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Abstract

Leveraging its core advantages of high brightness, high directionality, and high monochromaticity,
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laser technology has been widely adopted across various fields in modern society. However, the
quality oflaser spots currently exhibits significant inconsistency. In practical scientific research and
production processes, factors such as optical aberrations and beam transmission disturbances lead
to wavefront distortions and non-uniform intensity distributions in laser spots. These often mani-
fest as prominent higher-order mode components, deviations from ideal circular symmetry, and the
emergence of ellipticity or multi-lobe structures, thereby impeding accurate assessment of beam
quality. To address these technical challenges, this study employs deep learning as the core meth-
odology, utilizing a pre-trained ResNet18 model to construct a transfer learning framework. A self-
built dataset of laser spot samples serves as the training database. Through feature transfer and
model application, the proposed approach evaluates laser spot quality. Experimental results demon-
strate that the model achieves an accuracy rate of 80% in laser spot quality assessment, effectively
identifying spot quality defects while significantly improving intensity uniformity and morphologi-
cal stability.
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Figure 1. Flowchart of traditional spot quality assessment methods
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Table 1. Traditional ResNet18 network architecture table
%% 1. ResNet18 W48 224048

Layer name Configuration Output size
Input RGB Image 224 x 224 x3
Convl 7 x 7, 64, stride 2 112 x 112 x 64

MaxPool 3 x 3, stride 2 56 x 56 x 64
Layerl [3x3,64] x2 56 x 56 x 64
Layer2 [3 x3,128] x 2, stride 2 28 x 28 x 128
Layer3 [3 % 3,256] x 2, stride 2 14 x 14 x 256
Layer4 [3 x3,512] x 2, stride 2 7 x7 %512

GlobalAvgPool 7x7—1x1 I x1x512
FC (Modified) 512 x N_classes N_classes
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Figure 2. Schematic diagram of the ResNet network architecture
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Figure 4. Invalid spot diagram
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Figure 5. High-quality light spots and identification results
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Figure 6. Defective spots and identification results
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Figure 7. Traditional algorithm recognition results

Bl 7. R ERRAER

Predicted: valid_spot Predicted: invalid spot

The image is predicted as: valid_spot The image is predicted as: invalid_spot

Figure 8. The recognition results of the deep learning algorithm
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Figure 9. Accuracy rate and loss function curve
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Figure 10. The modified loss function and accuracy curve
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Figure 11. Confusion matrix
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Receiver Operating Characteristic (ROC) Curve
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Figure 12. ROC curve
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