

  electronics-12-03723




electronics-12-03723







Electronics 2023, 12(17), 3723; doi:10.3390/electronics12173723




Article



An Improved CNN for Polarization Direction Measurement



Hao Han 1,2, Jin Liu 1,2, Wei Wang 1,2,*, Chao Gao 1,2 and Jianhua Shi 1,2





1



College of Advanced Interdisciplinary Studies, National University of Defense Technology, Changsha 410073, China






2



Nanhu Laser Laboratory, National University of Defense Technology, Changsha 410073, China









*



Correspondence: wangwei8610@nudt.edu.cn







Citation: Han, H.; Liu, J.; Wang, W.; Gao, C.; Shi, J. An Improved CNN for Polarization Direction Measurement. Electronics 2023, 12, 3723. https://doi.org/10.3390/electronics12173723



Academic Editor: Byung Cheol Song



Received: 15 July 2023 / Revised: 23 August 2023 / Accepted: 30 August 2023 / Published: 4 September 2023



Abstract

:

Spatially polarization modulation has been proven to be an efficient and simple method for polarization measurement. Since the polarization information is encoded in the intensity distribution of the modulated light, the task of polarization measurement can be treated as the image processing problem, while the pattern of the light is captured by a camera. However, classical image processing methods could not meet the increasing demand of practical applications due to their poor computational efficiency. To address this issue, in this paper, an improved Convolutional Neural Network is proposed to extract the Stokes parameters of the light from the irradiance image. In our algorithm, residual blocks are adopted and different layers are connected to ensure that the underlying features include more details of the image. Furthermore, refined residual block and Global Average Pooling are introduced to avoid overfitting issues and gradient vanishing problems. Finally, our algorithm is tested on massive synthetic and real data, while the mean square error (MSE) between the extracted values and the true values of the normalized Stokes parameters is counted. Compared to VGG and FAM, the experimental results demonstrate that our algorithm has outstanding performance.
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1. Introduction


Polarization measurement is important in many applications, such as in sky polarized light navigation [1], remote sensing [2,3,4], the food industry [5,6,7,8] and ellipsometry [9,10,11]. Generally, four methods, including interferometric polarimeter [12,13], temporally modulated polarimeter [14,15], division-of-amplitude polarimeter [16,17] and spatially modulated polarimeter [18,19,20,21], are well accepted to solve this problem. In a interferometric polarimeter, the coherent optical paths are constructed, and the polarization information can be calculated from the interference pattern. The interferometric polarimeter is robust and stable, however, the analyzing process of the interference pattern is usually complicated. In a temporally modulated polarimeter, the rotatable or active optical elements are utilized to modulate the incident polarized light in a time sequential, and the polarization state of the incident beam can be obtained by analyzing the time varying intensity signal. The temporally modulated polarimeter is simple and easy to implement, however, its measurement speed is limited, and it is sensitive to the power and wavelength fluctuation of the light sources. In a division-of-amplitude polarimeter, the incident beams are analyzed by several channels with different polarization optics, and the polarization information can be obtained in a single shot. The division-of-amplitude polarimeter is competent for real-time monitoring, but its configuration is usually complicated to adjust. To conquer these issues, some researchers developed a fourth method, i.e., spatially modulated polarimeter. In a spatially modulated polarimeter, the spatially modulated polarization optics, such as micro polarizer arrays, polarization grating, azimuthal or radial polarizers, are utilized to modulate the intensity in the spatial domain, the polarization information of the incident beam can be obtained by processing and analyzing the spatial modulated intensity image. The spatially modulated polarimeter can achieve the polarization measurement in a compact, rapid and stable way. It is not sensitive to changes in the power and wavelength of the light. However, as the core devices, the spatial modulation devices are difficult to deploy.



Fortunately, a vortex retarder based spatial polarization modulated polarimetry method is proposed [1,11,18]. The vortex retarder is a special wave plate, and it has a constant retardance across the clear aperture, but its fast axis rotates continuously along the azimuth, so it can convert an ordinary polarized light into a vectorial optical beam [18]. Then, the polarization information is included in the light intensity distribution while the vector polarized light field is detected by a polarizer. Compared to other spatial modulation methods, this method has the advantages of stable performance, low wavelength sensitivity, good temperature stability, high modulation quality and low cost. In this method, the polarization information can be extracted using image processing when the pattern of the light is captured by a camera. Consequently, the accuracy of the polarization measurement is determined by the performance of the image processing algorithms.



Recently, image processing algorithms are divided into two categories: traditional methods and machine learning. In traditional methods, the design of feature extractors relies on the designers’ professional knowledge. Furthermore, the methods usually need complex parameter tuning processes. To the best of our knowledge, two papers use tradition methods to calculate the polarization state from the irradiance image. In reference [21], an image correlation operation is proposed to extract the polarization direction from the hour-glass-shaped intensity image. However, the measurement accuracy is decided in the step of correlation operation, and numerous calculations need to be performed to ensure a high accuracy, which is very time consuming. What is more, the method can only obtain the polarization direction, and other polarization information, such as ellipticity and polarization handiness are lost. To obtain the Stokes parameters of the polarized light, a Fourier analysis method (FAM) is proposed [18]. In this method, a series of Randon transformations is performed to obtain the modulation curve of the intensity image, and the Stokes parameters of the incident light can be measured by Fourier analysis of the modulation curve. However, the computational efficiency of the Fourier analysis method is rather poor due to numerous redundant calculations in the Randon transformation. Due to a series of advantages, such as excellent performance, better generalization, end-to-end training and no need for complex parameter tuning, the machine learning method has been widely used in image processing. As the most important branch of machine learning, deep learning performs well and has been widely used in image processing. In reference [22], more than 300 research contributions on deep learning techniques for object detection are introduced. More than 100 deep-learning-based methods have been proposed for image segmentation [23]. Some researchers are devoted to achieving image registration depending on deep learning [24]. Zhao et al. [25] designed SpikeSR-Net to super–resolve a high-resolution image sequence from the low-resolution binary spike streams. In particular, in reference [26], a Convolutional Neural Network (CNN) based on VGGNet architecture was trained to obtain the polarization states of light using a single shot of intensity image. Though it has similar accuracy to FAM, it is much less time consuming.



In this paper, a deep learning technique is also adopted to extract polarization information from the irradiance image due to its outstanding performance. In this paper, an efficient deep-learning-based image processing algorithm, named ResNet-GAP, is proposed to extract the polarization direction from the irradiance image of the modulated input light. To prevent overfitting of the network, global average pooling [27] (GAP) is introduced while ResNet [28] is adopted as the main architecture of our network. Furthermore, the residual block is refined in order to extract image features better and avoid gradient vanishing. In addition, the originally full connection layer is divided into two layers, including a FC layer and a ReLU activation function.



The main work of our paper is as follows: Section 2 introduces the theoretical and experimental investigation, and Section 3 describes our experiments and analyzes the results. Section 4 summarizes the main work of this paper and introduces our future work.




2. Theoretical and Experimental Investigation


The schematic of our experiment includes two stages: irradiance image generation and image processing. In the first stage, a spatially modulated scheme using a vortex retarder is built, and the irradiance image including the polarization state of the light is captured by a camera. Then, in the second stage, an improved CNN is proposed to extract the polarization information from the irradiance image.



2.1. Irradiance Image Generation Stage


In 1852, Stokes proposed that the polarization state of the light wave can be represented by four real number parameters, which are called Stokes parameters. Generally, the Stokes parameters can be written as a column vector of one order, i.e.,   S =    [       S 0       S 1       S 2       S 3       ]   T   . For a certain optical element or an optical system, the relationship between outgoing light and the incident light can be represented by


   S  o u t   = M ⋅  S  i n    



(1)







   S  o u t     and    S  i n     are the Stokes vector of outgoing and incident light.  M  is the Muller matrix of the optical system.



As shown in Figure 1, an integrating sphere (IS) and a positive lens are utilized to generate a uniform and collimated natural light field. Then, the incident light with different polarization states are captured while altering the azimuth angles of the transmission axis of the polarizer and the fast axis of the wave plate. Subsequently, the polarized light is modulated by a retarder and another analyzer. For the zero-order vortex half-wave retarder (VHWR), with the initial fast axis oriented along    0 °   , the Equation (1) can be rewritten as


   S  o u t   =  [     1   0   0   0     0    cos 2 φ     sin 2 φ    0     0    sin 2 φ     − cos 2 φ    0     0   0   0    − 1      ]   S  i n    



(2)




where  φ  is the azimuth angle. Consequently, when the transmission axis of the analyzer is oriented at    0 °   , the light intensity can be denoted by


  I  ( φ )  ∝  S  o u t 0   =  S  i n 0   +  S  i n 1   cos 2 φ +  S  i n 2   sin 2 φ  



(3)







Similarly, if the incident light is modulated by a zero-order vortex quarter-wave retarder (VQWR), while the initial fast axis is oriented along    0 °   , the light intensity is


  I  ( φ )  ∝  S  o u t 0   =  S  i n 0   +  1 2   S  i n 1   +  1 2   S  i n 1   cos 2 φ +  1 2   S  i n 2   sin 2 φ −  1 2   S  i n 3   sin φ  



(4)







Equations (2) and (3) point out that, utilizing the optical system shown in Figure 1, the Stokes parameters are encoded in the intensity of the modulated light. In other words, the problem of polarization measurement can be treated as an image processing problem to extract Stokes parameters from the irradiance images.




2.2. ResNet-GAP


However, experiments show that the performance of the classical ResNet50 did not meet our expectation in evaluating the Stokes parameters of the light intensity image. Hence, we modify the ResNet50 architecture to make it suitable for our Stokes parameters evaluation problem. The full specification of our modified network, which we called ResNet-GAP, appears in Table 1. The main architecture of our ResNet-GAP is similar to ResNet50, however, there are some improvements.



In conv1 layer, we choose to replace the 7 × 7 convolution with multiple layers of smaller convolution. Convolutions with larger spatial filters (e.g., 7 × 7) tend to be time consuming, while convolutions with smaller spatial filters (e.g., 3 × 3) tend to be much easier in terms of computation. Hence, we replace the 7 × 7 convolution with a concatenation of three layers of 3 × 3 convolution (one with stride 2 and two with stride 1). This setup clearly reduces the parameter count and also increases the network depth to maximize the utilization of the network capacity and complexity.



In conv5_x, the first layer is the down sampling module, which, in fact, contains Path A and Path B as in Figure 2. Originally in ResNet50, Path A first completes the channel contraction through 1 × 1 convolution with stride 2 to realize down sampling, then a 3 × 3 convolution follows, which keep the number of channels unchanged; the main purpose is to extract features and, at the last step, expand the number of channels through a 1 × 1 convolution, while Path B is convolved through a 1 × 1 with stride 2 for down sampling. Here, in Path A, we move the down sampling process into the 3 × 3 convolution step to avoid information loss in the beginning step as a result of the 1 × 1 convolution with stride 2, while, in Path B, we use average pooling instead of down sampling.



In the pooling layer, global average pooling (GAP) is used in our modified architecture, which effectively prevents overfitting of the network, strengthens the consistency of feature maps and labels and speeds up network convergence. On the other hand, originally in the ResNet50, there is only one fully connected (FC) layer. Here, we divide it into two FC layers. In the first FC layer, the number of the channels is set to be 1024, followed by a ReLU activation function. Then, dropout operation is employed, which can randomly inactivate some of the nodes to be 0 with probability 0.5 to avoid overfitting. Finally, the channels of the pooling layer are changed from 1000 to L, which is the number of the Stokes parameters. In the second FC layer, the activation function is changed from Softmax to Sigmoid. Though the Softmax activation function is widely used in multi-label image classification, transforming the output of the model into a probability distribution, since the sum of the probabilities of all categories equals 1, if the probability value of the model output is very small or large, problems may occur such as numerical overflow or gradient vanishing when choosing Softmax activation function, which may reduce the effectiveness of the network. Meanwhile, it is unlikely to meet such a problem when choosing the Sigmoid activation function, since the output range of the Sigmoid function is between 0 and 1, which means that the Sigmoid activation function is more stable in the training process compared with the Softmax activation function.





3. Experiments and Results


In the subsequent experiments, we employ the Tensorflow framework under Python to construct, configure, train and test the network. And the network is tested in the same hardware configuration. The network is designed following the configuration to train parameters: the Adam optimizer and the MSE function are chosen as the optimizer and the loss function. The custom evaluation function is ownAccuracy. The batch size is 128, i.e., the number of images fed into the network at each time is 128. The accuracy of the network was assessed using the Mean Squared Error (MSE) metric. In order to completely evaluate the performance, in this paper, the algorithms are tested on images when light is modulated by the VHWR and VQWR, respectively. A vast quantity of experimental data are generated by Matlab for network training. Then, the trained network is tested using synthetic and real images, respectively. To evaluate the robustness of the algorithms to noise, Gaussian noise, in which the mean value is 0 and variance values range from 0 to 0.01 in steps o 0.001, is added to the synthetic images. Two state-of-the-art methods (i.e., VGG and FAM) are adopted for comparison.



3.1. Vortex Half-Wave Retarder


3.1.1. Noise-Free Data


Train


We generate noise-free data to train the network. In the training stage, we generate 50,000 perfect, noise-free images. Out of these, 40,000 are randomly chosen for training and 10,000 for validation. As the Stokes parameters are set randomly, 40,000 synthetic images contain enough polarization states of light waves. Theoretically, the trained network can study the characteristics of the training data well.



In the training stage, the size of the batch is set to be 128. MSE of 50 epochs are shown in Figure 3. It can be found that the MSE of the training set is smaller than the validation set. Additionally, the MSE on both sets tend to decrease gradually and converge.




Test


Based on the results obtained from the above training, the model with the best performance in the training process was selected as the test model. We simulate 11 test sets, each containing 1000 frames of images with zero mean Gaussian noise and variance ranging from 0 to 0.01 in steps of 0.001. We select one image from each group as an example, as shown in Figure 4. The MSE of S1 estimated by ResNet-GAP, VGG and FAM is shown in Figure 5. The MSE of S2 is shown in Figure 6. The training data shows that the MSE of the test set is extremely low, and it can even reach as low as 1 × 10−6. With an increase in the variance of Gaussian noise, the MSE of S1 and S2 also increases gradually, indicating that the model is sensitive to noise. From Figure 5 and Figure 6, it is evident that the MSE of ResNet-GAP has the slowest growth rate with an increase in noise. That is to say, ResNet-GAP is more robust to noise than VGG and FAM.



Furthermore, the performances of different algorithms are tested on real data. A total of 37 real images (shown in Figure 7) are captured by our experimental system, in which the transmission axis of the polarizer was fixed at 20°, and the fast axis of the VHWR was rotated from 0° to 180° with a step of 5°. The results for S1 and S2 are shown in Figure 8. They demonstrate the perfect performance of the algorithms. For ResNet-GAP, the maximum absolute error of S1 is 0.0428, and the average value is 0.0035. For S2, the maximum absolute error is 0.0574, and the average error is 0.0014. The MSE of three algorithms are given in Table 2. This illustrates that the ResNet-GAP network achieved an MSE of 1 × 10−4 when tested on real images, which is marginally larger than the results on the noise-free simulated image. This difference is due to noise in the real image.



The truth values of S1 and S2 are plotted against the predicted values of the three algorithms, as shown in Figure 9 and Figure 10. They indicate that ResNet-GAP has the closest predicted value to the truth value and performs better than VGG and FAM.



When 37 real images were tested, ResNet-GAP consumed only 0.01443 s, in comparison to VGG and FAM, which took 0.003694 s and 28.763 s, respectively. Obviously, the ResNet-GAP network is much faster than FAM and VGG. It is more suitable for real-time processing.





3.1.2. Noisy Data


Since noise is usually unavoidable in reality, we selected Gaussian noise images with variance 0.01 as the training and validation data sets. The numbers of images for training and validation are 40,000 and 10,000, respectively. Other parameters are kept the same as the noise-free case described above. The MSE of different epochs are shown in Figure 11. It can be seen that the MSE of the training data set is much less than that of the validation data set. The MSE of the training and validation sets converge quickly, approximately in the magnitude of 1 × 10−3.



However, as can be seen from Figure 5 and Figure 6, the value of MSE obtained by the model with noise-free data is about 2.5 × 10−4 when the noise variance is 0.01. This value is much lower than the MSE obtained by the model with noisy data, as shown in Figure 11. Given the poor performance of the models obtained from training with noisy data, we do not perform further testing experiments.





3.2. Vortex Quarter-Wave Retarder


3.2.1. Noise-Free Data


Train


We examined algorithms on irradiance images when the light is modulated by a VQWR. In this case, the Stokes parameters are S1, S2 and S3. Here, the training and validation data sets are noise-free images. Figure 12 illustrates the MSE corresponding to various epochs, indicating that the MSE of the validation set is lower than that of the training set, which are all in the magnitude of 1 × 10−3.




Test


The training model with the smallest MSE in the training process was chosen as the best model for the test experiment.



To evaluate the robustness of the model to noise, 11 data sets are generated while the images are disturbed by Gaussian noise with zero mean and the variance ranging from 0 to 0.01 in steps of 0.001. Each data set contains 1000 images. We select one image from each data set as an example, and they are shown in Figure 13. The MSE of S1 estimated by ResNet-GAP, VGG and FAM is shown in Figure 14. The MSE of S2 and S3 is shown in Figure 15 and Figure 16, respectively. The results show that, with the increase in the variance of Gaussian noise, the MSE of the Stokes parameters all increase gradually. In other words, all algorithms are sensitive to noise. However, compared to FAM, ResNet-GAP and VGG are more robust.



Furthermore, the performances of different algorithms are tested on real data. A total of 37 real images are captured by our experimental system. The orientation of the fast axis of VQWR ranges from 0° to 180° in steps of 5°. The real images are shown in Figure 17. The results for S1, S2 and S3 shown in Figure 18 demonstrate the perfect performance of the algorithms. For ResNet-GAP, the maximum absolute error of S1 is 0.0794, and the average value is 0.0172. For S2, the maximum absolute error is 0.0855, and the average error is 0.0073. For S3, the maximum absolute error is 0.0735, and the average error is 0.0193.



The MSE of three algorithms are given in Table 3. As shown in Figure 19, Figure 20 and Figure 21, the truth values of Stokes parameters are plotted against the predicted values of the three algorithms. They indicate that ResNet-GAP have the closest predicted value to the truth value and performed better than VGG and FAM.



The schematic diagrams of the Poincaré sphere are shown in Figure 22, Figure 23, Figure 24 and Figure 25, where the blur curves represent the exact continuous distribution expressed in terms of the Stokes parameters, while the red asterisks represent the truth values and the predicted values obtained by ResNet–GAP, VGG and the FAM of the 37 real images respectively. According to the experimental results shown in these figures (from Figure 22, Figure 23, Figure 24 and Figure 25), we can easily find that the measured results were well consistent with the predicted values in both the Stokes curves and Poincaré sphere, and the fitted curves based on these discrete experimental results were also matched well with the theoretical predicted results.



When 37 real images were tested, ResNet-GAP consumed only 0.02035 s, in comparison to VGG and FAM, which took 0.04162 s and 33.57 s, respectively. Obviously, the ResNet-GAP network is much faster than FAM and VGG. It is more suitable for real-time processing.





3.2.2. Noisy Data


Next, we use Gaussian noisy images with a zero mean and 0.01 variance as the training and validation data. All other parameters remain the same as in the VQWR without noise case. Figure 26 shows the MSE for different epochs. We observe that the MSE for the validation set is smaller than that of the training set. Both of them converge quickly, with MSE approximately in the magnitude of 1 × 10−3.



However, the performance of the model obtained by training with noisy data is worse than that with noiseless data. Therefore, we do not perform further testing experiments.






4. Conclusions


In conclusion, we focused on how to effectively extract Stokes parameters of the light from the irradiance image in this paper. We proposed an improved Convolutional Neural Network which we call ResNet-GAP. The experiment results show that our proposed method can extract Stokes parameters effectively. We have tested on the synthetic and real data obtained from the VHWR and VQWR, respectively. Compared to VGG and FAM, the experiment results demonstrate that our method has outstanding performance with a smaller MSE and with a lower computational cost as well.



Although we have found the effectiveness of our proposed method, during our in-depth research, we also realized that some aspects are worth further research in the future. The first one is that our system uses a He-Ne laser with an operating wavelength of 632.8 nm; in future research, we will discuss the performance of ResNet-GAP under the width-wide wavelength case. Furthermore, we find that our network performs significantly better in testing real half-wavelength slice images than in testing real quarter-wavelength slice images under the criteria of MSE evaluation performance. We will further explore and explain this phenomenon in our subsequent studies. And, based on this, it is hopefully expected that we can obtain a better performance in testing real quarter-wave slice images.







Author Contributions


Conceptualization, W.W.; methodology, J.L. and C.G.; software, H.H.; writing—W.W., J.L., H.H. and C.G.; writing—review and editing, W.W. and J.S. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Data Availability Statement


The data presented in this study are available on request from the corresponding author. The data are not publicly available, as the research group’s polarization measurement is still being carried on, the later work will also rely on the current dataset.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Zhang, W.; Zhang, X.; Cao, Y.; Liu, H.; Liu, Z. Robust sky light polarization detection with an S-wave plate in a light field camera. Appl. Opt. 2016, 55, 3516–3525. [Google Scholar] [CrossRef]

	



Sun, Z.; Huang, Y.; Bao, Y.; Wu, D. Polarized remote sensing: A note on the Stokes parameters measurements from natural and man-made targets using a spectrometer. IEEE Trans. Geosci. Remote Sens. 2017, 55, 4008–4021. [Google Scholar] [CrossRef]

	



Sun, Z.; Wu, D.; Lv, Y.; Lu, S. Optical properties of reflected light from leaves: A case study from one species. IEEE Trans. Geosci. Remote Sens. 2019, 57, 4388–4406. [Google Scholar] [CrossRef]

	



Gu, Q.Y.; Han, Y.; Xu, Y.P.; Yao, H.Y.; Niu, H.F.; Huang, F. Laboratory research on polarized optical properties of saline-alkaline soil based on semi-empirical models and machine learning methods. Remote Sens. 2022, 14, 226. [Google Scholar] [CrossRef]

	



Yousaf, M.S.; Khurshid, A.; Ahmad, I.; Mahmood, R.; Alam, M.; Bukhari, S.B.; Khan, J.A.; Rafi, M.; Ikram, M. Label free characterization of soft tissue with optical polarization technique. Laser Phys. 2020, 30, 075601. [Google Scholar] [CrossRef]

	



Yousaf, M.S.; Iftikhar, K.; Ahmat, I.; Khurshid, A. Machine assisted classification of chicken, beef and mutton tissues using optical polarimetry and Bagging model. Photodiagn. Photodyn. Ther. 2020, 31, 101779. [Google Scholar] [CrossRef]

	



Yang, D.; He, H.; He, C.; Ma, H. Monitoring temporal microstructural variations of skeletal muscle tissues by multispectral Mueller matrix polarimetry. Proc. SPIE 2017, 10059, 21–26. [Google Scholar]

	



Muhammad, S.Y.; Ahmat, K.; Rashid, M.; Masroor, I. Polarimetric comparison of fresh and frozen skeletal muscle tissues of goat. Photodiagn. Photodyn. Ther. 2020, 32, 102071. [Google Scholar]

	



Lee, S.W.; Lee, S.Y.; Choi, G.; Pahk, H.J. Co-axial spectroscopic snap-shot ellipsometry for real-time thickness measurements with a small spot size. Opt. Express 2020, 28, 25879–25893. [Google Scholar] [CrossRef]

	



Goldstein, D.H. Polarized Light, 3rd ed.; CRC Press: Boca Raton, FL, USA, 2017; pp. 327–351. [Google Scholar]

	



Gao, C.; Lei, B. Spatially polarization-modulated ellipsometry based on the vectorial optical field and image processing. Appl. Opt. 2020, 51, 5377–5384. [Google Scholar] [CrossRef]

	



Lemus-Alonso, G.P.; Meneses-Fabian, C.; KantunMontiel, R. One-shot carrier fringe polarimeter in a double aperture common-path interferometer. Opt. Express 2018, 26, 17624–17634. [Google Scholar] [CrossRef]

	



Eshaghi, M.; Dogariu, A. Single-shot omnidirectional Stokes polarimetry. Opt. Lett. 2020, 45, 4340–4343. [Google Scholar] [CrossRef]

	



Liang, Y.; Qu, Z.; Zhong, Y.; Song, Z.; Li, S. Analysis of errors in polarimetry using a rotating waveplate. Appl. Opt. 2019, 58, 9883–9895. [Google Scholar] [CrossRef]

	



Lizana, A.; Campos, J.; van Eeckhout, A.; Márquez, A. Influence of temporal averaging in the performance of a rotating retarder imaging Stokes polarimeter. Opt. Express 2020, 28, 10981–11000. [Google Scholar] [CrossRef]

	



Liu, W.; Liao, J.; Yu, Y.; Zhang, X. High-efficient and high-accurate integrated division-of-time polarimeter. APL Photonics 2021, 6, 071302. [Google Scholar] [CrossRef]

	



Azzam, R.M.A.; De, A. Optimal beam splitters for the division-of-amplitude photopolarimeter. J. Opt. Soc. Am. A 2003, 20, 955–958. [Google Scholar] [CrossRef]

	



Gao, C.; Lei, B. Spatially modulated polarimetry based on a vortex retarder and Fourier analysis. Chin. Opt. Lett. 2021, 19, 19–24. [Google Scholar] [CrossRef]

	



Ning, T.; Li, Y.; Zhou, G.; Sun, Y.; Liu, K. Optimized spatially modulated polarimetry with an efficient calibration method and hybrid gradient descent reconstruction. Appl. Opt. 2020, 61, 2267–2274. [Google Scholar] [CrossRef]

	



Gao, C.; Wang, F.; Wen, X.; Weng, J.; Lei, B. Error calibration method for a vortex retarder based spatially modulated polarimeter. Meas. J. Int. Meas. Confed. 2023, 212, 112631. [Google Scholar] [CrossRef]

	



Lei, B.; Liu, S. Efficient polarization direction measurement by utilizing the polarization axis finder and digital image processing. Opt. Lett. 2018, 43, 2969–2972. [Google Scholar] [CrossRef]

	



Liu, L.; Ouyang, W.; Wang, X.; Fieguth, P.; Chen, J.; Liu, X.; Pietikäinen, M. Deep Learning For Generic Object Detection-Survey. Int. J. Comput. Vis. 2019, 128, 261–318. [Google Scholar] [CrossRef]

	



Minaee, S.; Boykov, Y.; Porikli, F.; Plaza, A.; Kehtarnavaz, N.; Terzopoulos, D. Image Segmentation Using Deep Learning: A Survey. IEEE Trans. Pattern Anal. Mach. Intell. 2022, 44, 3523–3542. [Google Scholar]

	



Hjouj, F.; Jouini, M.S.; Al-Khaleel, M. Advancements in 2D/3D Image Registration Methods. IEEE Access 2023, 11, 34698–34708. [Google Scholar] [CrossRef]

	



Zhao, J.; Xiong, R.; Zhang, J.; Zhao, R.; Liu, H.; Huang, T. Learning to Super-resolve Dynamic Scenes for Neuromorphic Spike Camera. In Proceedings of the 37th AAAI Conference on Artificial Intelligence, Washington, DC, USA, 7–14 February 2023. [Google Scholar]

	



Weng, J.Y.; Gao, C.; Lei, B. Real-time polarization measurement based on spatially modulated polarimeter and deep learning. Results Phys. 2023, 46, 106280. [Google Scholar] [CrossRef]

	



Hinton, G.E.; Srivastava, N.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R.R. Improving neural networks by preventing co-adaptation of feature detectors. arXiv 2012, arXiv:1207.0580. [Google Scholar]

	



He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the 2016 IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2016, Las Vegas, NV, USA, 27–30 June 2016. [Google Scholar]








[image: Electronics 12 03723 g001] 





Figure 1. The experiment system. IS: integrating sphere; L: Lens; P: polarizer; W: wave plate; V: vortex retarder; A: analyzer. 
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Figure 2. The structure of conv5_x. 
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Figure 3. The MSE on the noise-free images corresponding to the training set and the validation set for VHWR. 
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Figure 4. Images disturbed by different levels of noise while the light is modulated by a VHWR. 
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Figure 5. The MSE of S1 with respect to noise while the light is modulated by a VHWR. 
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Figure 6. The MSE of S2 to noise while the light is modulated by a VHWR. 
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Figure 7. The real images when the fast axis of the VHWR is rotated. 






Figure 7. The real images when the fast axis of the VHWR is rotated.
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Figure 8. The Stokes parameters real values and their evaluated values by ResNet-GAP. 
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Figure 9. The values of S1 to different orientations of the fast axis for VHWR. 






Figure 9. The values of S1 to different orientations of the fast axis for VHWR.
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Figure 10. The values of S2 to different orientations of the fast axis for VHWR. 






Figure 10. The values of S2 to different orientations of the fast axis for VHWR.
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Figure 11. The MSE on the noise images corresponding to the training set and the validation set for VHWR. 






Figure 11. The MSE on the noise images corresponding to the training set and the validation set for VHWR.
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Figure 12. The MSE on the noise-free images corresponding to the training set and the validation set for VQWR. 






Figure 12. The MSE on the noise-free images corresponding to the training set and the validation set for VQWR.
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Figure 13. Images disturbed by different level of noise while the light is modulated by a VQWR. 






Figure 13. Images disturbed by different level of noise while the light is modulated by a VQWR.
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Figure 14. The MSE of S1 with respect to noise while the light is modulated by a VQWR. 






Figure 14. The MSE of S1 with respect to noise while the light is modulated by a VQWR.
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Figure 15. The MSE of S2 with respect to noise while the light is modulated by a VQWR. 






Figure 15. The MSE of S2 with respect to noise while the light is modulated by a VQWR.



[image: Electronics 12 03723 g015]







[image: Electronics 12 03723 g016] 





Figure 16. The MSE of S3 with respect to noise while the light is modulated by a VQWR. 






Figure 16. The MSE of S3 with respect to noise while the light is modulated by a VQWR.
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Figure 17. The real images when the fast axis of the VQWR is rotated. 






Figure 17. The real images when the fast axis of the VQWR is rotated.
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Figure 18. The Stokes parameters’ real values and their evaluated values by ResNet-GAP. 






Figure 18. The Stokes parameters’ real values and their evaluated values by ResNet-GAP.
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Figure 19. The values of S1 to different orientations of the fast axis for VQWR. 






Figure 19. The values of S1 to different orientations of the fast axis for VQWR.
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Figure 20. The values of S2 to different orientations of the fast axis for VQWR. 






Figure 20. The values of S2 to different orientations of the fast axis for VQWR.
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Figure 21. The values of S3 to different orientations of the fast axis for VQWR. 






Figure 21. The values of S3 to different orientations of the fast axis for VQWR.
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Figure 22. The schematic diagrams of the Poincaré sphere for the truth values. 
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Figure 23. The schematic diagrams of the Poincaré sphere for the predicted values of ResNet-GAP. 






Figure 23. The schematic diagrams of the Poincaré sphere for the predicted values of ResNet-GAP.
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Figure 24. The schematic diagrams of the Poincaré sphere for the predicted values of VGG. 






Figure 24. The schematic diagrams of the Poincaré sphere for the predicted values of VGG.
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Figure 25. The schematic diagrams of the Poincaré sphere for the predicted values of FAM. 






Figure 25. The schematic diagrams of the Poincaré sphere for the predicted values of FAM.
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Figure 26. The MSE on the noise-free images corresponding to the training set and the validation set for VQWR. 






Figure 26. The MSE on the noise-free images corresponding to the training set and the validation set for VQWR.
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Table 1. The architecture of ResNet-GAP.






Table 1. The architecture of ResNet-GAP.





	
Layer Name

	
Output Size

	
Layers






	
conv 1

	
112 × 112

	
3 × 3, stride 2

3 × 3, stride 1

3 × 3, stride 1




	
conv2_x

	
56 × 56

	
3 × 3 max pool, stride 2




	
    [      1 × 1 ,   64         3 × 3 ,   64     1 × 1 ,   256        ]  × 3   




	
conv3_x

	
28 × 28

	
    [      1 × 1 ,   128         3 × 3 ,   128     1 × 1 ,   512        ]  × 4   




	
conv4_x

	
14 × 14

	
    [      1 × 1 ,   256         3 × 3 ,   256     1 × 1 ,   1024        ]  × 6   




	
conv5_x

	
7 × 7

	
    [      1 × 1 ,   512         3 × 3 ,   512     1 × 1 ,   2048        ]  × 3   




	

	
1 × 1

	
GlobalAveragePooling2D; 1024-d FC, ReLU;

dropout; L-d FC, Sigmoid











 





Table 2. Performance of algorithms on real images for VHWR.






Table 2. Performance of algorithms on real images for VHWR.





	Stokes Parameters
	Algorithm
	MSE





	S1
	ResNet-GAP
	0.000385



	S1
	FAM
	0.001623



	S1
	VGG
	0.000741



	S2
	ResNet-GAP
	0.000506



	S2
	FAM
	0.000932



	S2
	VGG
	0.000611










 





Table 3. Performance of algorithms on real images for VQWR.






Table 3. Performance of algorithms on real images for VQWR.





	Stokes Parameters
	Network
	MSE





	S1
	ResNet-GAP
	0.0020



	S1
	FAM
	0.0120



	S1
	VGG
	0.0053



	S2
	ResNet-GAP
	0.0012



	S2
	FAM
	0.0032



	S2
	VGG
	0.0021



	S3
	ResNet-GAP
	0.0031



	S3
	FAM
	0.0046



	S3
	VGG
	0.0027
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