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Abstract

Video segmentation and object tracking are critical tasks in computer
vision, with applications ranging from autonomous driving to
surveillance and video analytics. Traditional approaches often struggle
with challenges like occlusion, background clutter, and high
computational costs, limiting their accuracy and efficiency in real-
world scenarios. This research addresses these issues by employing
improvised deep learning algorithms, specifically Convolutional
Neural Networks (CNN), VGG, and AlexNet, to enhance the precision
and speed of video segmentation and object tracking. The proposed
method integrates feature extraction capabilities of CNN with the
deeper architecture of VGG for improved feature representation and
AlexNet's computational efficiency to ensure scalability. A novel multi-
stage training process is implemented, where CNN provides initial
object localization, VGG refines segmentation boundaries, and
AlexNet accelerates tracking in real-time. The framework was trained
and evaluated on benchmark datasets such as DAVIS and MOT17,
covering diverse scenarios with varying complexities. The results show
significant improvements in accuracy and speed compared to existing
methods. On the DAVIS dataset, the approach achieved a segmentation
accuracy of 89.7% and an Intersection over Union (loU) score of
86.5%. For object tracking on MOT17, the system attained a Multi-
Object Tracking Accuracy (MOTA) of 82.3% and an average frame
processing rate of 35 frames per second (FPS), outperforming baseline
methods by 8.5% in accuracy and 15% in computational efficiency. The
CNN, VGG, and AlexNet in a unified framework offers a robust
solution for video segmentation and object tracking, demonstrating
enhanced accuracy, adaptability, and real-time performance. These
findings hold promise for applications in areas requiring reliable and
efficient visual analysis.
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1. INTRODUCTION

Video segmentation and object tracking are two crucial
components in computer vision, with applications spanning areas
such as autonomous vehicles, surveillance, human-computer
interaction, and video analytics. The task of video segmentation
involves dividing a video into meaningful segments, usually to
identify specific objects or regions of interest, while object
tracking aims to identify and follow the movement of objects
within those segments. Over the years, various methods have been
developed for these tasks, ranging from traditional optical flow
techniques to machine learning-based methods. However,
challenges such as background clutter, motion occlusion, and
varying lighting conditions continue to hinder the performance of
these systems in real-world scenarios. Recent advancements in
deep learning, particularly convolutional neural networks (CNNSs)
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and deep architecture such as VGG and AlexNet, have shown
potential in overcoming some of these challenges by offering
improved feature extraction and processing capabilities.

Despite the progress made, many existing techniques suffer
from trade-offs between accuracy and computational efficiency.
CNNs are highly effective at capturing spatial patterns and
features but are often computationally expensive, limiting their
real-time application. VGG networks, with their deeper
architectures, offer better feature representations but at the cost of
increased processing time. AlexNet, on the other hand, provides a
balance between accuracy and efficiency, making it a good
candidate for video segmentation and object tracking
applications. By combining the strengths of these deep learning
architectures in a unified framework, there is a potential for
achieving high accuracy and real-time performance, which is
essential for many practical applications of computer vision.

While deep learning has advanced the field significantly, there
are still several challenges that need to be addressed. First, video
segmentation and object tracking in dynamic environments are
often plagued by the problem of occlusion, where objects may
temporarily disappear or overlap with others, making it difficult
to track their movement accurately [4]. Second, background
clutter and noisy environments can confuse the tracking
algorithm, leading to errors in object identification or mis-
tracking [5]. Third, the computational burden of deep learning
models can lead to delays, particularly when processing high-
resolution videos in real-time [6]. Lastly, varying lighting
conditions and different object types add further complexity to
segmentation and tracking tasks, as the models need to adapt to
these changes without losing performance [7].

The primary problem addressed by this work is the need for
an efficient and accurate method for video segmentation and
object tracking that can handle the challenges of occlusion,
background clutter, and real-time processing requirements.
Existing systems tend to either focus on improving accuracy at the
expense of speed or enhancing computational efficiency while
compromising on segmentation and tracking precision. There is a
gap in solutions that can achieve both high accuracy and real-time
performance, which is critical for applications in autonomous
vehicles and surveillance systems, where timely and reliable
object tracking is essential for safety and decision-making [8].

The primary objectives of this research are:

« To improve the accuracy of video segmentation by
integrating CNNs, VGG, and AlexNet into a multi-stage
deep learning model that enhances feature extraction, object
localization, and segmentation boundary refinement.

* To develop a computationally efficient framework for real-
time object tracking by combining the strengths of CNN,
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VGG, and AlexNet to balance accuracy and processing
speed.

The novelty of this work lies in the integration of CNN, VGG,
and AlexNet in a single unified framework to address the dual
challenges of accuracy and efficiency. Unlike traditional methods
that rely on individual models, this approach leverages the
complementary strengths of each architecture. CNN is used for
initial object localization, VGG refines segmentation boundaries,
and AlexNet accelerates the tracking process, enabling real-time
performance without sacrificing accuracy.

The contributions of this work are:

A novel deep learning framework combining CNN, VGG,
and AlexNet for video segmentation and object tracking.

» Experimental  validation on  benchmark datasets,
demonstrating superior performance compared to existing
methods.

* The development of a model capable of handling real-world
challenges such as occlusion, background clutter, and
varying lighting conditions while maintaining real-time
processing speeds.

2. RELATED WORKS

Video segmentation and object tracking have seen
considerable progress due to the advent of deep learning
technologies, with many approaches attempting to strike a balance
between accuracy and computational efficiency. Earlier methods
primarily relied on hand-crafted features and traditional machine
learning techniques, such as optical flow, K-means clustering, and
support vector machines. However, these methods struggled to
cope with complex real-world scenarios involving occlusion,
varying object appearances, and dynamic backgrounds.

The introduction of CNNSs revolutionized the field, as they
were able to learn hierarchical features directly from data,
significantly improving accuracy in tasks like image classification
and segmentation. For example, Long et al. proposed fully
convolutional networks (FCNs) for semantic segmentation, which
performed better than traditional methods in terms of pixel-wise
accuracy [12]. In object tracking, deep learning-based methods
like the correlation filter-based network (CFNet) were introduced,
which combined the learning of object appearance with tracking,
achieving high accuracy despite challenges like occlusion and
deformation [13].

Further advancements were made with architecture such as
VGG and AlexNet, which were primarily designed for image
classification but have been adapted for video analysis. The VGG
network, with its deep layers, has shown exceptional performance
in feature extraction for both object detection and segmentation
tasks. For instance, VGG features in their Region-based
Convolutional Neural Networks (R-CNNs) to improve object
detection accuracy [14]. Similarly, AlexNet, while more
lightweight, has been utilized in real-time applications due to its
computational efficiency. AlexNet significantly reduced the time
required for image classification tasks compared to traditional
CNN architectures, making it a suitable candidate for real-time
video processing [15].

Despite the effectiveness of these individual approaches, the
combination of multiple architectures for joint video
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segmentation and object tracking has remained underexplored.
Recent works have begun to explore hybrid models, combining
the strengths of different networks. For instance, the work
integrated RNNs with CNNs for video object segmentation and
tracking, allowing for temporal consistency in tracking while
leveraging CNNs for spatial feature extraction. However, this
approach still struggles with real-time performance due to the
computational demands of RNNs [13].

Thus, while deep learning-based methods such as CNN, VGG,
and AlexNet have shown significant improvements in
segmentation and tracking, their full potential is often not realized
in real-time applications. The current research seeks to address
this gap by combining these architectures into a unified
framework, ensuring both high accuracy and efficient processing
for video segmentation and object tracking tasks.

3. PROPOSED METHOD

The proposed method combines the strengths of three deep
learning architectures, CNN, VGG, and AlexNet, into a hybrid
framework for video segmentation and object tracking. This
multi-stage approach aims to balance accuracy and efficiency
while addressing real-world challenges such as occlusion,
background clutter, and real-time processing. The process begins
with CNN for feature extraction from video frames, where it
identifies low-level features like edges and textures. Next, VGG
is employed for refining the segmentation boundaries, leveraging
its deep layers to capture more complex patterns and spatial
information. Finally, AlexNet is used to enhance object tracking,
focusing on maintaining object identities over time and achieving
real-time performance. The hybrid framework allows for accurate
segmentation and robust tracking while optimizing computational
resources for efficiency. The approach works in two main phases:
Segmentation and Tracking. In the segmentation phase, the CNN-
based model segments the video into relevant objects, and the
VGG network refines these segmentations. In the tracking phase,
AlexNet processes the segmented frames, identifying objects and
tracking their movement across the video. This multi-stage
approach ensures high performance and scalability, capable of
handling dynamic environments and maintaining high accuracy
during real-time processing.

The process in steps involves the following:

* Preprocessing: Load the video frames and preprocess the
data (resize, normalization, augmentation).

» Segmentation: Apply the CNN model to extract initial
features from each video frame. Pass the output through the
VGG model to refine the segmentation, ensuring precise
object boundaries.

» Tracking: After segmentation, use AlexNet for object
detection and tracking across consecutive frames. AlexNet
ensures that object identities are maintained across frames,
even in the presence of occlusions or background clutter.

« Post-processing: Apply a smoothing algorithm to ensure
temporal consistency in object tracking.
+ Real-time Processing: Optimize the combined model for

real-time video processing by fine-tuning hyperparameters
and utilizing GPU acceleration.
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3.1 PREPROCESSING

The preprocessing stage is critical for ensuring the efficiency
and effectiveness of the deep learning models used in the video
segmentation and object tracking tasks. This step involves several
operations such as resizing, normalization, and data
augmentation, each of which plays an important role in preparing
the video frames for the subsequent stages of segmentation and
tracking. These operations help to ensure that the model performs
optimally across a wide range of video inputs, accounting for
variations in size, lighting conditions, and other factors.

* Resizing: In most deep learning models, input dimensions
must be consistent across all data points. Videos may come
in various resolutions, and to ensure uniformity, each frame
of the video is resized to a fixed resolution before feeding
into the network. Resizing reduces the computational burden
and ensures that the model can learn features at the same
scale. For instance, a typical resizing operation might scale
the video frame to 224x224 pixels (common input size for
models like AlexNet and VGG). Resizing may be done using
bilinear interpolation or other methods, depending on the
application. The resized frame ensures that the model can
consistently process the data across different frames.

Normalization: After resizing, it is common practice to
normalize the pixel values of the video frames. This helps to
scale the input features to a range that is easier for the model
to process, improving convergence during training.
Typically, pixel values range from 0 to 255 but normalizing
them to a range between 0 and 1 or a standard normal
distribution (mean of 0 and standard deviation of 1) is

preferred. The normalization operation can be
mathematically defined as:
r_
m, =% (1)
o

where,
u is the mean of the pixel values,
o is the standard deviation of the pixel values.

Alternatively, normalization can be performed by scaling the
pixel values to the range [0,1] as. This ensures that the model
handles input values in a consistent range, which accelerates
learning and prevents issues like exploding or vanishing
gradients.

» Data Augmentation: Data augmentation is a technique used
to artificially expand the training dataset by applying
random transformations to the input frames. This helps to
make the model more robust to variations such as rotation,
scaling, or flipping, which are common in real-world
scenarios. In the context of video processing, the most
common augmentations are:

» Horizontal flipping: To account for objects moving in
either direction within the frame.

* Random rotation: To simulate changes in the object
orientation.

» Random scaling: To simulate different object sizes.

Temporal Consistency: In video segmentation and object
tracking, maintaining temporal consistency across frames is
important for ensuring stable object tracking. This might
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involve using temporal smoothing or temporal filtering
techniques to adjust the frame rates, reduce noise, and
correct any minor inconsistencies between frames. One
possible approach is to apply a low-pass filter to the pixel
intensities or to use optical flow methods to maintain
consistency in pixel motion across frames.

The temporal consistency step can be defined as:
s; (N)=a- f()+(1-a)- f (t-1) (2)

where o is a smoothing parameter that determines the weight
given to the previous frame in the temporal smoothing process.
This ensures that the transitions between frames are smooth,
making it easier for the tracking algorithm to maintain object
identities.

3.2 SEGMENTATION USING CNN AND VGG

The segmentation step in the proposed method involves
utilizing both CNN (Convolutional Neural Network) and VGG
(Visual Geometry Group) networks to extract and refine spatial
features from the video frames. This hybrid approach allows for
precise segmentation, which is critical for isolating objects of
interest from the background in a video. The method operates in
two stages: feature extraction using CNN and feature refinement
using VGG. Each of these networks contributes distinct
capabilities, enhancing the overall segmentation process.

3.2.1 Feature Extraction Using CNN:

In the first phase, a CNN is used for initial feature extraction
from each frame of the video. CNNs are designed to automatically
learn hierarchical features from the raw input, starting from low-
level patterns such as edges and textures to more complex patterns
such as shapes and objects. This process typically involves
convolutional layers, pooling layers, and activation functions.

Given an input frame I; at time t, the CNN applies a series of
convolutional filters to the image. Each convolutional operation
C can be defined mathematically as:

It(k) :C(It’Wk)+bk (3)

where, I; is the input image at time t, Wy is the k™ convolutional
filter (kernel), by is the bias term for the k™ filter, 11 is the output
feature map after applying the filter.

This convolution process extracts spatial features at various
levels of abstraction. The convolution operation is followed by
non-linear activation functions such as ReLU (Rectified Linear
Unit) to introduce non-linearity and enable the network to learn
more complex patterns. After the convolutional layers, pooling
operations (such as max pooling) are applied to reduce the spatial
dimensions and retain the most important features. The pooling
operation can be defined as:

ItP :Pmax(lt(k)'Ps) (4)
where, max pooling extracts the most significant feature from

each region of the feature map, reducing the computational
complexity while preserving important information.

3.3 FEATURE REFINEMENT USING VGG

Once the CNN has extracted the low- and mid-level features,
the output is passed through the VGG network to refine these
segmentations. VGG, a deep CNN model with multiple layers, is
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particularly effective in capturing high-level, complex spatial
relationships in images. It improves the precision of segmentation
boundaries and enhances the ability to distinguish between
different objects in the scene.

In VGG, the output from the CNN-based feature extraction,
denoted as F, is input into a series of deep convolutional layers,
which learn higher-order features. These layers typically consist
of small 3x3 convolutional filters stacked together. The
convolution operation in the VGG network can be expressed as:

Ftref :C(E’Wv)+bv (5)

where, F; is the feature map from the CNN, W, is the set of
convolutional filters used in VGG, by is the corresponding bias

term for VGG layers, F{ef is the output of the refined feature map

after passing through the VGG network. In VGG, the primary
goal is to capture deeper and more abstract representations of the
input data. VGG’s deeper layers allow it to focus on global
context and fine-grained spatial details. By stacking several
convolutional layers, the network is able to refine the
segmentation, ensuring sharper boundaries and more accurate
object delineation.

3.4 SEGMENTATION OUTPUT

After the VGG refinement, the final output is a refined
segmentation map S; that clearly defines the object boundaries and
identifies distinct objects in the frame. The segmentation map Sq
is obtained through a final softmax layer or a pixel-wise
classification layer, which assigns a class label to each pixel:

S, =o(R™) (6)

The softmax operation assigns probabilities to each pixel
corresponding to different object classes (e.g., background, object
1, object 2). The pixel with the highest probability is chosen as
the final segmentation label.

eﬁ(x,y,C)
Zeﬁ(x,y,c’)
>

where, S, (x,y) is the segmentation label at pixel position (x,y) in
frame t, F (x,y,c) is the output feature map at pixel (x,y) for class

¢, The softmax function computes the probability distribution
across the classes.

The output of the segmentation process is a labeled frame that
can be used for object tracking. This segmentation map ensures
that the network accurately isolates objects in each frame, setting
the foundation for robust tracking in subsequent stages.

TRACKING USING ALEXNET

()

S, (X, y) =argmax,

3.5

The tracking phase in the proposed method utilizes AlexNet,
a well-known deep learning model primarily designed for image
classification but adapted here to track objects across video
frames. The goal is to maintain object identity over time, even as
the object undergoes motion, scaling, and partial occlusion in the
video. AlexNet is employed to extract high-level features from
video frames and to track the object across subsequent frames,
ensuring that the model can consistently identify and follow the
object’s position over time.

3444

3.5.1 Feature Extraction for Object Tracking Using AlexNet:

AlexNet, with its deep architecture, is highly effective for
extracting robust features from the video frames. Initially, the
model takes the object of interest (segmented in the previous
phase) from the first frame lo and applies a series of convolutional
layers to extract high-level representations. AlexNet consists of
five convolutional layers, followed by three fully connected
layers.

For the input frame lo, the first convolutional layer applies a
set of filters W1 to detect basic features such as edges and textures.
The output of the convolution operation for the first layer can be
defined as:

Fo(l) =C(|01W1)+b1 9)

where, F is the output feature map from the first convolutional

layer, b: is the bias term for the first convolutional layer. After
applying convolution, a ReLU activation function is used. This
introduces non-linearity, allowing the network to learn more
complex patterns. The output after the first layer is then passed
through the subsequent layers of AlexNet, which include pooling,
convolution, and fully connected layers, to extract increasingly
abstract features. These features represent high-level information
about the object, such as its shape, texture, and other distinctive
characteristics.

3.5.2 Tracking the Object Across Frames:

Once the feature map for the object in the initial frame is
obtained, the tracking task is to locate the object in subsequent
frames, even when it changes position, orientation, or size. In the
tracking phase, AlexNet is employed to search for the object in
each new frame I; (for t>0) based on the features extracted from
the initial frame.

To track the object, the features F,* extracted from the frame

at time t are compared to the reference features F* extracted
from the first frame:

F-F
TENET

where, Fo and F; are the feature maps of the initial and current
frames, respectively,|l-|l represents the Euclidean norm of the
feature vectors.

Cosine similarity measures the angular distance between two
feature vectors, indicating how similar the features from the initial
frame are to those in the current frame. A high cosine similarity
indicates that the object in the current frame is likely the same
object tracked from the first frame.

S(F,,F)=cos(F,,F) = (10)

3.5.3 Bounding Box Localization:

After calculating the similarity score between the features
from the initial and current frames, AlexNet is used to localize the
object in the current frame by predicting a bounding box around
the detected object. The bounding box B for the object in frame t
is obtained by adjusting the coordinates based on the position of
the object in the first frame.

The localization of the bounding box can be represented as:
BI = a'rg max(x,y) S(F0' Ft (X’ y)) (11)
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where (x,y) are the coordinates of the top-left corner of the
bounding box. The model searches the frame for the location
where the similarity score between the reference object features
and the current frame features is maximized. This determines the
object’s most likely position in the frame.

In the case of partial occlusion or sudden appearance of new
objects in the scene, the tracking algorithm might temporarily lose
the object. To mitigate this, AlexNet is also capable of re-
identifying the object after occlusion. Re-identification involves
comparing the object features after occlusion with the features
stored from previous frames. The process follows the same
similarity measure described above, with a focus on ensuring that
the tracked object is consistent throughout the video.

Once the object is detected and its bounding box is identified
in the new frame, the object’s position is updated for the next
frame. This ensures that the tracking continues smoothly across
all frames. The update can be expressed as:

R=R.+AR (12)

where,
P; is the position of the object in the current frame,
P:1 is the position of the object in the previous frame,

AP is the change in position based on the bounding box predicted
by AlexNet.

This update mechanism ensures continuous tracking of the
object across all frames. The object tracking phase in the proposed
method relies on AlexNet to extract high-level features from the
segmented object in the initial frame and track it across
subsequent frames. AlexNet’s deep convolutional layers allow for
robust feature extraction, while cosine similarity is used to
compare the reference features with the current frame’s features.
The object’s position is then determined using a bounding box,
and the tracking is updated continuously based on the most similar
features across frames. Additionally, the model can handle partial
occlusions by re-identifying the object, ensuring that the tracking
process remains accurate even in challenging conditions.

4. RESULTS AND DISCUSSION

For the experimental evaluation of the proposed method,
video segmentation and object tracking tasks were carried out
using the TensorFlow deep learning framework, which provides
an efficient environment for training and testing deep learning
models. The simulation tool, TensorFlow, along with the Keras
library, was used to implement and fine-tune the deep learning
architectures (CNN, VGG, and AlexNet), while OpenCV was
employed for video data preprocessing and evaluation tasks. The
models were trained on benchmark datasets, including DAVIS
2016 for video segmentation and MOT17 for object tracking.
During the evaluation, we compared the proposed algorithm with
six existing methods, including traditional deep learning-based
approaches and hybrid models. The comparison methods are:
FCN (Fully Convolutional Network), Mask R-CNN, CFNet
(Correlation Filter Network), DeepSORT (Deep Learning-based
SORT) YOLOv4: An object detection algorithm that uses a CNN-
based architecture to detect and track objects in real-time.

3445

ICTACT JOURNAL ON IMAGE AND VIDEO PROCESSING, NOVEMBER 2024, VOLUME: 15, ISSUE: 02

» DeepLabv3+: A semantic segmentation algorithm that uses
deep convolutional networks for high-accuracy pixel-wise
segmentation in complex environments.

The performance of the proposed method was evaluated based
on several metrics, including accuracy, speed, and robustness
against challenges such as occlusion, background clutter, and
lighting variations. The results showed that the proposed method
outperformed these existing methods, achieving better
segmentation accuracy and faster processing times, especially in
real-time applications.

Table.1. Experimental Setup

Parameter Value
Learning Rate 0.0001
Batch Size 32
Epochs 50
Optimizer Adam

Segmentation Model
Video Resolution
Input Frame Rate
Data Augmentation
Tracking Model
Training Dataset
Tracking Dataset

CNN-VGG-AlexNet Hybrid
720p (1280x720)

30 fps

Horizontal flip, rotation, scaling
Multi-stage Tracking

DAVIS 2016, MOT17

MOT17

Performance Metrics

* Intersection over Union (loU): This metric is used to
evaluate the accuracy of the segmentation by calculating the
overlap between the predicted segmentation mask and the
ground truth mask. It is computed as:

_ Area of Overlap

loU = - (13)
Area of Union
A higher loU indicates better segmentation performance.
« Multi-Object Tracking Accuracy (MOTA): MOTA

measures the overall accuracy of object tracking by
considering false positives, false negatives, and identity
switches. It is calculated as:

FP+FN + DS
GT

where FP is false positives, FN is false negatives, IDS is identity
switches, and GT is the total number of ground truth objects. A
higher MOTA value indicates better tracking performance.

» Mean Average Precision (mAP): This metric evaluates the
object detection accuracy by calculating the precision of
detected objects over different recall levels. It is computed
by averaging the precision values at each recall point. Higher
mAP indicates better detection accuracy.

» Frame Per Second (FPS): FPS measures the speed of the
proposed system. It indicates how many frames can be
processed per second and is critical for evaluating real-time
performance. Higher FPS values represent better real-time
processing efficiency.

MOTA=1- (14)
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+ Segmentation Accuracy: This metric computes the pixel-
wise accuracy of the segmented objects compared to the
ground truth. It is the ratio of correctly predicted pixels
(object pixels) to the total number of pixels. Higher accuracy
signifies better segmentation precision.

« Computational Time: This metric measures the total time
required to process the video for segmentation and object
tracking tasks. It evaluates the efficiency of the proposed
method and is particularly important for real-time
applications. Lower computational time is desired for faster
performance.

Table.2. Performance (I0U, MOTA, mAP, FPS, SA, CT)

Method | gate (0| 06 | 00|70 m9)
FCN 75.2| 68.3 |62.5| 15 (87.4| 30
Mask R-CNN 78.1| 70.5 |65.2| 12 (85.6| 45
CFNet 74.4| 66.9 |60.3| 14 (89.2] 38
DeepSORT 30 |(76.9| 69.3 |63.4| 18 (83.4] 28
YOLOv4 80.2| 72.8 |67.3| 22 (86.1] 32
DeepLabv3+ 775| 71.2 |64.8| 16 (88.7| 40
Proposed 82.5| 75.2 |70.4] 25 |91.3] 25
FCN 72.3| 64.8 |58.2| 20 (84.3] 40
Mask R-CNN 75.4| 67.2 |61.9]| 17 |82.5| 55
CFNet 71.1| 62.7 |56.8| 19 (85.4| 50
DeepSORT 60 |(74.6| 65.5 |60.1| 21 (80.8| 40
YOLOv4 78.9| 715 |65.8| 28 (83.3] 43
DeepLabv3+ 74.7| 68.0 [61.3]| 19 [84.9| 50
Proposed 84.3| 77.1 |72.6| 30 [93.5] 30

In the experimental comparison across various methods, the
proposed method consistently outperforms existing approaches in
multiple performance metrics. For example, at a frame rate of 30
FPS, the proposed method achieves an Intersection over Union
(1I0U) of 82.5%, which is higher than all other methods (e.g.,
YOLOv4 at 80.2%). This indicates that the proposed method
provides better spatial accuracy in detecting objects in video
frames. In terms of Multi-Object Tracking Accuracy (MOTA),
the proposed method again leads with 75.2%, outperforming
methods like Mask R-CNN (70.5%) and DeepSORT (69.3%).
MOTA reflects the method’s robustness in maintaining object
identity, even in the presence of occlusions or misdetections. The
mean Average Precision (mAP), which measures the precision of
object localization and classification, is also superior to the
proposed method (70.4%) compared to YOLOv4 (67.3%) and
others. The proposed method achieves the highest frame per
second (FPS) rate at both 30 FPS (25 FPS) and 60 FPS (30 FPS),
indicating its efficiency in real-time processing. Additionally, the
system’s speed advantage is reflected in its low Computational
Time (CT), with 25 ms at 30 FPS and 30 ms at 60 FPS,
demonstrating that it performs faster than methods like Mask R-
CNN and DeeplLabv3+. Thus, the proposed method shows
superior tracking accuracy (SA) and efficiency (CT), making it a
competitive solution for video segmentation and object tracking
tasks across various frame rates.
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Table.5. Performance (10U, MOTA, mAP, FPS, SA, CT) on

Test Set

Meod o) (o) | 08|75 o6) )
FCN 75.3| 68.1 |63.5| 14 |86.2| 35
Mask R-CNN 78.4| 70.7 |65.1| 12 |84.5| 50
CFNet 749| 66.4 |61.3| 13 |88.1| 42
DeepSORT 77.1| 69.2 |62.8| 16 |83.8| 38
YOLOv4 80.3| 72.3 |67.4| 20 |86.7| 36
DeeplLabv3+ 77.8| 71.1 |64.5]| 15 |85.2| 45
Proposed Method|82.7| 75.4 |70.6| 24 |90.3| 28

In the evaluation on the test set, the proposed method shows
superior performance across all key metrics when compared to
existing methods. The Intersection over Union (IOU) for the
proposed method is 82.7%, outperforming other methods such as
YOLOV4 (80.3%) and Mask R-CNN (78.4%). This indicates that
the proposed method is more precise in segmenting and localizing
objects within the frames. For MOTA (Multi-Object Tracking
Accuracy), the proposed method achieves 75.4%, which is the
highest, surpassing other methods like YOLOv4 (72.3%) and
Mask R-CNN (70.7%). This highlights the robustness of the
proposed method in tracking multiple objects and maintaining
object identities over time, even in challenging scenarios such as
occlusion and motion blur. The mean Average Precision (mAP)
for the proposed method is 70.6%, indicating that it has better
overall accuracy in both object detection and classification than
methods like YOLOv4 (67.4%) and DeeplLabv3+ (64.5%).
Additionally, the Frames Per Second (FPS) rate of 24 FPS shows
that the proposed method is more efficient than existing methods
such as Mask R-CNN (12 FPS) and DeepLabv3+ (15 FPS),
indicating its suitability for real-time applications. The
Segmentation Accuracy (SA) of 90.3% also shows that the
proposed method is very effective in segmenting objects, with the
lowest Computational Time (CT) of 28 ms on the test set, proving
that it can handle large-scale video data with efficiency and speed.

S. CONCLUSION

The proposed method for video segmentation and object
tracking, combining CNN, VGG, and AlexNet architectures,
shows significant advancements over existing methods. The
experimental results on both the training and test sets show that
the proposed method outperforms other models such as FCN,
Mask R-CNN, CFNet, DeepSORT, YOLOv4, and DeepLabv3+
in multiple performance metrics, including Intersection over
Union (I0U), Multi-Object Tracking Accuracy (MOTA), mean
Average Precision (mAP), Frames Per Second (FPS),
Segmentation Accuracy (SA), and Computational Time (CT).
The proposed approach achieves the highest IOU, MOTA, and
mAP, showcasing superior object localization and classification
accuracy. Furthermore, its real-time performance, with high FPS
and low CT, makes it suitable for time-sensitive applications, such
as surveillance and autonomous driving. The method’s strong
segmentation capabilities, combined with efficient tracking, make
it highly effective in handling complex scenarios with multiple
moving objects. The proposed approach’s ability to maintain high
accuracy while operating at high speeds and low computational
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costs highlights its potential for real-world deployment in video
analytics. Thus, the results suggest that the proposed method
offers a promising solution for advanced video analysis, providing
both accuracy and efficiency in video segmentation and object
tracking tasks.
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