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Abstract: To address the computational bottlenecks faced by classical neural networks under the explosive growth of data
scale, quantum convolutional neural networks ( QCNNs) based on quantum computing have become a research hotspot.
This study constructs a QCNN for image classification within the limited resources provided by noisy intermediate-scale
quantum ( NISQ) devices. The model employs angle encoding and designs a convolutional layer based on a data re-upload-
ing classifier, followed by a four-qubit pooling layer. Two different architectures of quantum fully connected layers are de-

signed to perform image classification, and the impact of their structures on QCNN classification performance is analyzed.
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Simulation results show that the proposed QCNN achieves high classification accuracy and good generalization in binary

classification tasks, with a maximum accuracy of 100.00% , a minimum of 94.55%, and an average of 97.29%. Further-

more, increasing the circuit depth improves model performance, enabling the QCNN to achieve over 90% accuracy in four-

class classification tasks.

Keywords :image classification; convolutional neural networks; parameterized quantum circuits; quantum convolutional

neural networks
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Tab.3  Performance of different algorithms in binary classification tasks
%
R 0/1 2/4 3/6 5/9 7/8

QNN 87.18+0.03 78.83+0.41 91.52+0.24 72.33+0.23 75.47+0.06
HQC! 92.88+0.87 88.70+1.62 78.84+3.81 86.04+2.21 82.73+0.23
QuanvNN'® 97.29+0.12 93.50+0.24 98.16+0.04 88.95+0.21 93.33+0.37
VCNN 97.95+0.16 95.39+0.25 99.15+0.13 94.12+0.17 95.44+0.19
CNN!® 96.43+0.24 91.68+0.15 97.51+0.11 84.47+0.53 94.91+0.59
BN 100+0.00 98.83+0.21 97.43+0.31 94.55+0.24 95.65+0.14
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Fig.10  Accuracy and loss of four classification tasks at different line depths
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