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Abstract

For the task of image recognition of four-phase vortex beams with different rotation angles, this paper
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proposes an efficient recognition method combining polar coordinate transformation and Kolmo-
gorov-Arnold networks (KANs). The traditional convolutional neural network (CNN) recognition
method usually relies on the direct processing of high-dimensional data, which not only has high
computational complexity, but also has a limited effect on the extraction of rotational invariant fea-
tures. In contrast, the method in this paper first maps the two-dimensional light intensity distribu-
tion image in a Cartesian coordinate system to a one-dimensional feature sequence in a polar coor-
dinate system through polar coordinate transformation. This transformation not only effectively
preserves the rotational symmetry and angular features of the light beams, but also significantly
reduces the data dimensions, which in turn reduces the complexity of the subsequent calculations.
On this basis, Kolmogorov-Arnold network models (KANs) are designed and constructed to make
full use of their powerful feature extraction and classification capabilities to learn and classify the
one-dimensional sequences transformed by polar coordinates. Experimental results show that the
method exhibits excellent recognition performance in the face of image datasets with different ro-
tation angle categories, with recognition accuracy as high as 99.6%. Meanwhile, compared with the
traditional method, this method significantly reduces the time complexity and space complexity and
improves the recognition efficiency. The recognition framework combining polar coordinate trans-
forms and KANs proposed in this paper provides an innovative solution for the fast and efficient
recognition of vortex beams and lays the foundation for the intelligent processing and application
expansion of light field information.
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Figure 1. Convolutional computation process
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Figure 2. Algorithms for maximum pooling downsampling and average pooling downsampling
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Figure 3. ResNet structural framework
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Table 1. Data results for different network architectures

® 1 TEIMESRABIEER

Layers Accuracy/% Training time/s Configuration
2 96.6 71.03 [512, 512, 10]
3 97.6 83.06 [512, 512, 512, 10]
4 98.9 100.07 [512, 512, 512, 512, 10]
5 99.6 120.01 [512, 512, 512, 512, 512, 10]
6 99.5 139.10 [5125, 10]
8 99.0 173.03 [5128, 10]
10 98.1 215.05 [51210, 10]
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Figure 4. Image acquisition optical path diagram
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Figure 5. Optical whiteboard imaging
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Figure 6. Four-phase vortex beam image
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Figure 8. The left panel shows the reference interpolation points in the four-phase vortex beam indicated by red dots; the right
panel shows the position of the red-dot labeled interpolation points in polar coordinates
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Table 2. Experimental environment and configuration
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Figure 9. Accuracy in samples after training polar transformations for KANs
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Figure 10. Accuracy of ResNet50 training a four-phase vortex beam image dataset

10. ResNet50 IZk IR BEA R EG B IR LR ERE

Table 3. Comparison of key metrics between the methods in this paper and traditional training methods

3. AN ESEGINETS AR BRI

Targets Traditional Training This Approach Upgrade Ratio
Accuracy 99.5% 99.6% +0.1%
Training time 75 min 2 min 197.3%
Memory 8.6 GB 1.6GB 1 81.4%
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Figure 11. Confusion matrix for the test set
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