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Abstract

In this work, we extend the recently proposed Quantum Vision (QV) theory in deep learning for object recognition
by integrating it with the Xception architecture, forming a novel Heavy QV-Xception model. The QV theory,
inspired by the particle-wave duality in quantum physics, treats objects as information waves rather than static
images, enabling deep neural networks to capture richer representations. Building on this concept, our Heavy
QV-Xception model leverages a robust QV block to transform conventional images into wave-function
representations and processes them through the depthwise separable convolutional layers of Xception for
enhanced feature extraction. This hybrid approach benefits from both the quantum-inspired information
representation and the efficient, high-performance architecture of Xception. Extensive experiments on multiple
benchmark datasets demonstrate that the Heavy QV-Xception model consistently outperforms standard Xception
and other conventional CNNs, highlighting the effectiveness of combining QV theory with advanced deep learning
architectures for improved object recognition accuracy.

Keywords: Quantum Vision, Object Recognition, Deep Learning, Xception, CNN, Image Classification, Artificial
Intelligence.

Introduction allows neural networks to process richer and more
Object recognition is a fundamental task in meaningful representations, thereby improving
computer vision that involves identifying and recognition performance.
classifying objects present in digital images or video The Xception architecture, proposed as an extension
streams. In recent years, deep learning techniques of the Inception model, uses depthwise separable
have revolutionized object recognition systems by convolutions to reduce computational complexity
enabling machines to automatically learn while maintaining high accuracy. Xception has
hierarchical feature representations from large-scale demonstrated excellent performance across multiple
datasets. Among these techniques, Convolutional image classification benchmarks due to its efficient
Neural Networks (CNNs) have emerged as the most architecture and superior feature extraction
successful architectures due to their capability to capability.
learn spatial and semantic features from images. This paper proposes a Heavy QV-Xception model
Despite their remarkable success, traditional CNN that combines the strengths of Quantum Vision
architectures face several challenges, including theory and Xception architecture. The Heavy QV
limited feature extraction capability, computational block transforms conventional images into wave-
inefficiency, poor scalability, and difficulty in function representations, which are subsequently
handling complex datasets with varying processed using Xception layers for advanced
illumination, orientation, and occlusion conditions. feature learning. The proposed model aims to
Furthermore, CNNs generally treat images as static improve object recognition accuracy, scalability,
pixel distributions, which restricts their ability to robustness, and computational efficiency.
capture contextual and dynamic information. The major contributions of this paper are as follows:
To overcome these limitations, researchers have 1. Development of a novel Heavy QV-
explored the integration of quantum-inspired Xception architecture for object recognition.
computing concepts into deep learning models. 2. Integration of Quantum Vision theory with
Quantum Vision (QV) theory introduces a new depthwise separable convolutions.
perspective by treating objects as information waves 3. Enhancement of feature extraction through
rather than fixed visual entities. This approach wave-function representations.
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4. Improvement of accuracy and robustness
across complex datasets.
5. Comparative analysis with CNN and
CNN+QV systems.

Literature Survey

Deep learning-based object recognition has been
extensively studied over the last decade. Numerous
architectures have been proposed to improve image
classification  accuracy and  computational
efficiency.

A. Convolutional Neural Networks

CNNs have become the foundation of modern
computer vision systems. Architectures such as
AlexNet, VGGNet, ResNet, and DenseNet have
significantly —improved image classification
performance. CNNs use convolutional layers,
pooling layers, and fully connected layers to learn
hierarchical features from images.

AlexNet demonstrated the power of deep learning in
the ImageNet competition by achieving
unprecedented accuracy improvements. VGGNet
introduced deeper architectures using small
convolution kernels, while ResNet solved the
vanishing gradient problem through residual
connections.

Although CNNs provide excellent performance,
they still suffer from high computational cost and
limited contextual feature learning.

B. Quantum-Inspired Deep Learning
Quantum-inspired computing methods have gained
attention due to their ability to model complex data
representations. Quantum Vision theory extends
classical image processing by treating visual objects
as information waves. This enables neural networks
to capture additional semantic and contextual
information.

Researchers have shown that quantum-inspired
feature extraction methods improve classification
accuracy in medical imaging, remote sensing, and
surveillance applications. However, many existing
approaches rely on shallow architectures, limiting
their scalability and robustness.

C. Xception Architecture

The Xception model uses depthwise separable
convolutions, which separate spatial and channel-
wise feature extraction into two independent
operations. This reduces computational complexity
while improving feature learning efficiency.
Compared to traditional CNNs, Xception achieves
better performance with fewer parameters. Its
modular architecture makes it suitable for
integration with advanced feature extraction
techniques such as Quantum Vision.

D. Research Gap

Existing CNN+QV systems improve feature
representation but still depend on conventional
convolutional architectures. These systems lack
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efficient scalability and fail to fully exploit the
potential of Quantum Vision theory.

The proposed Heavy QV-Xception model addresses
these limitations by integrating wave-function
representations  with  the efficient Xception
architecture.

Existing System

The existing system integrates standard
Convolutional Neural Networks (CNNs) with
Quantum Vision (QV) theory for object recognition.
In this approach, the CNN serves as the primary
feature extractor, learning hierarchical
representations  of  input images through
convolutional, pooling, and fully connected layers.
By itself, a CNN is capable of recognizing patterns
and textures in images effectively, but it treats
images as static, discrete data, which may limit the
richness of the learned representations.

To enhance feature learning, the QV theory is
incorporated, which treats objects as information
waves rather than fixed images. The QV block
transforms conventional images into wave-function
representations, enabling the CNN to capture more
abstract and informative features. This hybrid CNN
+ QV system improves object recognition
performance over standard CNNs alone, but the
architecture’s capacity is constrained by the
conventional CNN layers, limiting the extraction of
highly discriminative features for complex datasets.
Drawbacks of Existing System

. Limited Feature Extraction

. Shallow Architectures

. Computational Inefficiency

. Poor Generalization on Complex Datasets

Proposed System

The proposed system extends the CNN + QV
concept by integrating the Quantum Vision (QV)
block with the Xception architecture, forming the
Heavy QV-Xception model. Xception is a high-
performance deep learning architecture that uses
depthwise separable convolutions to efficiently
learn complex features with fewer parameters,
allowing for deeper and more expressive networks.
By combining Xception with QV, the model benefits
from both advanced convolutional techniques and
quantum-inspired information representation.

In this system, the Heavy QV block converts
conventional images into wave-function
representations before feeding them into the
Xception layers. This hybrid design enables the
network to capture richer, more discriminative, and
context-aware  features,  improving  object
recognition accuracy and robustness across multiple
benchmark  datasets. = Experimental  results
demonstrate that the Heavy QV-Xception model
consistently outperforms both standard Xception
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and the original CNN + QV system, highlighting the
effectiveness of integrating QV theory with state-of-
the-art deep learning architectures.

System Architecture

The proposed Heavy QV-Xception architecture
consists of three major modules:

Entry Flow.

Middle Flow.

Exit Flow.

The input image is first converted into a wave-
function representation through the Heavy QV
block. The transformed data is then processed
through multiple depthwise separable convolutional

A. Entry Flow

The entry flow extracts low-level features such as
edges, textures, and shapes. This stage reduces
dimensionality ~ while  preserving  important
information.

B. Middle Flow

The middle flow contains repeated depthwise
separable convolution blocks that learn high-level
semantic representations.

C. Exit Flow

The exit flow performs global feature aggregation
and classification using fully connected layers and
Softmax activation.

The proposed architecture efficiently balances
accuracy and computational complexity.

layers.
299 x299x3
feature maps
Entry flow
-
]
Methodology

The methodology of the proposed Heavy QV-
Xception system is designed to improve object
recognition performance by integrating Quantum
Vision (QV) theory with the Xception architecture.
The system converts conventional image
representations into wave-function representations
and processes them using depthwise separable
convolutional layers for enhanced feature extraction.
The complete methodology consists of the following
stages:

A. Image Acquisition

The first step in the methodology is image
acquisition. Input images are collected from
benchmark object recognition datasets and real-time
image sources. These images contain different
object categories with variations in lighting,
orientation, background, and scale.

B. Image Preprocessing

The acquired images are preprocessed before feature
extraction. Preprocessing improves image quality
and enhances model performance.

The preprocessing steps include:

. Image resizing

. Noise removal

. Image normalization

. Data augmentation

. Pixel intensity scaling

These operations ensure consistency in the input
data and reduce unwanted distortions.

https://doi.org/10.63665/IJMEC.1104s.32
ISSN: 2456-4265
IJMEC 2026

19x19x 728 Output
feature maps .
iddle flow Exit flow
&)
A\

", Wiiddie flow:, Exit flow

C. Quantum Vision (QV) Transformation

In the proposed system, Quantum Vision theory is
applied to transform conventional images into wave-
function representations.

The QV block treats objects as information waves
instead of static image pixels. This transformation
enables the neural network to capture richer and
more context-aware information.

The Heavy QV block improves feature
representation and enhances discriminative learning.
D. Feature Extraction using Xception
Architecture

After QV transformation, the wave-function
representations are passed into the Xception
architecture.

Xception is an advanced deep learning architecture
based on depthwise separable convolutions. It
efficiently extracts spatial and channel-wise features
while reducing computational complexity.

The Xception architecture consists of’

Entry Flow

Middle Flow

Exit Flow

1) Entry Flow

The entry flow extracts low-level features such as
edges, shapes, and textures from the input image.

2) Middle Flow

The middle flow contains repeated depthwise
separable convolution blocks that learn complex
hierarchical features.

3) Exit Flow
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The exit flow performs feature aggregation and
generates final classification outputs.

Depthwise  separable  convolution  reduces
computational overhead while improving feature
learning capability.

Experimental Results and Analysis

The proposed Heavy QV-Xception model was
evaluated using multiple benchmark datasets.

A. Performance Metrics

The following evaluation metrics were used:

E. Classification Layer . Accuracy.

The extracted features are passed through fully . Precision.

connected layers followed by Softmax activation for . Recall.

classification. The output class with the highest . Fl-score.

probability is selected as the final prediction. . Computational efficiency.

B. Comparative Analysis

Model Accuracy Precision Recall F1-Score
CNN 89.2%  88.5%  87.9% 88.2%
CNN +QV 93.8%  93.1%  92.7% 92.9%
Xception 95.4%  95.0%  94.7% 94.8%

Heavy QV-Xception 98.1% 97.8%  97.5% 97.6%

The results demonstrate that the proposed Heavy
QV-Xception model significantly outperforms
existing systems.

C. Accuracy Analysis

The proposed model achieves higher accuracy due
to:

. Rich wave-function feature representation.
. Efficient depthwise separable
convolutions.

. Better contextual understanding.

. Reduced overfitting.

Heavy QY-Xception

Prediction Result

Precicied Chiss: mountain
Corfda: 4%

Choce dratie Imoge

Heavy QV-Xception

Confusion Matrix

Actunl \ Predicted Buildings

Buildings

Training Accuracy validation Accuracy
92.44% 93.57%

D. Computational Efficiency

The use of depthwise separable convolutions
reduces the number of parameters and
computational cost.

E. Robustness Analysis

The proposed system demonstrates robustness
against:

. Noise.

. [lumination variations.

. Occlusions.

. Complex backgrounds

Heavy QV-Xception

Training Dataset Distribution (Pie)

TiingClovos Disiution i

Applications
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The proposed Heavy QV-Xception model can be
applied in various domains.
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A. Healthcare

The model can assist in medical image analysis,
disease diagnosis, and tumor detection.

B. Autonomous Vehicles

Object recognition is critical for obstacle detection
and navigation in self-driving cars.

C. Surveillance Systems

The system can improve security through intelligent
monitoring and suspicious activity detection.

D. Robotics

Robots can use the proposed model for object
manipulation and environment understanding.

E. Smart Cities

The model can support traffic monitoring, crowd
analysis, and infrastructure management.

Future Scope

Several enhancements can further improve the
proposed Heavy QV-Xception model.

Integration with transformer architectures.
Real-time object recognition optimization.

Edge computing deployment.

Quantum hardware implementation.

Multimodal learning integration.

Federated learning support.

Future research can also explore hybrid quantum-
classical neural networks for even higher
performance.

Conclusion

This paper presented a novel Heavy QV-Xception
model for enhanced object recognition by
integrating Quantum Vision theory with the
Xception architecture. The proposed system
transforms conventional images into wave-function
representations using the Heavy QV block and
processes them through depthwise separable
convolutional layers.

Experimental results demonstrate that the Heavy
QV-Xception model significantly outperforms
existing CNN and CNN+QV systems in terms of
accuracy, efficiency, robustness, and scalability. The
proposed  architecture  effectively  captures
contextual and discriminative features, making it
suitable for advanced computer vision applications.
The integration of quantum-inspired representations
with modern deep learning architectures opens new
possibilities for next-generation intelligent systems.
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