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Abstract

Multi-object tracking (MOT) is a fundamental problem in computer vision with critical applications in areas such as video surveillance, human-
computer interaction, autonomous driving, and video analytics. The main objective of MOT is to estimate the motion trajectories of multiple
objects across sequential video frames while preserving their consistent identities throughout the sequence. MOT algorithms are generally
categorized into two types: online methods, which process each frame sequentially and make tracking decisions in real-time, and offline
methods, which process the entire video or segments of it as a batch to improve accuracy. In this study, we propose an online multi-object
tracking method based on convolutional neural networks (CNNs). Unlike traditional approaches with fixed architectures, our method
dynamically optimizes the number of hidden layers in the ANN using the Invasive Weed Optimization (IWO) algorithm, a nature-inspired
metaheuristic optimization technique. This optimization aims to minimize the classification error, thereby enhancing the tracking performance
by selecting a network architecture that is best suited to the complexity of the input data. The proposed system is evaluated using the VS-PETS
2009 benchmark dataset, a widely used dataset for evaluating object tracking algorithms. All simulations and model training are carried out in
the MATLAB environment. The experimental results indicate that the proposed method achieves superior tracking accuracy and identity
preservation performance compared to conventional tracking methods, demonstrating the effectiveness of combining ANNs with IWO in real-
time multi-object tracking scenarios.
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1. Introduction The importance of MOT is evident in numerous

Multi-Object Tracking (MOT) is a key task in the field of intelli'gent systems and everyday applications. In suryeillance,
computer vision and image processing, aiming to detect and security systems must accurately track people, vehicles, and

track multiple moving objects throughout video sequences. movmgl O(I;JeCts n d crowdegl aI_ld _Cdomp leIx }fnwronments to
Unlike single-object tracking, MOT requires maintaining the P romptly detect and respond to incidents. In human-computer

spatial locations and distinct identities of each object in every Interaction, - precise multl—quect tracking engbles
frame and correctly associating them across frames. This understand%ng of human behg vior and ggsture recognition.
process not only identifies the objects’ positions in the current Moreover, in autonomous vehicles, the ability to continuously

frame but also ensures that each object is consistently tracked detect anq tragk surrounding objects such as cars, pedéstrlans,
over time [1-4]. Generally, MOT methods are divided into two and cyclists is fundamental for safe decision-making and

main categories: online and offline. In online methods, objects accident prevention [5-6].

are tracked frame-by-frame in real-time, making decisions ) Tl;e app ?}]catlons (()1f MOT are e)zite?nslve I?nd g0 beffor?d
based only on past and current data, which is crucial for real- typical surveillance and autonomous driving. For example, in

time applications. In contrast, offline methods process the sports video analysis, MOT facilitates tre}cking players and the
entire video or segments of it as a batch, allowing the ball tp tmprove 'performa'n ce cvaluation and strategy. In
algorithm to better analyze complex associations between robotics, multi-object tracking helps robots better understand

- L . - their environment and react appropriately to moving objects.
objects, albeit without real-time capability. . . . .
) pability In biological sciences, MOT is used to track the movement
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paths of cells or particles in microscopic images, aiding in the
understanding of biological processes [7-8]. In all these
applications, high accuracy and speed of tracking are critical
for system success.

Despite significant advances, MOT faces numerous
challenges that affect its performance. One of the major
challenges is occlusion, where one or more objects are
temporarily hidden by others, complicating continuous
tracking. Additionally, physical overlap of objects, sudden
changes in object appearance due to varying viewpoints,
lighting conditions, or scale changes, pose significant
difficulties. In crowded scenes with many simultaneously
moving objects, correctly maintaining object identities (data
association) is especially challenging, and errors here can
cause identity switches [9-12].

In this context, Artificial Neural Networks (ANNs) have
emerged as a powerful tool to overcome the challenges of
multi-object tracking [13-16]. Deep models such as
Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs and LSTMs) can extract complex
semantic features from images, which are essential for better
object detection and differentiation. Moreover, neural
networks can learn patterns of object motion and appearance,
improving the prediction of their future positions, which helps
maintain identity consistency and tracking accuracy [17-21].

Furthermore, combining neural networks with
optimization algorithms and advanced learning methods, such
as the Invasive Weed Optimization (IWO) algorithm, enables
optimizing the network architecture and parameters to reduce
classification errors and enhance tracking performance. These
hybrid approaches improve accuracy while reducing
computational complexity, which is critical for real-time
implementation.

This paper is organized as follows: Section 2 provides a
comprehensive review of existing multi-object tracking
methods. Section 3 details the proposed online multi-object
tracking framework, including the integration of artificial
neural networks with the Invasive Weed Optimization
algorithm, and explains its theoretical background and
implementation. Section 4 presents the simulation results
conducted on benchmark datasets, offering a comparative
analysis of the proposed method against state-of-the-art
techniques. Finally, Section 5 concludes the presented paper.

2. Existing Methods

Reference [1] introduces a detection-based multi-object
tracking framework that utilizes a two-stage data association
strategy to achieve high accuracy and consistent tracking. In
the first stage, reliable short-term tracks are generated solely
based on spatial information. The second stage performs
global-level linking of these short-term tracks to maintain
continuity over longer periods. The proposed tracker was
tested on the ABQ dataset, where it showed promising
performance compared to existing approaches. The method
presented in [2] is built upon a robust detection pipeline
comprising multiple object detectors. Its performance was
evaluated using the MOT 16 benchmark metrics. The proposed
approach demonstrated superior speed compared to other
online trackers on the challenging MOT16 dataset, while still
preserving a satisfactory level of accuracy. Object tracking
faces significant challenges arising from factors like noise,
similarity between objects, and low image resolution. In [3],
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an entropy minimization-based tracking method is proposed,
which effectively handles diverse data sequences. The study
demonstrates that the approach maintains high accuracy even
in difficult scenarios involving illumination variations,
occlusions, and rapid camera movements—conditions
commonly encountered in videos captured by moving
cameras. The multi-object tracking system built on this
technique was implemented and extensively evaluated on
several benchmark datasets, confirming its robust
performance.

In [4], a bidirectional network for MOT is proposed,
which utilizes both forward and backward tracking for joint
object tracking. Additionally, a near-online tracking model
based on this network is introduced to enhance performance
by classifying tracks and performing forward and backward
tracking in parallel. Experimental results on the challenging
MOT benchmarks demonstrate that the proposed method
outperforms existing approaches. One of the key tasks in
multi-object tracking is data association. The study in [5]
discusses data association in multi-object tracking and
complements it with a two-layer network flow approach. The
association probability is computed based on positional
distance and feature similarity between objects. The dataset
used in this research is 2DMOT2015. Tracking can easily fail
when objects become occluded. In [6], a method is proposed
to address this issue. To balance accuracy and speed, a three-
stage data association process is introduced. In the first stage,
trajectories and targets are matched directly. The second stage
matches trajectories and targets based on smaller overlapping
regions. Finally, in the third stage, the Hungarian algorithm is
employed to associate the remaining unmatched trajectories
and targets.

In the field of multi-object tracking, several studies have
focused on using CNNs to extract appearance features of
target objects. These appearance features include patterns,
colors, and textures that help to better distinguish and
accurately identify objects, playing a crucial role in
maintaining object identities throughout video sequences. The
use of such features significantly improves tracking accuracy
and enhances the ability to differentiate similar objects.
However, this advantage comes at the cost of high
computational complexity, as extracting and processing
appearance features with CNNs requires substantial
computational power and can considerably increase
processing time. This increase in processing time poses a
major challenge for deploying these methods in real-time
tracking systems, where processing speed is as important as
accuracy. Therefore, in study [7], a simple and efficient
method was proposed to improve processing speed by
removing redundant and unnecessary appearance features.
This technique reduces computational load, accelerates the
algorithm’s performance, while maintaining tracking
accuracy. The results presented in this study demonstrate that
the proposed method achieves an optimal balance between
high accuracy and suitable speed for real-time processing. In
other words, this approach enables the tracking algorithm to
be not only accurate but also practical and applicable in real-
world scenarios. Consequently, this technique can be
considered an effective solution for developing efficient and
practical multi-object tracking systems. The correlation
matching algorithm is employed for multi-object tracking in
[8]. Experimental results demonstrate that the improved
algorithm outperforms standard methods in handling target
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occlusion, scale variations, background interference, and re-
identification of lost targets. This paper effectively extends the
enhanced correlation filter algorithm to multi-target tracking,
enabling better utilization on multi-core platforms.

3. Proposed Method

Since the proposed method is based on Convolutional
Neural Networks and the Invasive Weed Optimization
algorithm, first these techniques are reviewed, and then the
proposed method is presented based on them.

3.1. Convolutional Neural Networks

CNNs are among the most widely used and successful
deep learning architectures in the field of computer vision.
Due to their unique structure and ability to extract spatial and
structural features from images, they have been extensively
applied to various tasks, including MOT. Unlike traditional
neural networks, CNNs utilize convolutional layers that
operate locally by applying learnable filters on small regions
of the input image. This capability allows the network to
automatically extract important patterns and features such as
edges, textures, and shapes [17-21].

The basic structure of a CNN consists of several types of
layers arranged in a specific order. The first layer is the input
layer, which receives the raw image or data. Next are the
convolutional layers that apply various filters to generate
feature maps. Afterward, pooling layers are used to reduce the
spatial dimensions and focus on the most important features.
Finally, fully connected layers convert the extracted features
into the final classification or regression outputs. Each of these
layers plays a critical role in preserving spatial structure and
extracting multi-level features.

In the context of Multi-Object Tracking, CNNs offer
significant advantages. First, CNNs have the ability to extract
complex and meaningful appearance features of objects,
which helps reliably distinguish similar objects. This is crucial
for maintaining the identity of each object throughout the
video sequence. Second, convolutional networks can extract
features that are more robust to variations in illumination,
viewpoint, scale, and background details, which are essential
for real-world tracking scenarios. Moreover, CNNs have the
capacity for automatic learning and continuous improvement
through large-scale training data, allowing them to adapt to
diverse and challenging environments. Additionally, with
advancements in hardware and software, these networks can
be efficiently executed in real-time, which is a fundamental
requirement for multi-object tracking systems. CNNs also
improve detection and differentiation of objects under
occlusion and overlap conditions, which are among the
biggest challenges in MOT.

Long Short-Term Memory (LSTM) and CNNs are two
distinct types of neural networks that are often combined to
achieve more efficient and powerful performance [22-23]. In
applications requiring the integration of spatial and temporal
features, incorporating LSTM layers into CNNs can
significantly enhance results. The role of the LSTM layer
within a CNN is twofold: first, while CNNs excel at extracting
spatial features and recognizing patterns in two- or three-
dimensional data such as images or videos, LSTMs are known
for managing sequential and temporal information. Thus,
adding LSTM to CNN allows the network to capture temporal
patterns like time-dependent changes in videos. Second,
CNNs initially extract spatial features from the input data,

which are then passed to the LSTM layer to understand
temporal relationships or sequential dependencies. This
combination is particularly effective in video recognition,
time series prediction, and analysis of sequential data such as
EEG signals or sensor outputs.

Finally, combining CNNs with other optimization and
machine learning algorithms, such as the Invasive Weed
Optimization algorithm, can further enhance the accuracy,
speed, and stability of tracking systems. These combinations
help in selecting optimal parameters and network structures,
ultimately optimizing the overall system performance and
yielding highly successful results in practical and industrial
MOT applications.

3.2. Invasive Weed Optimization

The IWO algorithm is a nature-inspired metaheuristic
optimization technique that mimics the natural growth and
reproduction behavior of invasive weeds in an ecosystem. It
has gained popularity due to its simplicity, flexibility, and
effectiveness in solving a wide range of complex optimization
problems across various engineering, science, and industrial
fields [24-27]. The algorithm leverages biological concepts
such as reproduction, dispersal, competition, and survival of
the fittest to iteratively improve candidate solutions within the
search space. The first step in the IWO algorithm is population
initialization, where a number of initial solutions, called
weeds, are randomly distributed throughout the problem’s
search space. Each weed represents a potential solution,
encoded as a vector of parameters relevant to the optimization
problem. This diversity in the initial population ensures a
broad exploration of the search space, reducing the likelihood
of premature convergence to local optima. Following
initialization, the reproduction phase begins. In this phase,
each weed generates a certain number of seeds based on its
fitness value, which measures how well the solution solves the
optimization problem. Weeds with higher fitness produce
more seeds, thereby increasing the chances that their genetic
material (solution features) propagate through the population.
This mechanism mimics natural reproduction where fitter
plants spread more offspring.

Once seeds are produced, they undergo seed dispersal in
the search space. The dispersion is modeled using a Gaussian
distribution, allowing seeds to spread around the parent
weed’s position with a certain variance. Importantly, this
variance decreases over successive iterations, enabling a
gradual shift from exploration (wide search) to exploitation
(fine-tuning near promising solutions). As a result, seeds
gradually converge towards the best areas of the search space.
The algorithm also incorporates a natural selection process,
often called competitive exclusion, to maintain a manageable
population size. When the number of weeds exceeds a
predefined maximum, the weakest weeds—those with lower
fitness—are removed from the population. This step ensures
that computational resources are focused on the most
promising solutions and helps maintain diversity without
overcrowding.

Finally, these steps—reproduction, dispersal, and
selection—are repeated iteratively in a loop. The algorithm
continues until a stopping condition is met, such as reaching a
maximum number of iterations or achieving a satisfactory
solution quality. Over successive iterations, the population
evolves and converges towards optimal or near-optimal
solutions. Due to its biologically inspired mechanisms and
adaptive search strategies, the IWO algorithm is especially
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effective for nonlinear, multimodal, and high-dimensional
optimization problems, making it a valuable tool in areas such
as control systems, machine learning, and engineering design
optimization.

3.3. Proposed MOT Method

The overall flowchart of the proposed MOT method is
illustrated in Figure 1, which outlines the step-by-step process
of the algorithm in a structured manner. This method
integrates deep learning using a CNN with an evolutionary
optimization technique, namely the IWO algorithm. The
objective is to enhance performance in the task of MOT. In the
proposed CNN-IWO framework, the CNN outputs are
primarily used as feature embeddings for multi-object
tracking. Each detected object is passed through the
convolutional and LSTM layers to extract a feature vector that
captures both spatial and temporal characteristics of the
object. These feature vectors are then used for re-
identification, i.e., associating objects across consecutive
frames to maintain consistent identities.

While the fully connected and softmax layers provide
classification outputs, the feature embeddings obtained before
the fully connected layer serve as the main descriptors for
matching objects between frames. The re-identification
process is performed by comparing these embeddings to
previously tracked objects using Euclidean distance, enabling
the system to update object trajectories and preserve identities
throughout the video.

Before applying the proposed CNN-IWO framework for
multi-object tracking, the input video frames are preprocessed
to enhance quality and facilitate robust feature extraction. The
preprocessing steps include resizing all frames to a fixed
resolution of 640x480 pixels and normalizing pixel intensity
values to the range [0, 1]. Optional Gaussian smoothing is
applied to reduce noise when necessary.

For object detection, a frame-by-frame detection
approach is employed. In this study, a simple detection
method such as background subtraction is used to identify
moving objects in each frame. Background subtraction
compares the current frame with a reference background
model to locate regions of change, which correspond to
objects of interest. The detected object bounding boxes are
then provided as the initial input to the CNN-IWO tracking
framework, which maintains object identities and estimates
their trajectories across the video sequence.

The key stages of the proposed framework are described
as follows:

1. Definition of the Initial Neural Network Architecture:
The first step involves defining the overall
architecture of the neural network. This includes
specifying the types of layers, their order, activation
functions, loss function, learning rate, and other
network parameters. This base architecture serves as
the skeleton of the learning model, upon which further
optimization will be performed.

2. Identification of Design Parameters to Be Optimized:
One of the critical design parameters in the CNN is
the number of convolutional layers
(Convolution2DLayer). Choosing the optimal number
of these layers has a direct impact on the network’s
feature extraction capability and generalization
power. In this method, the number of convolutional
layers is treated as a design variable, and the goal is to
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find its optimal value such that the classification error

is minimized.

Application of the IWO Algorithm for Optimization:
The IWO algorithm, a population-based metaheuristic
method, is used to determine the optimal number of
convolutional layers. Through the generation and
dispersal of seeds (candidate solutions) across the
search space, the algorithm gradually converges
towards more promising regions and optimizes the
network’s structure.
Classification Error Evaluation for Each Solution: For
each solution generated by the IWO algorithm (e.g., a
specific number of layers), a CNN model is
constructed and trained accordingly. The performance
of the model is then evaluated using classification
error on validation data. This error value is fed back
into the IWO algorithm as a fitness measure to guide
the search process.
Stopping Criterion Check: After evaluating each
generation of candidate solutions, the algorithm
checks whether a stopping condition is satisfied. This
may be a maximum number of iterations or achieving
a classification error below a predefined threshold. If
the stopping condition is not met, IWO generates a
new set of solutions, and the optimization continues.

Applying the Optimized Structure to the Final CNN:
Once the optimization process concludes and the best
value for the design parameter is identified, this value
is used to configure the final CNN structure. The
finalized CNN is then trained and utilized for multi-
object tracking in the target application.
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Figure 1. Flowchart of the proposed MOT method.
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4. Simulation Results

The proposed and benchmark methods were implemented
in MATLAB (MathWorks Inc.) and executed on a 64-bit
Windows system equipped with an Intel® Core™ i5-4460
processor (3.20 GHz) and 32 GB of RAM. Table 1 presents
the detailed configuration of the parameters employed for the
IWO algorithm. These parameters were selected based on a
balance between computational efficiency and solution
quality. The tuning process was guided by insights from prior
studies and a series of preliminary simulations to ensure a
desirable convergence rate while mitigating the risk of
premature convergence. Proper adjustment of these
parameters enables the algorithm to effectively explore the
search space and intensify the search around promising
regions, ultimately leading to robust and high-quality
solutions.

The baseline CNN architecture used in this study is
defined with fixed structural parameters, while the number of
convolutional layers is treated as the design variable optimized
by the IWO algorithm. The architectural details are as follows:

e Convolutional filters: All convolutional layers use a
kernel size of 3x3.

e Stride: A stride of 1 is applied in the convolutional
layers, whereas the max-pooling layers use a stride of
2.

e Activation function: ReLU is employed in all hidden
layers to introduce nonlinearity.

e Pooling: Max-pooling layers with a 2x2 window are
inserted after selected convolutional layers for spatial
downsampling.

e Fully connected layer: The network includes one
dense layer with 128 neurons before the output layer.

e Output layer: A Softmax activation function is used
for multi-class prediction.

This configuration serves as the foundation for the

optimization process and ensures consistency across all
candidate architectures evaluated by the IWO algorithm.
The training configuration of the CNN model is established
using a set of standardized and widely adopted
hyperparameters to ensure stable and efficient convergence.
The cross-entropy loss function is utilized as the objective
function, as it provides an effective measure of the
discrepancy between predicted probabilities and the ground-
truth class labels in multi-class classification tasks. Parameter
updates are carried out using the Adam optimizer, which
combines the advantages of momentum and adaptive learning
rates, making it particularly suitable for handling noisy
gradients and non-stationary training conditions.

A Dbatch size of 32 is selected to achieve a practical
balance between training stability, memory efficiency, and the
representativeness of gradient estimates. The initial learning
rate is set to 0.001, and a step-wise learning rate schedule is
employed during training. Under this schedule, the learning
rate is decreased by a factor of 0.1 every 10 epochs, which
helps prevent premature convergence and facilitates more
refined updates as the model approaches the optimal solution.
This training configuration ensures robust convergence across
all candidate architectures generated during the IWO
optimization process.

Table 1. Parameters of the IWO

Parameters Values
Niveed 50
MaxIt 5
Prax 50
Smax 10
Smin 1
Oinita 0.3
Sfinal 0.001
pow 3

The MOT algorithm is evaluated using several datasets.
The dataset used is VS-PETS 2009, which provides responses
similar to those in [12], where sequences S2.L1 are utilized.
The evaluation metrics include MT (Mostly Tracked), PT
(Partially Tracked), ML (Mostly Lost), Frag (Fragmentation),
and IDS (ID Switches). Examples of frames from the S2.L1
sequences are presented in Figures 2 to 5.

Furthermore, Figures 6 to 9 illustrate feature
representations extracted by the three convolutional layers of
the neural network, each capturing different levels of
abstraction from the input images. As the network depth
increases, these features progressively evolve from capturing
simple low-level details to complex, high-level patterns and
semantics. This hierarchical architecture enables the model to
more accurately distinguish critical image components,
enhancing its ability to handle challenges and noise present in
real-world scenarios during object detection and tracking
tasks. Such capabilities are crucial for improving the overall
performance and reliability of computer vision systems.

In the process of optimizing the number of hidden layers
in the neural network using the IWO algorithm (Figure 10),
the primary objective is to minimize the cost function. During
the initial iterations, variations in the number of layers lead to
significant reductions in the cost, resulting in rapid
improvements in the model’s performance. However, after a
few early iterations—specifically after the third iteration in
this study—the changes in cost become negligible, and the
optimization process approaches convergence. This behavior
indicates that the algorithm has reached, or is close to, an
optimal configuration where the network architecture
achieves satisfactory performance in terms of the cost
function. Such a trend is expected and confirms that the IWO
algorithm effectively determines the optimal number of
hidden layers, beyond which further optimization does not
yield meaningful improvements.
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Figure 6. Feature maps extracted from the

convolutional layer corresponding to the Figure 2.

Figure 7. Feature maps extracted from the

Figure 4. The third frame from the S2.L1 sequence. convolutional layer corresponding to the Figure 3.
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Figure 8. Feature maps extracted from the

convolutional layer corresponding to the Figure 4.

Figure 9. Feature maps extracted from the
convolutional layer corresponding to the Figure 5.

1.0

0.8

0.6

Fitness Function

0.0

1 2 3 4 5
Iteration

Figure 10. Fitness Function vs Iteration.

Table 2 provides a comprehensive comparison of the
proposed Multiple Object Tracking (MOT) algorithm against
existing methods. In this table, methods marked with an
asterisk (*) are classified as online algorithms, whereas the
remaining approaches are considered batch methods.
For the VS-PETS 2009 dataset, experimental results

demonstrate that the proposed method achieves superior
performance compared to many batch-based algorithms
across several key metrics. This highlights the proposed
algorithm's capability for efficient and effective data
processing, particularly in scenarios where tracking accuracy
and reliability are critical. Such advancements have significant
implications for practical applications in fields such as video
surveillance, security, and video analytics.

Table 2. Compares the performance on the PETS
S2.L1 dataset.

Method MT PT ML | Frag | IDS
[10] 913% | 44% |43% | 6 11
[9] 78.9% | 21.1% | 0% 23 1
[12] 89.5% | 10.5% | 0% 9 0
[11]* 94.7% | 5.3% | 0% 7 0
Proposed 0
MOT* 97.6% | 2.4% | 0% 6

5. Conclusions

Deep learning has revolutionized the field of MOT due to
its superior ability to process complex and high-dimensional
data, as well as its capacity for automatic feature learning. This
advancement has led to significant improvements in various
applications, including autonomous driving, video
surveillance, and video analytics, where accurate and robust
tracking of multiple objects simultaneously is crucial.

One of the key advantages of deep learning in MOT is its
enhanced object detection capabilities. By integrating
sophisticated object detection frameworks with tracking
algorithms, modern deep learning models can reliably identify
and track objects even in challenging scenarios. These
scenarios may involve significant changes in object
appearance, partial occlusions, or temporary disappearance
from the field of view. In this research, we propose a novel
deep learning-based MOT method that leverages an adaptive
approach to optimize the number of convolutional layers
within the network. This optimization is achieved through the
application of the IWO algorithm, which dynamically selects
the architecture parameters to balance model complexity and
performance. Extensive simulation results validate the
proposed method’s effectiveness, demonstrating superior
tracking accuracy and robustness compared to existing
approaches. The proposed framework not only enhances the
precision of object localization and identification but also
improves the overall efficiency of the tracking system, making
it highly suitable for real-world applications with complex and
dynamic environments.
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