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ARTICLE INFO ABSTRACT

Received: 18 Dec 2024 The core function of computer vision research is object tracking but

problems with illumination changes and object obscuration and sensor

noise and sudden object motion remain obstacles to reach optimal

Accepted: 28 Feb 2025 tracking results. A novel dual-object tracking system developed this
study merges Kanade-Lucas-Tomasi (KLT) optical flow tracking and
Particle Swarm Optimization (PSO)- based swarm intelligence tracking
with meta-learning to boost tracking accuracy and adaptability. This
system integrates KLT for tracking target dominant points across video
frames with PSO to concurrently track boundary information which
produces strong object localization results in dynamic conditions. The
system benefits from meta-learning because it helps track procedures
by establishing universal knowledge across different scenarios while
learning new tasks from limited training data. The experimental testing
demonstrates how the proposed system achieves superior performance
over current tracking methods in terms of both precision and operation
speed and stability. The system demonstrates effective performance
when tracking short and long videos under static and dynamic
background conditions while overcoming deep learning tracking
limitations. This study contributes a cost-effective, scalable, and
adaptive tracking framework, suitable for applications such as
autonomous navigation, surveillance, and human activity recognition,
paving the way for future advancements in intelligent object-tracking
systems.
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INTRODUCTION

Object Tracking allows a camera to track moving objects as long as they are within its view range
under Variable Background and Static Background conditions. Time-based object detection combined
with tracking represents a significant technical obstacle for automatic surveillance systems along with
traffic monitoring and vehicle navigation applications. Object tracking becomes significantly hard and
complicated in situations where background conditions undergo frequent dynamic modifications
because of camera movement together with object speed variations and changes in light conditions
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along with noise disturbances and occlusion situations. The algorithms implementing tracking need to
demonstrate robust performance in conjunction with flexible capabilities and adaptable strategies for
such unpredictable conditions. The system needs to perform tracking in real time. This system has
been operational for multiple decades. Various tracking methods have appeared in research space
demonstrating different levels of accuracy and performance (Babenko et al. 2010) (Grabner et al,
2008). Multiple challenging problems persist in tracking because of the causes explained before. We
implement dual tracking through optical flow along with swarm intelligence that uses meta-learning
to achieve robustness in the face of mentioned challenges.

Meta-learning (Liu et al., 2025) is an advanced paradigm in machine learning that focuses on
designing algorithms capable of improving their learning processes over time. Unlike traditional
models that learn a specific task, meta-learning systems operate at a higher level by learning how to
optimize task-specific models. Object detection involves detecting distinct items within an image and
localizing them using a bounding box. Optical flow represents the pattern items. The motion
information obtained from optical flow proves useful for researchers who conduct moving object
detection and tracking (Schwarz et al., 2012) (Shin et al., 2005). Several optical flow methods exist
today which include Lucas—the Kanade method (Tomasi & Takeo, 1991), Horn-Schunck method
(Horn, 1968), Buxton-Buxton method, Black-Jepson method among others. Of all the available optical
flow approaches Horn- Schunck and Lucas-Kanade stand out as the methods most commonly used.
These detection methods demonstrate unique benefits together with individual drawbacks. The
researchers at (Shin et al. 2005) introduced object tracking under the non-prior training active feature
model through a three-step process starting with object localization and followed by spatiotemporal
based correction modeling then applying the NPT-AFM framework.

Meta-learning is employed to enhance the adaptability of the tracking algorithm by enabling the
system to learn from a collection of tasks and improve its performance in few-shot scenarios. By
refining the model on tasks with minimal data, meta-learning ensures that the tracking algorithm
remains effective in dynamically changing environments. Unlike conventional methods that primarily
focus on classification, this work integrates meta-learning to address challenges in object tracking,
making the system more robust and versatile in real-time applications. Figure 1 provides examples of
meta-learning applied to few-shot object detection.

J
Meta:Train <
Dataset

J
Meta-Test {
Dataset

Support set of 1-shot Task Results of query image
Figure 1. Example of a few short object detection with meta learning

The KLT method serves as a popular selection for object tracking applications as demonstrated by
(Stiefelhagen et al. 2007) when handling multiple-point tracking in parallel environments. The video
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object segmentation process followed by optical flow application to track segments was implemented
by (Chen et al, 2011). The authors at (Cui et al, 2013) developed a probabilistic tracking system that
merged low-dimensional with high-dimensional tracking techniques. Tsutsui et al., 2001 developed an
optical flow-based tracking solution which used multiple cameras instead of a single camera. This
method determined object positions during occlusion using different camera perspectives. The
research community engaged in two works of 2012 first (Liu et al., 2012) developed a tracking
technique merging lower and higher dimensional information then (Brox et al., 2006) presented a 3D
pose-tracking system through optical flow with contour and flow-based boundary techniques. The
system of Aslani et al. (2013) merged both optical flow computation with image processing methods to
obtain pixel location data from object movement between sequential frames for complete tracking
control. The method used optical flow to create motion vectors that performed frame-to-frame object
position prediction based on (Kale et al., 2015). The broad utilization of optical flow in object
detection and tracking continues to struggle with obtaining reliable comprehensive data streams that
constitutes an unresolved problem for tracking objects (Husseini, 2017).

The incorporation of meta-learning brings a revolutionary solution for dealing with the identified
obstacles. The main goal of meta-learning involves creating tracking models that learn new tasks
efficiently using limited data thus making them suitable for changes in environmental conditions
including object blocking and lighting adjustments. The research by Wu et al. (2013) presented an
evaluation for object tracking that reported metrics from powerful methods including ASLA with its
sparse reconstruction system and BSBT applying supervised and semi-supervised recognition and
tracking approaches. The tracking system achieves better scenario generalization using meta-learning
technology which dynamically readjusts its parameters to enhance processes related to detection
segmentation and tracking.

The adaptive capabilities of meta-learning could enhance both probabilistic tracking based on
color (CPF) along with the circulant structure of tracking-by-detection with kernels (CSK). Meta-
learning allows training across diverse tracking tasks and scenarios which strengthens both the
robustness and efficiency of these algorithms for developing real-time adaptive object-tracking
systems aimed at resolving long-standing field challenges (Kaihua et al, 2012).

Researchers dedicated extensive attention to bio-inspired tracking tools throughout the past
twenty years (Sevilla-Lara et al., 2012). The three methods ACO, PSO and GA gained popularity
because of their fast convergence abilities combined with efficient and robust performance.

Research conducted before demonstrated the effectiveness of PSO in tracking problems according
to Richards et al (2004). Particle Swarm Optimization enables (Zheng et al., 2008) to search optimal
matchings within high-dimensional space features where a pre-defined classifier set detects Haar-Like
features. The temporal continuity measurement between two consecutive frames determines swarm
particle flights for tracking according to (Li et al, 2008). PSO calculates tracking success by measuring
template and object movement differences. The approach proposed in this thesis receives evaluation
against the Multiple object tracking using PSO technique (Hsu et al, 2012). The process starts with
establishing a grey-level histogram feature model after which PSO particles receive their distribution
based on the chosen target object fitness function. The GPU-Accelerated PSO method demonstrated
by Rymut et al. (2015) shows how real-time multi-view human body tracking operates by converting
3D human models into their corresponding particle poses which get rasterized in all particle planes.

The present work introduces dual tracking as the main innovation due to the absence of this
approach during the previous decades of object tracking research. The proposed dual tracking system
demonstrates exceptional reliability when used to monitor short video segments under static
backgrounds and variable conditions and also for tracking objects during lengthy video monitoring
under static backgrounds with variable conditions. Observations from Simpson (2015) along with our
critical assessment and our recent VGGNet experiments show that DNNs represent adult intelligence
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through accumulated knowledge applied to specific knowledge domains although they operate poorly
within novel situations. The authors argue that DNN-based systems should integrate fluid intelligence
capabilities with working memory functionality because it allows them to solve abstract problems and
novel challenges within unknown environments (Schneider et al., 2012). Such challenging issues
together with various other proposals (Gray et al., 2003) need a complete review process to draw final
conclusions. An independent work must handle these matters separately from the main discussion.

Our proposed tracking method combines KLT and PSO tracking systems under a dual-tracking
optimization that incorporates meta-learning improvements. The innovative algorithm brings
effective solutions to complex tracking problems where it outperforms conventional methods. The
application of meta-learning removes the requirement for extensive re-training and pre-trained model
dependence when tracking previously unseen objects. The real-time calculation of tracking dominant
points or boundaries through dynamic process adaptation makes meta-learning possible for achieving
seamless tracking in unknown environments.

This tracking framework featuring KLT and PSO integration under meta-learning supervision
produces an intelligent system that ensures high accuracy in background conditions that change or
stay static. Through their combined functionality the dual trackers form two elements that enhance
each other for an overall system which combines robustness and affordability with exceptional
performance in situations where DNN-based tracking algorithms typically fail. The proposed dual-
tracking algorithm successfully tracks objects within diverse lengths of challenging video sequences.
The system can calculate new dominant points for target objects in real-time without needing
complete training from scratch just like standard DNN-based tracking methods require.

The proposed method makes use of KLT tracking technology to track dominant points of target
objects throughout all video frames with PSO tracking providing boundary monitoring from frame two
until the termination. The target object boundary tracking process commences at the second frame
through a PSO (Particle Swarm Optimization) tracker based on swarm intelligence. The optimization
system of meta-learning controls track interaction by adapting to environmental changes that include
variations in illumination and noise as well as occlusion elements. The algorithm displays dependable
operation while adapting to static or variable background conditions thanks to its flexible system
design that results in successful application in complex tracking solutions. The research develops a
dual-tracking algorithm which unites the Kanade-Lucas-Tomasi (KLT) tracker together with the PSO-
based tracker and the addition of meta-learning principles for object-tracking tasks.

The paper presents a tracking framework which combines KLT tracker with PSO-based tracker to
obtain efficient results through their respective abilities for short and long sequences. A dynamic
mechanism based on meta-learning principles operates in the framework to improve tracking
algorithm performance through the adaptive framework structure which circumvents time-consuming
retraining procedures over different environmental conditions.

This paper can achieve a balance between computational efficiency and tracking accuracy, making
the method suitable for real-time applications in both static and dynamic backgrounds. Detection
methods help minimize alignment hazards yet knowledge gaps alongside evaluation and comparison
issues persist. Standard is necessary to simplify tunnel engineering plan optimization and decision-
making processes.

Features of Detection and Tracking

There are no two leaves in the world that are identical; each has its distinct qualities. When
tracking an object, the selection of suitable characteristics may significantly alleviate the
computational burden (Wolf, 2014) (Yang & Ying, 2005).

While several tracking algorithms use a mix of various aspects, a comprehensive understanding of
each feature is crucial for tracking in computer vision. Presented below are a few prevalent
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characteristics.
A. Color

This aspect of computer vision is often used for histogram-based appearance representations.
Furthermore, it is among the most often used functionalities for monitoring (Yoon et al., 2012). The
characteristic of color is often represented by the RGB color space, including red, green, and blue.
Utilizing color as a characteristic for tracking presents a significant issue since the color feature is
readily affected by variations in light.

B. Histogram

HOG (Walk et al., 2010) serves as a widely employed characteristic for human body detection
systems along with establishing itself as a dominant feature. Sufficient in-variance against geometric
distortion and optical deformation exists within the HOG model through its operation at the local grid
unit of pictures. Inside the sample space and with fine orientation sampling and robust local optical
normalization conditions in place the human detection outcomes remain unaffected when the human
body stands upright despite minimal body movements thus explaining why HOG features are widely
used in human detection.

C. Edges

Edge detection is used to discern variations in picture brightness that delineate object
boundaries. It differs from color features because of its less sensitivity to variations in light.

D. Optical Flow

The motion-based segmentation and tracking field regularly utilizes optical flow as one of its
main features (Li et al, 2014; Dalal &Bill, 2005). A dense field of displacement vectors delineates the
translation of each pixel inside an area. The brightness constraint functions as a calculation method to
determine optical flow while assuming pixel brightness stays constant from one frame to another.
New technological developments have given rise to multiple important algorithms for dense optical
flow estimation including the Horn-Schunck Algorithm (Lepetit et al, 2005) (Mokri et al, 2009).

A structured breakdown follows: Section 2 provides an extensive review and discussion of existing
object-tracking techniques which ultimately leads to supporting the reason for implementing the new
proposed method. The section 3 describes the dual tracking framework through KLT and PSO and
meta-learning integration while providing details about system configuration involving datasets. The
proposed method achieves evaluation in this section 4 alongside state-of-the-art techniques along
with discussion-based results. This work concludes through a summary of findings coupled with
contribution highlights and proposed research paths in Section 5.

LITERATURE REVIEW

The research by Liu et al. (2025) developed a few-shot bearing fault diagnosis approach which
uses semi-supervised meta-learning alongside a simplified graph convolutional neural network (semi-
meta-sgc). The adjustment of spectrum samples into nodes allows KNN to build a network structure
which transforms defect classification into structured node classification. Meta-learning and graph
convolutional neural networks together with semi-supervised learning enable the development of a
node classification system which achieves high accuracy through restricted training sample input for
bearing defect recognition across diverse operational conditions. The proposed method achieves final
validation through executing four test scenarios alongside alternative method comparison evaluations.
The examining data demonstrates that the proposed method outperforms other techniques in
recognition accuracy alongside stronger generalization abilities.

The researchers at Wang et al. (2025) established a few-shot defect diagnostic system through
their combination of multi-scale perception multi-level feature fusion image quadrant entropy
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(MPMF-FIQE). Transient signals transformed through Gramian angle summation field (GASF)
produce pictorial outputs that maintain complex mechanical state information. The fusion image
quadrant entropy method combines non-linear dynamic features from these feature maps to generate
the mechanical MPMFFIQE set of features.

Experimental case studies validate that MPMFFIQE achieves accuracy gains reaching 12.90%
above six alternative feature selection approaches. A single training sample per state enables the
proposed model to reach accuracy rates above 98.10% and this surpasses the six current models by
27.48%. The created model demonstrates its capability to detect industrial mechanical problems while
maintaining accuracy levels using minimal training example requirements. The model shows excellent
universal applicability to different mechanical devices which makes it highly functional for practical
purposes.

The authors of (Lateef et al., 2024) presented a method to increase BSO ontology alignment
capabilities. The SA-BSO provides a new solution to handle memory allocation alongside algorithm
investigation along with exploitation execution. The SA-BSO algorithm promotes effective sensor
ontology matching through swarm inter-generation communication methods. The research conducted
tests the effectiveness of SA-BSO through three pairs of actual sensor ontologies combined with the
Conference track. (Zhang et al.,, 2024) endowing a deep model with the capability for few-shot
learning (FSL) is a fundamental problem in artificial intelligence. Gradient-based meta-learning
proficiently tackles the difficulty by acquiring the ability to learn new tasks. The central concept
involves training a deep model using bi-level optimization, whereby the outer loop develops a
common gradient descent algorithm (termed meta- optimizer), while the inner loop utilizes this
method to refine a task-specific base learner with few instances. Despite the greater effectiveness of
these approaches in few-shot learning (FSL), the outer-loop procedure necessitates the computation
of second-order derivatives along the inner-loop trajectory, resulting in significant memory demands
and the potential for vanishing gradients. Drawing from contemporary diffusion models, we observe
that the inner-loop gradient descent procedure may be seen as a reversal process (i.e., denoising) of
diffusion, whereby the objective of de- noising is the weights of the base learner rather than the
original data. Consequently, they suggested conceptualizing the gradient descent algorithm as a
diffusion model and introducing a novel conditional diffusion-based meta- learning framework,
termed MetaDiff, which adeptly simulates the optimization process of base learner weights
transitioning from Gaussian initialization to target weights in a denoising fashion. Due to the training
efficiency of diffusion models, our MetaDiff does not need differentiation across the inner-loop route,
hence significantly reducing memory loads and mitigating the danger of disappearing gradients to
enhance few-shot learning (FSL). Experimental findings indicate that our MetaDiff surpasses the
leading gradient-based meta- learning approaches in few-shot learning challenges.

The combination of adaptive gain control algorithm together with flocking SWARM algorithm
using adversarial agents enabled a communication-less system to operate at full functionality and
speed according to (Tianbo et al., 2023). The research traces the complete cognitive structure of this
biological swarm intelligence (Chao et al., 2025) which starts at inception and ends with completion
(Flocking algorithm). The system demonstrates a high level of reliability through diverse operations.
The system enhances group prediction through neighbors by implementing adaptive gain control and
a partial Kalman filter. The SWARM drone’s integrated camera can activate the Object Recognition
visual technique after the system achieves stability. The system proceeds from simulation to actual
operational level. According to Pazho et al. (2023) precise and real-time intelligent surveillance
requires immediate attention because vision-based artificial intelligence evolved and Internet of
Things-connected cameras expanded and society demanded rapid equitable security systems. The
research developed Ancilia as a fully integrated surveillance system which combines scalability and
intelligence and was designed specifically for the Artificial Intelligence of Things (AIoT). Ancilla unites
modern artificial intelligence technology with real-time functional surveillance through systems which
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handle ethical obligations when running high-level cognitive operations in real-time. Ancilia ventures
into transforming surveillance platforms with powerful and just security solutions that achieve
effective protection while maintaining privacy safeguards for individuals.

The combination of unmanned aerial vehicle technology with swarm intelligence enables the
standardized development of hundreds of small UAVs into effective military swarms for executing
complex combat operations through ad-hoc networks according to Wang et al. (2022), thus creating
major defense problems for low-altitude airspace operations. Security at low-altitudes depends on
optical tracking systems to identify UAV swarm approaches to allow development of countermeasures
for UAV protection. The UAVSwarm dataset contains labeled images from thirteen movie sequences
which reveal nineteen drone types across twelve thousand nine hundred ninety-eight pictures while
each sequence displays drone numbers from three to twenty-three. The study implements two
complicated depth detection models known as Faster R-CNN and YOLOX as benchmark standards.
The investigative performance demonstrates that the dataset consists of availability and consistency
and universality elements. The UAVSwarm dataset serves practical purposes for different UAV
detection systems and UAV swarm multi-object tracking evaluation frameworks.

According to Alrowais et al. (2022) object detection functions as a computer vision method that
recognizes semantic objects from their particular class in digital images and videos. Object detection
serves as a common application for crowd density analysis in practical use. Crowd density
classification models work better with convolutional neural network (CNN) models because non-
uniform density and occlusion and inter-scene and intra-scene variations create obstacles in this
process. The MDTL-ICDDC method recommends an approach to improve video surveillance system
efficiency when detecting and classifying crowd density levels. The MDTL-ICDDC model employs a
Salp Swarm Algorithm (SSA) as its hyperparameter optimization method together with NASNetLarge
model which extracts features. The MDTL-ICDDC system delivered better performance than each of
Gabor, BoW-SRP, Bow-LBP and GLCM-SVM models alongside VGGNet and GoogleNet.

(Usmani et al., 2021) presented a deep learning framework for human action recognition to
address the limitations of existing state-of-the-art approaches. Each frame of the action sequences is
analyzed for spatial aspects to obtain appearance-based and structural information. Our methodology
enables tracking stability and strengthens the tracking process robustness which reaches an accuracy
of 97.09%.

(Alqgaralleh et al., 2020) presented a novel Reliable Multi-Object Tracking Model using Deep
Learning (DL) and Energy Efficient Wireless Multimedia Sensor Networks (WMSN). The
identification of cluster heads (CHs) as the first step uses fuzzy logic for reaching energy efficient
goals. Researchers then created RNN-T which stands for Recurrent Neural Network with tumbling
effect as their tracking technique for implementing in the second phase. The proposed RNN-T model
operates on sensor nodes but the cluster heads employ the tracking algorithm for animal observation.
Analysis takes place on the cloud server after tracking findings are transferred there. An experimental
analysis with genuine animal video data determines the effectiveness of the proposed approach. The
RNN-T model demonstrates superior performance than competing techniques according to the
research results. (Benabderrahmane et al., 2017) introduced a real-time object recognition and
tracking system using Adaboost classification, whereby a robust classifier is constructed via the
iterative amalgamation of weak learners. This approach utilizes discriminative characteristics by
examining several parts of the input picture. Rather than doing a comprehensive exploration of the
whole search space of potential visual characteristics, they advocate for the use of intelligent heuristics
to expedite processing time and select pertinent aspects from the picture that enhance detection rates.
The meta-heuristics include genetic algorithms, particle swarm optimization, random walk, and an
innovative hybridization of these techniques. The findings achieved in the context of an intelligent
transportation system demonstrate significant improvements in computing time, efficiency, and
accuracy. Table 1 depicts the comparison of re- viewed literature as shown below.
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Table 1. Comparison of reviewed literature

Authors [Ref.] Techniques Outcome

(Liu et al., 2025) KNN The findings indicate that this technique exhibits
superior recognition accuracy and generalization
performance.

(Wang et al., 2025) HHOSVM The suggested model attains an accuracy rate beyond
98.10% with just five training samples per state,
indicating a 27.48% enhancement compared to six cur-
rent models.

(Lateef et al., 2024) SA-BSO The effectiveness of ontology matching with SA-BSO

proves useful for sensor ontology alignment with
general ontologies particularly in conference planning
scenarios according to statistical data.

(Zhang et al., 2024)

Few-shot learning

Experimental findings indicate that our MetaDiff
surpasses the leading gradient-based meta- learning
approaches in few-shot learning challenges.

(Tianbo et al., 2023)

Flocking
algorithm

The neighbor observation for group speculation is
enhanced by using the adaptive gain control approach
and a partial Kalman filter.

(Pazho et al., 2023)

Internet of Things
(IoT)

Ancilia seeks to transform the surveillance domain by
providing more efficient, intelligent, and equitable
security solutions, fostering safer communities while
preserving individuals’ privacy rights.

(Wang et al., 2022)

Faster R-CNN

GNMOT along with ByteTrack represent the advanced
multi-object tracking (MOT) models which serve to
execute complete testing and validate performance
across datasets and evaluative metrics.

(Alrowais et al.,
2022)

KSA

Experimental findings demonstrate that MDTL-ICDDC
presents better performance than Gabor and all other
models including BoW-SRP, Bow-LBP, GLCM-SVM,
GoogleNet, VGGNet.

(Usmani et al., 2021)

DL

Our methodology enables tracking stability and
strengthens the tracking process robustness which
reaches an accuracy of 97.09%.

(Alqgaralleh et al.,
2020)

RNN-T

The suggested RNN-T model is run by each sensor node,
while the cluster heads implement the tracking
algorithm to monitor the animals.

(Benabderrahmane et
al., 2017)

Adaboost

The findings achieved in the context of an intelligent
transportation  system  demonstrate  significant
improvements in computing time, efficiency, and
accuracy.
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METHODOLOGY

This paper introduces a dual tracking solution through the combination of optical flow with
swarm Intelligence and meta-learning. The tracker named KLT uses optical flow techniques to track
the dominant points of target objects in frames starting from the first one until the final frame but the
PSO (Particle Swarm Optimization) tracker that relies on swarm Intelligence simultaneously tracks
the boundary information of target objects from frame 2 through the finish. The combination of
tracking operations gives trackers superior resistance to the previously stated problems. We establish
dominant points in the target object during frame one before tracking continues to the last frame. The
polygon generates target object boundaries starting from frame 2 at runtime. Straight-line segments
which connect the dominant points of the target object make polygonal approximations in every
frame. Many randomly dispersed particles can be observed in frame-2 throughout the complete image
search region. The swarm-based swarm distributes across all portions composing the dynamically
formed polygon which defines the target object. The swarm formation pattern on each line segment
develops through the minimum distance measurement of particles to their associated segment.

Data collection forms the initial phase of the process through the acquisition of diverse datasets
which are relevant to the operation. The acquired data needs preprocessing through cleaning
processes followed by normalization procedures to reduce inconsistencies. The extraction phase relies
heavily on KLT at its current operation point. The dimensionality reduction approach KLT uses data
variance as an efficient method to identify principal components within the data. It transforms the
data into a lower-dimensional subspace while retaining the most significant features. This not only
reduces the computational complexity but also improves the learning process by eliminating
redundant or irrelevant features. As a result, the dataset becomes more manageable and informative
for subsequent stages.

The reduced and optimized features are passed to swarm intelligence optimization, where PSO is
employed. PSO, inspired by the social behaviors of birds or fish, is an evolutionary optimization
technique. In this context, PSO optimizes feature weights, model hyperparameters, or even the KLT-
based feature subset. Each particle (solution) in the swarm explores the search space, adjusting its
position based on individual and collective best solutions, eventually converging to an optimal
configuration. The combination of PSO yields a system which optimally adjusts both features and
hyperparameter parameters to reach peak accuracy and operational effectiveness. The detection
methods conduct qualitative data collection about user reactions and contextual aspects and project
targets by employing surveys and interviews and observational analyses. All engineers, managers and
tunnel builders form part of the participants group. The evaluation of each detection methodology
requires assessments based on user experience together with assessments of practicality along with
assessments of limitations along with evaluations of ambient conditions and project requirements.

The optimized feature set and hyperparameter values are then passed to the meta-learning phase,
which focuses on learning to learn. Meta-learning acts as the intelligence layer that tailors the model-
building process to the dataset’s unique characteristics. It leverages prior knowledge or insights, such
as selecting appropriate learning algorithms or architectures, to adapt the pipeline dynamically. Meta-
learning algorithms can explore various model architectures and training configurations, guided by
the results of KLT and PSO, to develop models that generalize well to unseen data. In the model
creation phase, the machine learning model is constructed using the optimized features and
hyperparameters. The iterative process of hyperparameter tuning further refines the model, ensuring
it is configured for peak performance. This step benefits significantly from the integration of PSO, as it
continues to guide the tuning process, identifying ideal values for learning rates, regularization terms,
or other critical parameters.

A performing model moves to the evaluation phase forasive testing through validation methods
coupled with accuracy-related metrics and Fi-score or mean squared error. Among all models
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evaluated during the selection phase the most successful model receives final selection to correspond
with the end of optimization and learning processes. In the deployment phase the chosen model gets
integrated into a real-world application for generating practical predictions. This pipeline benefits
from KLT, PSO, and meta-learning integration because the methodology acquires stronger capabilities
to process high-dimensional data while optimizing learning settings and adapting response strategies
for specific tasks. This combination of components leads to the production of highly performing
reliable efficient models which suit various real-world applications.

A visual representation of image classification appears in Figure 2. The standard deep learning-
based object detector development process requires a sequence of five steps which begin with image
data acquisition followed by model type selection and preprocessing data and training the model and
finally evaluating the model effectiveness. This research adopts a comparable development approach
to which it adds evaluation and refinement steps. The core goal of this paper serves to develop an
object detector system which enables benchmarking different inference techniques.

Data collection

l

Data pre-processing

l

Feature extraction

—

Swarm Intelligence optimization

l

Meta Learning Integration

l

Model creation

1 - Model yelzcticn
m— Model Evaluation

Deploy

Hyperparameter tuning

Figure 2. Flowchart of proposed framework
Data Processing

Data preparation is essential for data analytics. Outliers and noise may arise from inadequately
controlled data collection. The analysis of such data will significantly compromise the pipeline’s
accuracy. Occlusions and overexposure must be taken into account in machine vision. A variety of
data preparation techniques will be used to refine the dataset, ensuring the model con- serves
computational resources by excluding unnecessary data. The dataset must be constructed in
alignment with the stated models’ framework requirements and input dimensions. The model requires
that the pictures conform to its specified input size requirements. Consequently, the input parameters
have been optimized for the model training input to enhance accuracy.

Kanade-Lucas-Tomasi (KLT)

The fundamental concept of KLT tracking may be elucidated by examining two photos inside an
image sequence. Every basic KLT algorithm starts with finding corners or interest points satisfying
the equation Shi and Tomasi (Misra & Ray, 2023).

min(1,,1,) =1
(1

Where 1,, 1, are two eigen values and 2 is a predefined threshold.
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Assume the first picture is acquired at time t and the subsequent image at time t + 1. The
incremental time t is contingent upon the video camera's frame rate and should be minimized. A
picture may be expressed as a function of the variables x and y. Let us denote a window in an image
captured at time t+t as I(x,y,t+1). The fundamental premise of the KLT tracking method is;

I1(,y,t+71) =1(x — Ax,y — Ay, t)
(2)

The second time-domain signal results from point shifting throughout the whole first time-
domain signal as per equation (2) (Ax,Ay). This amount can be defined as the displacement d =
(Ax, Ay) and the main goal of tracking is to calculate d.

Algorithm
We summaries the KLT algorithm as follows —
Step 1: Find the dominant points which satisfy min (A1, A2)>A.

Step 2: For each dominant point compute the displacement to the next frame using Lucas Kanade
method.

Step 3: Record the displacement of each dominant point and update its status in terms of velocity
and position provided its neighbor has better solution (see Section 3.3).

Step 4: Go to step 2 until all dominant points are exhausted.
Particle Swarm Optimization

PSO serves as an optimization method that launches its initial population by enabling "particles”
known as biological creatures to search through different areas during their evolutionary process. The
components that build PSO systems have built-in abilities to exchange information with their
surrounding environment. All particles determine their position autonomously through past
understanding that extends to also incorporate neighbor information. Optimal positioning by the
particle led to mutual advantage between it and its neighboring particle. The PSO approach fulfills
criteria for both regional and international search strategies. Through its operation the PSO algorithm
seeks optimal parameters within current times. Particle swarm optimization algorithms have become
popular recently because they offer high accuracy and fast convergence and easy implementation. PSO
Algorithm performs its operations as shown in Figure 4.

Initialization )

.
-
A

y

‘ Evaluate the fitness function ‘

v

Save individual and global
optimum value

v

‘ Update rate and position |

Are the optimization
criteria met?

Optimal solution

Figure 4. Schematic structure of the PSO algorithm
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PSO operates through two connected components which are Position and Velocity. A particle
determines its position through its individual velocity process. Position of individual particle i in the
search space during time interval t is represented by Xi(t). The position updation formula exists as

follows:
Xi(t+1) = Xi(t) + Vi(t + 1)
(3)
Where, Vi(t+1) is the velocity of particle I at time (t+1), which is computed based on this following
formula:
Vi(t) = Vi(t — 1) + CL.R1(P(t) — Xi(t — 1)_+ C2.R2(Pgp(t) — Xi(t — 1))
(4)

The variables C1 and C2 designate the relative comparative effects on social and cognitive aspects.
These learning rates receive the name of weights and typically maintain a fixed constant value for
balanced weighting between components. The random values R1 and R2 result in robust learning rate
components to achieve stronger performance. The position known as Py represents the historical best
location ever found by the ith particle throughout its search. The Pgg variable represents the
historically best position of the swarm and constitutes the particle with the closest solution.

The PSO-based tracker identifies the dynamically changing target object polygon through
continuous KLT-based improvement of dominant object points tracking. The conceptual framework of
swarm net compares directly to a neural network when employing swarm of swarms for object
tracking. Neural networks contain fixed connections between neurons where each weight needs to be
set after extensive data processing. Neural networks lead to exceptional learning accuracy but learn
only specific tasks as their primary principle. DTAM's swarm net performs without needing synaptic
plasticity but maintains vital cognitive functions such as crystallized intelligence and fluid intelligence.

Dual Tracking Algorithm with Meta Learning (DTAM)

DTAM serves as an advanced optimization method that boosts object tracking performance
through simultaneous operation of two tracking mechanisms by using meta learning. This method
consists of two tracking subsystems where the primary follows object positions using certain
predictions and the secondary manages uncertain conditions that may occur. The backup system
within the secondary tracker serves to reset primary tracking operations while assuring improved
precision for demanding situations. DTAM tends to combine with machine learning models to achieve
environment dynamism adaptation and precision enhancement. The system contains two parallel
tracking layers which protect against data failure throughout the tracking sequence. Fig. 4 illustrates
the representation of DTAM pseudocode in Figure 4 below.
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Alzorithm 1 Dual Tracking Meta Learning (DTAM)
procedurs DTAM (Video Sequence, with  Target Object)
Frames «— CALL Algorithm Frame Extraction (Video Sequence, with Target Object)
» Extract frames from mpat video.
breakpoint «+— CALL Algorithm BrPr Cale (Frames) » Calculate Breakpoints of target objects.
Dominant tols «+— CALL Algonthm Domimant Pt (brpt) » Calculate dominant points from breakpoints.
nSwarm «— Number of swarms
55 +— MNumber of particles per swam
for particles «— 1 to sz do
forpi «1tossdo
Initialize particle pi velocity and position
Imitialize p Best and g Best
Compute Procedure Finess Compute PSO (p1)
end for
. end for
.+ Meata-Leaming for Adaptive Hyperparameter Toning:
148, o, o+ Leam optimal leaming rate and inertia weight using meta-leaming
7. = Use historical data and environment feadback.
18. for particle i swarm do
12, » Dhymamically adjust o and o:
20. if Tracking emror increases, then
21, + Incresse o to encourage exploration
22, elze if Tracking error decreases, then
23, » Peducs o to focus on explodtation
24, endif
25, » Fine tune p Best and g Best using learmed parameters
26. end for
n
28
29

"

= - R

ek ek
oo

ok s
L e L

-
4

. for frame +— 1 to Framesz do
. for dompt +— 1 to domptls do
. old_dmpt — domptcls (dompt)
30, dommant pts «— CALL Algerithm Kt (dmpt)
31, if dommmant ptz (dmpt) - old_dmpt (dmpt) =0 then
2. New Dompts «— Dominant Point Reinitialization (Accepted Particles, domptels)

33, end if
34, endfor
33. end for

38, for swarm +— 2 to nSwarm do
37. forpie—ltossdo
38. Apccepted Particles +— Fitness Compute PO (p1)
39, if pi NOT in Accepted Particles, then
40. Update velocity of pl using Eq. (2)
41 Update position of pi using Eq. (1)
2 endif
43, endfor
44 end for
45, CALL Algorithm Bounding Box {Accepted Particles) » Draw boumding box based on particles from
Apcepted Particles vector.
48, end procedure

Figure 4. Proposed algorithm

The proposed algorithm describes object tracking methodology through a systematic sequence
which integrates swarm intelligence and meta-learning techniques as illustrated in Figure 4. The
algorithm starts by accepting an input video that contains the video feed for object tracking purposes.
Through frame extraction the video splits into independent frames so each frame gets processed
sequentially. Before tracking begins the pre-processing stage applies noise reduction together with
normalization methods to improve the extracted frame quality. At this point the Kanade-Lucas-
Tomasi (KLT) method executes feature extraction by tracking dominant feature points in each frame.
The selected points play an essential role in tracking an object’s movement and its relative position.
The extracted features become input to the PSO-based swarm intelligence tracking method. This
system applies Particle Swarm Optimization (PSO) tracking technology through which multiple
particles optimize accuracy by continuously adjusting their positioning to monitor object boundaries
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in real time.

The system conducts meta-learning optimization following swarm intelligence object tracking to
adjust to new settings and enhance tracking resilience towards lighting changes together with
occlusion and motion variations. The system operates guidance optimization through learned
knowledge to develop tracking parameters that boost model productivity during real-time operations.
The object position refinement step brings together KLT feature extraction, PSO-based tracking data
to achieve precise object positioning and drift correction.

The object tracking output reveals a precise position of the tracked object inside the video feed
and appears as depicted in Figure 5. At the end state the tracking cycle reaches its conclusion point. A
comprehensive tracking system emerges through the integration of KLT feature tracking with PSO
swarm intelligence and meta-learning adaptive learning processes which results in resistance against
complex dynamic conditions.

Start

r;“ Input video (Load video feed
AN for traclIing)

Frame Extraction (Split video
into individual frames)

l

Meta-Learning Optimization (Adapt
system to new environments)

Pre-processing (Noise reduction l
& Normalization) Object position refinement (Refine
i tracking using KI'T & PSO)
Feature extraction using KLT l
(Detect & track dominant points) : . X
] Final object tracking
output
PSO-based Swarm Intelligence i
(Particle track object boundaries)
l End

Figure 5. Proposed Flowchart

EXPERIMENT RESULTS

The experiments demonstrate the performance evaluation of this proposed method when
compared to established state-of-the-art algorithms. The assessment of the proposed approach
includes evaluation of accuracy and loss values from the training and validation phases to determine
its effectiveness along with robustness. One video stream with a static background and high to
moderate interest’s motion selects from the experimental test data. Red dots within Figure 6 signify
the dominant points chosen for object tracking that focuses on people along with luggage and
structural components. The selection bases arise from three possible methods of edge detection
alongside continuous movement parameters in the observed scene.

The dual tracking approach (KLT + PSO) illustrated in Figure 7 shows how a moving person gets
tracked in static background scenarios through both Kanade-Lucas-Tomasi (KLT) feature tracking
and Particle Swarm Optimization (PSO). Feature points labeled by the KLT algorithm appear as green
dots because they use optical flow to track dominant positions automatically for reliable movement
tracking. Meanwhile, the red dots indicate swarm particles generated by the PSO algorithm, which
optimizes tracking by dynamically adjusting particle positions to refine the object’s location.
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Table 2 presents a comparative analysis of the proposed algorithm against three existing
methods—MDNet, CREST, and DTAM—based on training and validation results. The metrics used for
evaluation include accuracy and loss for both the training and validation phases. The experimental
results of MDNet demonstrate suboptimal performance through a training accuracy rate of 0.63 and
loss value of 0.89 yet a validation accuracy rate of 0.62 with a loss of 0.86. CREST exhibits limited
training (0.51) and validation (0.50) accuracy performance along with moderate loss values (0.73 and
0.68) reflecting its reduced capability levels. The performance of DTAM surpasses its counterparts by
delivering 0.85 training accuracy along with 0.14 loss which corresponds to validation accuracy of
0.88 and validation loss of 0.11. The proposed method leads all current techniques by delivering
maximum training and validation accuracy levels at 0.94 while maintaining very low loss values of
0.12 and 0.09 respectively. Among all considered algorithms the proposed method demonstrates the
best performance combined with high robustness because it achieves lower loss and superior
outcomes.

Dataset

Object Tracking Evaluation (2D bounding-boxes) Dataset: The object tracking benchmark
consists of 21 training sequences and 29 test sequences. Despite the fact that we have labeled 8
different classes, only the classes 'Car' and 'Pedestrian’ are evaluated in our benchmark, as only for
those classes enough instances for a comprehensive evaluation have been labeled. The labeling
process has been performed in two steps: First we hired a set of annotators, to label 3D bounding
boxes as tracklets in point clouds (https://www.cvlibs.net/datasets/Kkitti/eval_tracking.php).

Long-Term Visual Object Tracking Benchmark datasets: We propose a new long video dataset
(called Track Long and Prosper - TLP) and benchmark for visual object tracking. The dataset consists
of 50 HD videos from real world scenarios, encompassing a duration of over 400 minutes (676K
frames), making it more than 20 folds larger in average duration per sequence and more than 8 folds
larger in terms of total covered duration, as compared to existing generic datasets for visual tracking
(https://amoudgl.github.io/tlp/).

Human Tracking & Object Detection Dataset: The dataset comprises of annotated video frames
from positioned in a public space camera. The tracking of each individual in the camera's view has
been achieved using the rectangle tool in the Computer Vision Ansnotation Tool (CVAT)
(https://www.kaggle.com/datasets/trainingdatapro/people-tracking/data).
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Table 2. Comparison of Proposed algorithm with other existing methods

Algorithm Training result Validation result
Accuracy Loss Accuracy Loss
MDNet 0.63 0.89 0.62 0.86
(Nam &
Han, 2016)
CREST 0.51 0.73 0.50 0.68
(Song et al,
2017)
DTA (Misra 0.85 0.14 0.88 0.11
& Ray, 2023)
Proposed 0.94 0.12 0.94 0.9
method

The figure shows different models analyzed according to their training accuracy and loss
measurements. The proposed approach delivers the highest training accuracy at 0.94 and proves to
handle training loss at its lowest point according to Figure 8. The DTA model operates effectively
because it delivers both high accuracy and minimal loss during training sessions. Analysis shows that
the proposed method obtains better training accuracy and displays lower training loss than MDNet
and CREST models which suggest inferior learning effectiveness compared to the proposed method.
The proposed method proves its excellence through its high accuracy achievements and minimal
training loss performance which demonstrates its superior learning efficiency over existing models.

Training results
1
0g
08

& 0.7

g 0s
-
E‘ 0.5
g 04 o Training result Accuracy
S -
-V Training result Loss

03

0.2

0.1

[\

MDNet CREST DTA Propozed
method

Models

Figure 8. Comparison graph of Training accuracy and Loss

Figure 9 depicts the validation accuracy and validation loss statistics which compare various models
among each other. The proposed technique demonstrates both highest validation accuracy
approaching 0.94 and lowest validation loss according to the figure presented. The DTA model
demonstrates both high accuracies together with minimal loss in its performance. MDNet and CREST
models demonstrate both poor validation accuracy and high loss which indicates weak generalization
strength. The proposed method outperforms other methods regarding validation performance as it
demonstrates superior accuracy retention alongside minimal loss to become the most effective
method of validation.
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Figure 9. Comparison graph of Validation accuracy and loss

CONCLUSION AND FUTURE WORK

This research develops a dual-object tracking mechanism where KLT optical flow tracker works
together with PSO tracker optimized by swarm intelligence yet strengthened through meta-learning
strategies to deliver reliable tracking in complex scenarios. The proposed method overcomes
important tracking problems linked with illumination changes and noise and sudden motion by
combining the advantageous capabilities of KLT and PSO tracking methods. The KLT tracker enables
the detection of key points on target objects across successive video frames at the same time the PSO
tracker maintains boundary tracking capabilities to precisely locate objects regardless of
environmental complexity. The implementation of meta- learning improves the model's learning
procedure through task adaptation with small datasets so it can successfully handle different tracking
problems. Experiments carried out on standard datasets revealed that the new tracking system
surpassed existing algorithms in terms of performance which led to better precision rates and reduced
system loss and better real-time adjustability. The results show the proposed dual-tracking system
produces superior performance than conventional deep learning tracking approaches especially
during unknown object appearance and environmental changes that require online adaptation
without requiring thorough retraining.

The research demonstrates a cost-efficient and computationally effective solution for real-world
object tracking through its integration between standard tracking methods and bio-inspired swarm
intelligence models suitable for surveillance applications alongside autonomous navigation and
human activity recognition systems. Future research directions may involve exploring hybrid deep
learning architectures to further enhance the system’s performance, incorporating reinforcement
learning for dynamic decision-making, and extending the framework to multi-object tracking
scenarios with increased computational efficiency. The research findings deliver substantial
contributions to computer vision through their introduction of a tracking framework which scales
effectively with intelligent capabilities that track varied unpredictable environments accurately.

CONFLICT OF INTEREST

There was no conflict of interest declared by the authors.

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License
which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

153



[1]

[2]

[3]

[4]

[5]

(6]

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

Journal of Information Systems Engineering and Management
2025, 10(1)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

REFERENCES

Alqaralleh, B. A. Y., Mohanty, S. N., Gupta, D., Khanna, A., Shankar, K., & Vaiyapuri, T. (2020).
Reliable multi-object tracking model using deep learning and energy-efficient wireless multimedia
sensor networks. IEEE Access, 8, 213426—213436. https://doi.org/10.1109/ACCESS.2020.3039695

Alrowais, F., Alotaibi, S. S., Al-Wesabi, F. N., Negm, N., Alabdan, R., Marzouk, R., Mehanna, A. S., &
Al Duhayyim, M. (2022). Deep transfer learning enabled intelligent object detection for crowd density
analysis on video surveillance systems. Applied Sciences, 12(13), 6665.
https://doi.org/10.3390/app12136665

Aslani, S., & Mahdavi-Nasab, H. (2013). Optical flow-based moving object detection and tracking for
traffic surveillance. International Journal of Electrical, Computer, Energetic, Electronic and
Communication Engineering, 7(9), 1252—1256. https://doi.org/10.48550/arXiv.2403.17779

Babenko, B., Yang, M. H., & Belongie, S. (2010). Robust object tracking with online multiple instance
learning. IEEE Transactions on Pattern Analysis and Machine Intelligence, 33(8), 1619—1632.
https://doi.org/10.1109/TPAMI.2010.226

Benabderrahmane, S. (2017). Combining boosting machine learning and swarm intelligence for real-
time object detection and tracking: Towards new meta- heuristics boosting classifiers. International
Journal of Intelligent Robotics and Applications, 1(4), 410—428. https://doi.org/10.1007/s41315-017-
0037-3

Brox, T., Rosenhahn, B., Cremers, D., & Seidel, H. P. (2006). High accuracy optical flow serves 3-D
pose tracking: Exploiting contour and flow-based constraints. In Computer Vision—ECCV 2006: 9th
European Conference on Computer Vision, Graz, Austria, May 7-13, 2006. Proceedings, Part II (pp.
98-111). Springer Berlin Heidelberg. https://doi.org/10.1007/11744047

Chao, W. A. N. G., ZHANG, S., Tianhang, M. A., Yuetong, X. I. A. O., CHEN, M. Z., & Lei, W. A. N. G.
(2025). Swarm intelligence: A survey of model classification and applications. Chinese Journal of
Aeronautics, 38(3), 102982. https://doi.org/10.1016/j.cja.2024.03.019

Chen, Z., Cao, J., Tang, Y., & Tang, L. (2011). Tracking of moving objects based on optical flow
detection. In Proceedings of 2011 International Conference on Computer Science and Network
Technology (Vol. 2, pp. 1006—1099). IEEE. https://doi.org/10.1109/ICCSNT.2011.6182151

Cui, J., Liu, Y., Xu, Y., Zhao, H., & Zha, H. (2013). Tracking generic human motion via fusion of low-
and high-dimensional approaches. IEEE Transactions on Systems, Man, and Cybernetics: Systems,
43, https://doi.org/10.1109/TSMCA.2012.2223670

Dalal, N., & Triggs, B. (2005). Histograms of oriented gradients for human detection. In 2005 IEEE
Computer Society Conference on Computer Vision and Pattern Recognition (CVPR’05) (Vol. 1, pp.
886—-893). IEEE. https://doi.org/10.1109/CVPR.2005.177

Grabner, H., Leistner, C., & Bischof, H. (2008). Semi-supervised on-line boosting for robust tracking.
In Computer Vision—ECCV 2008: 10th European Conference on Computer Vision, Marseille, France,
October 12-18, 2008, Proceedings, Part I (pp. 234—247). Springer Berlin Heidelberg.
https://doi.org/10.1007/978- 3-540-88682-2 19

Gray, J. R., Chabris, C. F., & Braver, T. S. (2003). Neural mechanisms of general fluid intelligence.
Nature Neuroscience, 6(3), 316—322.

Horn, J. L. (1968). Organization of abilities and the development of intelligence. Psychological
Review, 75(??), 242. https://doi.org/10.1037/h0025662

Hsu, C. C., & Dai, G. T. (2012). Multiple object tracking using particle swarm optimization.
International Journal of Electronics and Communication Engineering, 6(8), 744—747.

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License
which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

154


https://doi.org/10.1007/11744047
https://doi.org/10.1016/j.cja.2024.03.019
https://doi.org/10.1109/CVPR.2005.177

[15]
[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

Journal of Information Systems Engineering and Management
2025, 10(1)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

https://doi.org/10.48550/arXiv.1509.00913

Husseini, S. (2017). A survey of optical flow techniques for object tracking. Bachelor’s thesis.

Kaihua, Z., Lei, Z., & Ming-Hsuan, Y. (2012). Real-time compressive tracking. In Proceedings of the
12th European Conference on Computer Vision.

Kale, K., Pawar, S., & Dhulekar, P. (2015). Moving object tracking using optical flow and motion vector
estimation. In 2015 4th International Conference on Reliability, Infocom Technologies and
Optimization  (ICRITO) (trends and fu- ture  directions) (pp. 1-6). IEEE.
https://doi.org/10.1109/ICRITO.2015.7359323

Lateef, H. P. S. A,, Patil, S. N., Divakarachari, P. B., Falkowski-Gilski, P., & Rafeeq, M. D. (2024). An
optimized system for sensor ontology meta-matching using swarm intelligent algorithm. Internet
Technology Letters, e498. https://doi.org/10.1002/itl2.498

Lepetit, V., & Fua, P. (2005). Monocular model-based 3D tracking of rigid ob- jects: A survey.
Foundations and Trends® in Computer Graphics and  Vision, 1(1), 1-89.
http://dx.doi.org/10.1561/0600000001

Li, T., Chang, H., Wang, M., Ni, B., Hong, R., & Yan, S. (2014). Crowded scene analysis: A survey.
IEEE Transactions on Circuits and Systems for Video Technology, 25(3), 367-386.
https://doi.org/10.1109/TCSVT.2014.2358029

Li, X., Hu, W., Zhang, Z., Zhang, X., Zhu, M., & Cheng, J. (2008). Visual tracking via incremental log-
Euclidean Riemannian subspace learning. In 2008 IEEE Conference on Computer Vision and Pattern
Recognition (pp. 1—8). IEEE. https://doi.org/10.1109/CVPR.2008.4587516

Liu, Y., Cui, J., Zhao, H., & Zha, H. (2012). Fusion of low- and high-dimensional approaches by
trackers sampling for generic human motion tracking. In Proceedings of the 21st International
Conference on Pattern Recognition (ICPR2012) (pp. 898—901). IEEE.

Liu, Weijie, Xiaojie Cai, Chong Wang, Haohe Li, and Shenghao Yu. "Dynamic relevance learning for
few-shot object detection." Signal, Image and Video Processing 19, no. 4 (2025): 297.
https://doi.org/10.48550/arXiv.2108.02235

Liu, Z., & Peng, Z. (2025). Few-shot bearing fault diagnosis by semi-supervised meta-learning with
graph convolutional neural network under variable working conditions. Measurement, 240, 115402.
https://doi.org/10.1016/j.measurement.2024.115402

Misra, R., & Ray, K. S. (2023). Swarm intelligence-based object tracking. Multi-media Tools and
Applications, 82(18), 28009—28039. https://doi.org/10.1007/s11042- 023-14343-y

Mokri, S. S., Ibrahim, N., Hussain, A., & Mustafa, M. M. (2009). Motion detection using Horn
Schunck algorithm and implementation. In 2009 International Conference on Electrical Engineering
and Informatics (Vol. 1, pp. 83— 87). IEEE. https://doi.org/10.1109/ICEEI.2009.5254812

Nam, H., & Han, B. (2016). Learning multi-domain convolutional neural net- works for visual
tracking. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (pp.

4293—-4302).

Pazho, A. D., Neff, C., Alinezhad Noghre, G., Rahimi Ardabili, B., Yao, S., Baha- rani, M., & Tabkhi, H.
(2023). Ancilia: Scalable intelligent video surveillance for the artificial intelligence of things. IEEE
Internet of Things Journal, 10(17), 14940—14951. https://doi.org/10.1109/J10T.2023.3263725

Richards, M., & Ventura, D. (2004). Choosing a starting configuration for particle swarm
optimization. Neural Networks, 2309—2312. https://doi.org/10.1109/IJCNN.2004.1380986

Rymut, B., & Kwolek, B. (2015). Real-time multi-view human pose tracking using graphics processing

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License
which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

155


https://doi.org/10.48550/arXiv.1509.00913
https://doi.org/10.1002/itl2.498
https://doi.org/10.48550/arXiv.2108.02235
https://doi.org/10.48550/arXiv.2108.02235

[31]
[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

Journal of Information Systems Engineering and Management
2025, 10(1)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

unit-accelerated particle swarm optimization. Concurrency and Computation: Practice and
Experience, 27(6), 1551—1563. https://doi.org/10.1002/cpe.3329

Schneider, W. J., & McGrew, K. S. (2012). The Cattell-Horn-Carroll model of intelligence.

Schwarz, L. A., Mkhitaryan, A., Mateus, D., & Navab, N. (2012). Human skele- ton tracking from
depth data using geodesic distances and optical flow. Image and Vision Computing, 30(3), 217—226.
https://doi.org/10.1016/j.imavis.2011.12.001

Song, Y., Ma, C., Gong, L., Zhang, J., Lau, R. W., & Yang, M. H. (2017). CREST: Convolutional residual
learning for visual tracking. In Proceedings of the IEEE International Conference on Computer Vision

(pp. 2555—2564).

Sevilla-Lara, L., & Learned-Miller, E. (2012). Distribution fields for tracking. In 2012 IEEE Conference
on Computer Vision and Pattern Recognition (pp. 1910—1917). IEEE.
https://doi.org/10.1109/CVPR.2012.6247891

Shin, J., Kim, S., Kang, S., Lee, S. W., Paik, J., Abidi, B., & Abidi, M. (2005). Op- tical flow-based real-
time object tracking using non-prior training active feature model. Real-Time Imaging, 11(3), 204—
218. https://doi.org/10.1016/j.rti.2005.03.006

Simpson, A. J. R. (2015). On-the-fly learning in a perpetual learning machine. arXiv preprint
arXiv:1509.00913.

Stiefelhagen, R., Bernardin, K., Bowers, R., Garofolo, J., Mostefa, D., & Soundarara- jan, P. (2007).
The CLEAR 2006 evaluation. In Multimodal Technologies for Perception of Humans: First
International Evaluation Workshop on Classifica- tion of Events, Activities and Relationships, CLEAR
2006 (pp. 1—44). Springer Berlin Heidelberg.

Tianbo, S., Weijun, H., Jiangfeng, C., Weijia, L., Quan, Y., & Kun, H. (2023). Bio-inspired swarm
intelligence: A flocking project with group object recognition. In 2023 3rd International Conference
on Consumer Electronics and Computer Engineering (ICCECE) (pp. 834-837). IEEE.
https://doi.org/10.1109/ICCECE58074.2023.10135464

Tomasi, C., & Kanade, T. (1991). Detection and tracking of point. International Journal of Computer
Vision, 9(137-154), 3.

Tsutsui, H., Miura, J., & Shirai, Y. (2001). Optical flow-based person tracking by multiple cameras. In
Conference Documentation International Conference on Multisensor Fusion and Integration for
Intelligent Systems (MFI 2001) (pp. 91—96). IEEE. https://doi.org/10.1109/MFI.2001.1013514

Usmani, U. A., Watada, J., Jaafar, J., Aziz, 1. A., & Roy, A. (2021). Particle swarm optimization with
deep learning for human action recognition. International Journal of Innovative Computing,
Information and Control, 17(6), 1843—1870. https://doi.org/10.24507/ijicic.17.06.1843

Walk, S., Majer, N., Schindler, K., & Schiele, B. (2010). New features and insights for pedestrian
detection. In 2010 IEEE Computer Society Conference on Computer Vision and Pattern Recognition
(pp. 1030-1037). IEEE. https://doi.org/10.1109/CVPR.2010.5540102

Wang, C., Su, Y., Wang, J., Wang, T., & Gao, Q. (2022). UAVSwarm dataset: An unmanned aerial
vehicle swarm dataset for multiple object tracking. Remote Sensing, 14(11), 2601.
https://doi.org/10.3390/1514112601

Wang, Z., Liang, P., Bai, R., Liu, Y., Zhao, J., Yao, L., Zhang, J., & Chu, F. (2025). Few-shot fault
diagnosis for machinery using multi-scale perception multi-level feature fusion image quadrant
entropy. Advanced Engineering In- formatics, 63, 102972. https://doi.org/10.1016/j.aei.2024.102972

Wolff, J. G. (2014). Autonomous robots and the SP theory of intelligence. IEEE Access, 2, 1629—1651.
https://doi.org/10.1109/ACCESS.2014.2382753

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License
which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

156


https://doi.org/10.1016/j.imavis.2011.12.001
https://doi.org/10.3390/rs14112601

[46]

[47]

[48]

[49]

[50]

[51]
[52]
[53]

Journal of Information Systems Engineering and Management
2025, 10(1)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

Wu, Y., Lim, J., & Yang, M. H. (2013). Online object tracking: A benchmark. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition (pp. 2411—2418).

Yang, M., & Wu, Y. (2005). Tracking non-stationary appearances and dynamic feature selection. In
2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR’05)
(Vol. 2, pp. 1059-1066). IEEE. https://doi.org/10.1109/CVPR.2005.352

Yoon, J. H., Kim, D. Y., & Yoon, K. J. (2012). Visual tracking via adaptive tracker selection with
multiple features. In Computer Vision—ECCV 2012: 12th European Conference on Computer Vision
(pp- 28—41). Springer Berlin Heidelberg.

Zhang, B., Luo, C., Yu, D., Li, X., Lin, H,, Ye, Y., & Zhang, B. (2024). Metadiff: Meta-learning with
conditional diffusion for few-shot learning. In Proceedings of the AAAI Conference on Artificial
Intelligence (Vol. 38, No. 15, pp. 16687— 16695). https://doi.org/10.1609/aaai.v38i15.29608

Zheng, Y., & Meng, Y. (2008). Swarm intelligence-based dynamic object tracking. In 2008 IEEE
Congress on Evolutionary Computation (IEEE World Congress on Computational Intelligence) (pp.
405—412). IEEE. https://doi.org/10.1109/CEC.2008.4630829.

https://www.cvlibs.net/datasets/kitti/eval tracking.php

https://amoudgl.github.io/tlp/

https://www.kaggle.com/datasets/trainingdatapro/people-tracking/data

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License
which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

157


https://doi.org/10.1109/CEC.2008.4630829
https://www.cvlibs.net/datasets/kitti/eval_tracking.php
https://amoudgl.github.io/tlp/

