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Fig. 1 Flow of PSP experiment data processing
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Fig. 4 PSP images of shell part. (a) Windy image; (
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Fig. 5 PSP images of sheet part. (a) Windy image; (b) windless image; (c) superimposed display image
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Fig. 6 Registration error images of shell part. (a) Error images of windy image; (b) error images of Feature Matching registration;

(c) error images of MI-Spline registration; (d) error images of Voxelmorph registration; (e) error images of CycleMorph
registration; (f) error images of BIRGU-Net registration; (g) error images of LRN registration; (h) error images of PIR-Net

registration
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Fig. 7 Registration error images of sheet part. (a) Error images of windy image; (b) error images of Feature Matching registration;

®

(c) error images of MI-Spline registration; (d) error images of Voxelmorph registration; (e) error images of CycleMorph
registration; (f) error images of BIRGU-Net registration; (g) error images of LRN registration; (h) error images of PIR-Net

registration
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Table 1 Comparison of registration accuracy of shell part
Method Original Feature Matching MI-Spline  Voxelmorph ~ CycleMorph ~ BIRGU-Net LRN PIR-Net
RMSE 0.1338 0.1544 0.1043 0.0721 0.0646 0.0715 0.0624 0.0505
NCC 0.1722 0.1451 0.1196 0.3348 0.3483 0.2443 0.3512 0.4087
2 W RO R I
Table 2 Comparison of registration accuracy of sheet part
Method  Original ~ Feature Matching MI-Spline Voxelmorph ~ CycleMorph ~ BIRGU-Net LRN PIR-Net
RMSE 0.1784 0.1574 0.1423 0.1696 0.1635 0.1681 0.1182 0.0479
NCC 0.0243 0.0237 0.0398 0.0269 0.0261 0.0255 0.0392 0.0596
3 FERELE TREX L
Table 3 TRE comparison of shell part
TRE /pixel
Method
Point 1 Point 2 Point 3 Point 4 Point 5 Point 6
Original 7.07 5.09 4.12 9.21 8.06 8.54
Feature Matching 4.47 4.24 2.82 5.83 5.65 5.09
MI-Spline 3.16 2.82 4.24 3.60 6.08 3.16
Voxelmorph 1.41 1.21 1.63 8.06 6.32 7.07
CycleMorph 1.20 1.07 1.41 5.09 4.56 5.04
BIRGU-Net 1.48 2.11 1.66 9.05 7.07 8.06
LRN 1.21 2.23 2.13 8.24 3.04 7.28
PIR-Net 1.13 0.71 1.10 1.33 1.41 1.27
w4 OWREE TREXT L
Table 4 TRE comparison of sheet part
TRE /pixel
Method
Point 1 Point 2 Point 3 Point 4 Point 5 Point 6
Original 6.08 4.12 3.60 11.18 10.29 19.10
Feature Matching 3.16 8.06 15.26 8.61 11.04 15.03
MI-Spline 13.34 15.52 19.13 18.86 14.31 9.05
Voxelmorph 7.14 5.38 4.12 13.15 12.21 18.02
CycleMorph 6.08 5.04 4.56 10.04 8.60 16.12
BIRGU-Net 5.39 4.12 4.47 10.19 9.21 14.03
LRN 4.31 3.61 2.82 8.54 4.24 6.71
PIR-Net 2.24 1.70 1.41 2.23 2.11 2.62
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Fig. 8 Distribution of key points of shell part
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Fig. 9 Distribution of key points of sheet part
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Fig. 10 Maximum error positions and average error values of shell part registration results. (a) Error images of windy image; (b) error

images of Feature Matching registration; (c) error images of MI-Spline registration; (d) error images of Voxelmorph
registration; (e) error images of CycleMorph registration; (f) error images of BIRGU-Net registration; (g) error images of LRN

registration; (h) error images of PIR-Net registration
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Fig. 11 Maximum error positions and average error values of sheet part registration results. (a) Error images of windy image; (b) error

images of Feature Matching registration; (c) error images of MI-Spline registration; (d) error images of Voxelmorph

registration; (e) error images of CycleMorph registration; (f) error images of BIRGU-Net registration; (g) error images of LRN

registration; (h) error images of PIR-Net registration
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Table 5 Comparison of registration time for different methods
Method Feature Matching  MI-Spline  Voxelmorph CycleMorph BIRGU-Net LRN  PIR-Net
Registration time for shell part /s 1.76 754 0.41 0.39 0.42 0.45 0.48
Registration time for sheet part /s 1.75 761 0.43 0.42 0.43 0.47 0.51
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Table 6 Impact of the number of cascaded convolutional models on registration accuracy and time

Number of cascading

Shell part

Sheet part

CNN models RMSE NCC Registration time /s RMSE NCC Registration time /s
1 scale (1) 0.0741 0.3370 0.41 0.1786 0.0237 0.43
2 scale (1/2, 1) 0.0658 0.3476 0.45 0.1168 0.0386 0.48
3scale (1/4, 1/2, 1) 0.0505 0.4087 0.48 0.0479 0.0596 0.52
4 scale (1/8, 1/4,1/2, 1) 0.0496 0.4020 0.51 0.0483 0.0588 0.54
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Abstract

Objective

Pressure sensitive paint (PSP) technology is a non-contact optical pressure measurement method utilized

extensively for surface pressure measurement of parts in wind tunnel environments. The surface of a part coated with PSP

fluoresces under excited light conditions, and the pressure results can be inverted using the Stern-Volmer formula. This

formula requires the ratio of the windy image to the windless image, but the displacement and non-rigid deformation of the

part in the wind tunnel environment will result in computational errors in the division of non-corresponding points.

Consequently, the accurate registration of windy and windless images is fundamental to processing PSP experimental data.

Typical PSP images comprise only two distinct components: a bright light-emitting region and a black background region,
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leading to sparse image features and a relatively limited number of feature points, which makes it difficult to apply typical

registration methods directly. Moreover, as the number of images in a single experiment exceeds tens of thousands,
conventional non-rigid registration methods are often slow and insufficient for fast registration requirements. Consequently,
there is an urgent demand to develop a new method that can register images accurately and swiftly without relying on

marker points.

Methods To achieve the demand for accurate and fast registration of PSP images, we propose a registration method
based on unsupervised learning. The method does not require a priori information and directly learns an end-to-end from
image pairs to deformation fields. The registration network structure incorporates multiple scales of structures, through a
multi-cascade approach, facilitating a coarse-to-fine registration of PSP images. Furthermore, we have designed a new loss
function based on the structural similarity of images, which maximizes the similarity between the registration image and the
input fixed image. In our study, two sets of PSP experimental images of typical parts, each comprising 20000 image pairs,
are introduced for the training and testing of the registration network. The image sizes are 640X 272, and the format is
a 16 bit greyscale image. The registration process utilizes only image pair information, without the assistance of external
supervisory information. To assess the efficacy of this method, we compare and analyze it with conventional algorithms
currently used for PSP image alignment. These conventional algorithms include feature-based matching algorithms, MI-
Bspline algorithms that combine greyscale and B-spline, and deep learning-based alignment models such as Voxelmorph,
CycleMorph, BIRGU-Net, and LRN. The image registration methods are also evaluated based on registration accuracy
and time. Registration accuracy is measured by three common quantitative metrics: root mean square error (RMSE),

normalized correlation (NCC), and target alignment error (TRE).

Results and Discussions Evaluating and analyzing our method with the conventional methods, it is evident from the
registration results of shell parts and thin plate parts in Figs. 6 and 7 that the five regions of the two sets of experimental
data in the PIR-Net registration results have essentially completed the registration. This suggests that the method
possesses a stronger robustness in handling complex scenes and large deformation alignments in PSP images and enhancing
accuracy. To further quantify the accuracy of the registration, we utilize the RMSE and NCC indices to evaluate the results
(Tables 1 and 2). The tables indicate that the PIR-Net significantly outperforms the comparison methods in both the RMSE
and NCC metrics. Compared to the conventional methods, the RMSE index is improved by 51.6% and the NCC index is
improved by 181.7% . This improvement is primarily attributed to the non-rigid deformation and feature sparsity in the PSP
image. Neither the feature matching nor the iterative optimization-based methods can effectively address these issues,
leading to sub-optimal overall registration. Compared to other deep learning-based registration methods, PIR-Net
demonstrates superior adaptability in large deformation regions due to its multi-scale network structure and attention
mechanism. This results in a 16.4% improvement in the NCC and a 19.1% improvement in the RMSE. To further
illustrate the advantages of the algorithm in registration error control, we compare and demonstrate the maximum error
position and the average error in the experiments. Due to the combination of the smoothing term constraint and the
attention mechanism, it exhibits a more consistent distribution of error, with a relatively smooth error limit constraint
(Figs. 10 and 11). The average time for each method’s registration is experimentally demonstrated in Table 5. Our method
outperforms other conventional methods. Compared to other deep learning methods, the registration time of PIR-Net is
slightly longer. This is primarily due to the use of multi-scale registration. However, using a very small difference in
registration time for a higher accuracy of registration is a good compromise between time performance and accuracy of

registration, which is more practical.

Conclusions We introduce an unsupervised learning-based registration method for the PSP image registration. This
method directly learns the end-to-end mapping from image pairs to deformation fields. It designs a multiscale network
structure and a coarse-to-fine registration strategy to address the issue of large offsets and non-rigid deformations in wind
tunnel environments. Additionally, it incorporates a novel loss function paradigm based on image similarity, which
enhances image registration in feature-sparse scenarios. Comparing with typical alignment methods such as MI-Spline and
Voxelmorph on two sets of PSP images, the experimental results prove that our method achieves a far better registration
performance than the existing methods in visual evaluation and RMSE, NCC, and TRE metrics, under the premise of

ensuring the performance of the algorithm. This method provides a reliable solution to the PSP image registration problem.

Key words machine vision; pressure sensitive paint image; non-rigid deformation; image registration; unsupervised

learning
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