss.

4.2. Quantitative evaluation

Quantitative evaluation on APIDIS and comparative analysis with literature. Evaluation results on
the APIDIS dataset are shown in Table 1. The traditional KSP-based algorithms KSP [49] and constrained
k-shortest paths (C-KSP) perform well in terms of moderate tracking accuracy (MOTA = 49.0% for KSP and
58.9% for C-KSP) but experience high identity fragmentation (IDS = 6.5 for KSP and 4.6 for C-KSP),
mainly due to weak appearance reasoning capability. Probabilistic and occupancy-based solutions like
dynamic programming (DP) [51] and volumetric mass densities (VMD)/volumetric mass densities
constrained (VMDc) [52] can enhance spatial grounding and lower IDS, albeit in dense scenes.

More advanced systems such as temporal motion and spatial association (TMOSA) [53], trajectory
matrix approximation via expectation-maximization (TMAP-EM) [54], and multi-sensor pedestrian tracking
(MSPT) [55] incorporate richer temporal and structural constraints, achieving higher MOTA (79.9-85.5%)
and substantially reduced IDS. Meanwhile, multi-camera deep frameworks such as multi-camera
multi-person tracking and identification (MCMPTI) [58] exploit spatial redundancy to improve global
tracking performance, obtaining high GMOTA (72.3%) and the lowest reported IDS (0.6). The given
framework, in direct comparison, scored MOTA 84.5%, GMOTA 67%, and IDS 1.0, thus showing accuracy
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that is either on par or better than most recent top-notch systems and at the same time ensuring identity
stability that is as good as or better than the best probabilistic and hybrid association models [53]-[57]. It
should be noted that the proposed method is not like TMOSA [53] that requires the imposition of
pre-structured constraints or MCMPTI [57] that can only work under certain multi-camera conditions, but
rather it is a strong performer in the area of fully automated and generalizable pipelines.

Table 1. Quantitative comparison of proposed method against state-of-the-art trackers on the APIDIS dataset

Method MOTA] GMOTA1 TP{ FP| FN| IDS|
KSP [49] 49.0 38.0 862 138 313 65
C-KSP [50] 58.9 433 88.1 119 225 46
DP [51] 495 39.1 — - —
VMD [52] 59.7 — 887 172 286 14
VMDe [52] 67.5 — 930 125 244 13
TMOSA [53] 85.5 68.7 1045% 26 135 12
TMAP-EM [54]  79.9 — 101.6* 66 154 1.6
MSPT [55] 78.6 — 987 102 222 43
Hybrid full [56] 626 — — — —
MCMPTI [57] 81.1 72.3 1032* 62 146 06
This work 84.5 67.0 101.0* 42 129 1.0

4.3. Ablation analysis on APIDIS

The study conducted an ablation analysis to determine the impact of each new component with the
help of Table 2. The basic probabilistic occupancy mapping combined with KSP-ID shows that high rates of
performance are impossible (MOTA 49.0%, GMOTA 38.0%, and IDS 6.5), the results are pretty much the
same as those previously reported for graph-optimization frameworks that are classical [49], [50]. Adding
cascade mask R-CNN to the process not only greatly increases the integrity of detection but also lowers the
IDS to 4.7, which indicates the significance of reliable segmentation priors found earlier in player thick
environments [18], [24].

Table 2. Ablation experiment results on the APIDIS dataset

Method MOTA 1 GMOTA 1 TP 1 FP| FN| 1IDS|
POM + KSP 49.0 38.0 86.2 221 313 65
Cascade mask RCNN-P + POM +KSP  61.3 51.4 92.4 145 269 4.7
Ours DPRI 72.0 60.0 97.8 1.3 214 3.6
Ours IPOBB 75.0 62.0 99.2 10.6 200 2.8
Ours KSP-ID 78.0 65.0 101.3* 8.5 18.6 2.1
Ours (full) 85.5 69.0 104.8* 4.2 122 0.7

The addition of the DPRI module has a drastic effect on the tracking consistency that now reaches
(MOTA 72.0%) and further brings the IDS down to 3.6. This shows the need for strong appearance and
identity embeddings which are already corroborated by [35], [44] to be the case with deep identity learning
systems. Then came the addition of IPOM and KSP-ID which lowered IDS further to 2.1 by means of better
3D localization and identity-aware association, which is similar to the results earlier obtained in [14], [51]
with multi-view occupancy tracking frameworks and [41], [52] with identity-correlated graph optimization.
The complete framework at last achieves MOTA 85.5%, GMOTA 69.0%, IDS 0.7, thus evidencing the
interdependence of jersey recognition, facial cues, deep embeddings, and KSP-based identity reinforcement
through their complementary interaction.

4.4. Evaluation on the STU dataset

Evaluating the system with the STU dataset once more is an assurance of its generalization as shown
in Table 3. The very first baseline results (MOTA 41.4%, GMOTA 34.9%, and IDS 13.6) indicate the
extreme difficulty of the dataset which is marked by very high player density and frequent severe occlusions.
Though MOTA is escalated to 55.1% by cascade mask R- as for CNN, the degree of identity fragmentation
remains rather high since the intersection of all scenarios leads to a lot of ambiguities. At that, the inclusion
of DPRI, IPOM, and KSP-ID modules in sequence contributes to a consistent increase in MOTA up to 80.0%
from 70.0% and in GMOTA up to 65.0% from 55.0%, while at the same time leading to a reduction in IDS
as well. Such a tendency in performance can be regarded as an example of what was stated previously
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regarding the problem of identity preservation in dense sports tracking [52], [54]. At the same time, CNN is
proved more stable than KSP-based pipelines and approaches.

Table 3. Ablation experiment results on the STU dataset

Method MOTA{ GMOTA{ TP{ FP| FN| IDS]
POM + KSP 41.4 349 77.9 256 362 136
Cascade mask RCNN-P + POM +KSP  55.1 42.5 86.8 223 314 99
Ours DPRI 67.0 54.0 97.3 129 257 -
Ours [POM 69.0 56.0 100.3* 12.1 12.1 243
Ours KSP-ID 72.0 58.0 103.2* 10.0 10.0 23.0
Ours (full) 80.0 65.0 107.6* 5.7 5.7 17.2

4.5. Re-identification performance

Player re-identification performance is summarized in Table 4. Baseline performance remains weak
due to limited appearance discrimination, while the cascade mask R-CNN model considerably improves
match consistency. The deep player module surpasses both, achieving rank-1 = 90.2%, top-3 = 93.5%, and
mean average precision (mAP) = 80.0%, consistent with prior evidence that deep structured identity
representation substantially enhances player recognition robustness in sports analytics [35], [52].

Table 4. Ablation studies on player re-identification on the STU dataset

Method top-11  top-31 mAP?
POM + KSP 58.4 68.1 9.8
Cascade mask RCNN-P + POM +KSP  85.9 90.9 75.0
Deep player 90.2 93.5 80.0

4.6. Discussion

The experimental results clearly show that combining the deep re-identification approach, the
probabilistic multi-view localization, and the identity-aware graph optimization has a tremendous effect on
the reliability of multiple players’ tracking in dynamic sports environments. The classical KSP
trackers [49], [50], on the other hand, which mainly rely on keeping track of the trajectories and use very
little appearance cues, do not have the proposed framework that introduces discriminative identity semantics
and spatial grounding, whose role is to set up stabilizing constraints in the times of ambiguous association
states. This is especially true for the high-density scenes where there are frequent inter-player interactions
and overlapping bounding regions that have been leading to fragmentation and identity drift traditionally,
phenomena that have been extensively reported in the previous tracking literature [14], [51], [52], [54]. The
evaluation results that show a marked reduction of IDS in our case confirm that deep feature embeddings and
jersey-guided recognition reinforcement of identity provide a corrective influence over the conventional
motion-only reasoning.

One of the most significant results is the DPRI module's support of long-term identity consistency in
a significant way. The model, like previous identity-centric systems [35], [44], is aided by a hybrid
appearance representation that comprises global player structure, jersey semantics, and localized
discriminative embeddings, but it is not as previous works where jersey recognition was an isolated
recognition task [10]-[13], [38], [39] and recognition done separately, thus, the current framework
connects jersey cues to the association process and turning jersey digits from a passive feature into an active
identity constraint. This accounts for the strong correlation between improved re-identification metrics and
reduced IDS values, which further supports the recent conclusions of multi-camera and sports tracking
research [13], [52], [57].

The probabilistic occupancy and [POM methods give an extra structural benefit in particular to
gameplay situations that are heavily blocked. Early works using probabilistic and volumetric
methods [14], [51], [53], [56] have shown that 3D reasoning with occupancy restrictions can substantially
lower localization ambiguity. The current system goes one step further by integrating occupancy into
identity-aware graph optimization instead of using it as a separate localization stage. By doing so, the system
makes sure that the spatial and identity decisions are made concurrently throughout the tracking process,
which avoids the common "identity snap" phenomenon happening when a system relies only on geometric
alignment or a visual similarity. The identical performance of APIDIS and STU indicates that the new model
has the capability of maintaining its robustness over datasets with very different levels of congestion and
visual complexity. This has been a major problem in sports analytics historically.
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The evaluation of the proposed system was against TMOSA [53], TMAP-EM [54], MSPT [55],
hybrid stochastic—deterministic trackers [17], and MCMPTI [57] and showed that the proposed system has a
well-balanced performance profilee. MCMPTI, with its extensive multi-camera redundancy, and TMOSA,
with its strong structured constraints, have achieved better performance than the proposed model. However,
the proposed architecture is able to perform at a similar level and even show some competitive traits in terms
of identity stability without aggressive scene assumptions or complex constraint tuning. This indicates that
the proposed architecture has a more adaptable solution for different types of sporting situations, such as
those with inconsistent camera calibration or without any infrastructure at all, where it may not be always
guaranteed that the camera calibration is the same or that the infrastructure is present.

In spite of these benefits, there are still a few limitations that need to be pointed out. Over extreme
and prolonged occlusion, or when jersey digits stay completely invisible for long periods of time, the system
performance still gives way. This is consistent with past research on jersey-driven systems [10]-[13], [38].
Similarly, it could be that visual embeddings used for identity rely too much on the domain, and transferring
across significantly different visual environments, lighting conditions, or team uniform designs may become
an issue. The system also suffers from high computational cost due to the multi-stage processing and
high-dimensional embedding extraction, which is a characteristic shared by advanced deep tracking
architectures [21], [35]. Besides, even though the stability is enhanced by multi-camera conditions, the
performance in challenging monocular environments could still be improved by stronger temporal reasoning
or learned motion priors.

In summary, the presented results bolster the argument that the combination of jersey semantics,
deep re-identification, probabilistic spatial reasoning, and KSP-based identity-aware optimization is the most
effective approach to sports multi-player tracking from a structural point of view. The showcased advantages
over basic KSP frameworks [49], [50], probabilistic occupancy models [14], [51], hybrid optimization
trackers [17], [41], and contemporary deep learning and multi-camera solutions [52], [54], [55], [57] indicate
that the proposed method is a significant and scalable step forward in the direction of dependable automated
sports analytics.

5. CONCLUSION

In this paper, a comprehensive player tracking method is suggested which combines DPRI,
multi-view occupancy modeling, and identity-aware KSP optimization for handling identity changes and the
instability of paths in dynamic sports scenes. The tests done on APIDIS and STU datasets showed that the
proposed method provides considerable benefits in terms of tracking accuracy, global stability, and identity
consistency when compared with traditional KSP systems, probabilistic occupancy methods, and
cutting-edge deep and hybrid trackers. The ablation study confirmed that the robustness achieved is the result
of the collaboration between jersey-guided semantics, deep embeddings, and spatial grounding. The approach
that is being presented still reveals a strong level of generalization and scalability even though extreme
occlusions and domain shifts are still issues impacting performance. The future research will then point at
improving computational efficiency, carrying out evaluations in a wider variety of sports scenarios, and
integrating the latest temporal and self-supervised learning techniques to further confirm long-term identity
preservation as the most critical problem to be solved.
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