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Abstract: To overcome the limitations of traditional fringe-based displacement inversion algorithms in vor-
tex interferometry for micro-displacement measurement, a deep-learning fusion model based on conjugate

vortex beam interference is proposed. A YOLOvS8s-Seg segmentation network, incorporating a light-
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weight FasterNet backbone and a CARAFE dynamic upsampling module, is employed to segment petal
regions in interference images accurately, thereby reducing the influence of background noise and beam dis-
tortion on phase information extraction. A 14-layer convolutional neural network (CNN) is then used to
perform multi-scale hierarchical feature extraction on the segmented petal regions, establishing a precise
mapping between morphological variations and rotation angles to enable sub-nanometer displacement de-
tection. Experimental results within a displacement range of (0-500) nm demonstrate a petal-region seg-
mentation mean average precision (mAP) of 96. 5% , overall displacement accuracy better than 0. 94 nm,
and a mean absolute error (MAE) of 0. 63 nm. Owing to the dual-network collaborative architecture, the
proposed method exhibits improved robustness to fringe distortion and noise, providing marked advantages
in both precision and stability for micro-displacement measurement.

Key words: micro-displacement measurement; conjugate vortex light interferometry; YOLOvS8s-Seg seg-

mentation; multi-scale hierarchical feature extraction
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Fig.2 Comparison of segmentation results using OTSU
and YOLOvS8s-Seg
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Fig.3 Overall network architecture and module details
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7 MaxPool3 128 2X2 32X32X128
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9 MaxPool4 256 2X2 16X16X256
10 Convb 512 3X3 16X16X512
11 GlobalAvgPool 512 - 1X1X512
12 Flatten — — 512
13 FC 512 — 512
14 Output 1 — 1
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Fig. 5 Experimental setup for conjugate vortex beam in-

terferometry-based displacement measurement
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Tab.2 Experimental parameter configuration

Parameter Value
Epochs 150
Ir0 0.01
Irf 0.000 1
Batch size 16
Weight-decay 0.000 5
Momentum 0.937
Input image size 640X 640
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Tab.3 Ablation experiment with different module combinations
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Tab.4 Model evaluation results at certain displacement

values
Displacement/nm  MAE/nm  MSE/nm’ R*
1 0. 327 0.254 0.926
10 0. 346 0.328 0.903
100 0.332 0.316 0.895
500 0.427 0.403 0. 855
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Fig. 10 Comparison of MAE for three micro-displace-

ment measurement methods
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Tab.5 Performance comparison of three micro-displace-

ment measurement methods

Method MAE/nm MSE/nm’
Cyclic cross-correlation 2.015 5.028
Centroid 1.263 3.152
Deep learning fusion 0.630 0. 549
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