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Abstract

:

In an effort to address the problem of the insufficient accuracy of existing orbital angular momentum (OAM) detection systems for vortex optical communication, an OAM mode detection technology based on an attention pyramid convolution neural network (AP-CNN) is proposed. By introducing fine-grained image classification, the low-level detailed features of the similar light intensity distribution of vortex beam superposition and plane wave interferograms are fully utilized. Using ResNet18 as the backbone of AP-CNN, a dual path structure with an attention pyramid is adopted to detect subtle differences in the light intensity in images. Under different turbulence intensities and transmission distances, the detection accuracy and system bit error rate of basic CNN with three convolution layers and two full connection layers, i.e., ResNet18 and ResNet18, with a specified mapping relationship and AP-CNN, are numerically analyzed. Compared to ResNet18, AP-CNN achieves up to a 7% improvement of accuracy and a 3% reduction of incorrect mode identification in the confusion matrix of superimposed vortex modes. The accuracy of single OAM mode detection based on AP-CNN can be effectively improved by 5.5% compared with ResNet18 at a transmission distance of 2 km in strong atmospheric turbulence. The proposed OAM detection scheme may find important applications in optical communications and remote sensing.
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1. Introduction


Vortex beams with spiral phase structures have been used extensively in information transmission, radar imaging and rotational target detection, since Allen first investigated the Laguerre-Gaussian vortex beam and its orbital angular momentum (OAM) in 1992 [1]. Theoretically, there are infinite kinds of eigenstates; different eigenstates are orthogonal to each other, which is quite important in terms of improving communication capacity and imaging resolution in remote sensing. Multiplexing different OAM beams can effectively avoid the crosstalk between different modes in a channel, providing a new communication dimension that is no longer limited to amplitude, phase, frequency and polarization, thereby greatly improving the communication capacity [2,3]. In free-space OAM communication systems, the receiver needs to demodulate the OAM beam to recover the information sequence. Traditional OAM demodulation techniques, such as spatial light modulators, the diffraction method, the cylindrical lens method, plane wave interferometry and spherical wave interferometry, are based on optical hardware and have been researched extensively [4,5,6,7]. The OAM beam is pre-processed by optical hardware to obtain optical pattern features that can be distinguished by the naked eye [8]. However, on account of the high cost and the limited processing capability of optical hardware, high-performance transmission cannot be guaranteed with a cost-effective vortex optical communication system.



In recent years, with the rapid increase in computing power, OAM mode recognition based on deep learning has attracted growing attention. Some researchers have studied OAM mode recognition based on neural networks. Krenn et al. proposed a self-organizing competitive neural network (SOM) based OAM mode recognition which verified the feasibility of machine learning in vortex optical communication systems for the first time [9]. They built a long-distance vortex optical communication system on the sea between the Canary Islands, achieving a recognition accuracy of 91.67%, which verified the possibility of the use of vortex beams for long-distance information transmission [10]. Deep neural network (DNN)-based recognition of different OAM modes is proposed in [11]. Convolutional neural networks (CNNs) are proposed in OAM mode recognition by Doster et al. [12]; that method achieved a mode recognition accuracy of up to 99%, which is far superior to the traditional methods. In addition, the CNN-based mode identification method is robust in terms of the influence of turbulence intensity, data size, sensor noise and pixels. Such research has paved the way for the application of CNN in OAM mode detection. Subsequently, many achievements in OAM mode recognition have been realized based on CNNs [13,14].



In 2017, Zhang et al. compared the performance of a K nearest neighbor neural network, a plain Bayesian classifier, a Back Projection artificial neural network and a CNN as OAM mode classifiers under different turbulence conditions. They observed that CNN yielded the best results [15]. The same authors improved the original LeNet-5 network and proposed a decoder scheme that could simultaneously implement OAM mode and turbulence intensity recognition [16]. OAM mode recognition technology combined with turbo channel coding is proposed in [17]; this approach effectively improved the recognition accuracy and reliability of communication transmission.



Similarly, many scholars have worked on niche applications of OAM mode detection. In 2018, Zhao et al. applied a CNN to learn a received OAM light intensity map under different tilt angles by adding a view-pooling layer. They also used a hybrid data collection technique to improve the performance [18]. Misaligned hyperfine OAM mode recognition was carried out in [19]. Machine learning based the recognition of fractional optical vortex modes in atmospheric environment was studied by Cao et al. [20]. When the marked data sample was insufficient, an OAM mode recognition method based on Conditional Generative Adversarial Networks (CGAN) was proposed to improve the recognition accuracy [21]. A Diffractive Deep Neural Network (D2NN) was utilized in OAM mode recognition in [22], eliminating the need for a CCD camera to capture images and pass them to a computer, making the communication rate independent of the hardware and neural network computation rate.



The above research was dedicated to training and identifying the OAM light distributions captured by CCD cameras; however, some other researchers have performed transformations on the vortex beam before training to highlight the characteristics of different modes. In 2018, Radon transform was introduced to preprocess a light intensity distribution map of an OAM beam to obtain more clearly distinguishing features [23]. A mode recognition technique based on coherent light interference at the receiver side to obtain more obvious recognition features was reported in [24]. A SVM-based single-mode recognition method was proposed in [25], using the relationship between the amount of OAM beam receiving the effect of atmospheric turbulence distortion and the topological charge number as an artificial feature of the design. A joint scheme combining the Gerchberg–Saxton (GS) algorithm and CNN (GS-CNN) to achieve the efficient recognition of the multiplexing LG beams was proposed in [26]. A technique to measure the OAM of light based on the petal interference patterns of modulated vortex beams and an unmodulated incident Gaussian beam reflected by a spatial light modulator was reported in [27].



In light of the aforementioned studies, it may be stated that most research has focused on OAM mode detection by neural networks, CNNs or CNN-based combination methods, preprocessing transform before network training, and OAM mode detection in misaligned or tilt angles special cases. However, in practical applications, there are many different multi-modes superpositions of OAM beams corresponding to quite similar light intensity maps, such as OAM = {−2, 3, −5} and OAM = {1, −2, 3, −5,}, OAM= {4, −4} and OAM= {2, −6}, etc. Additionally, for a single mode vortex beam with a large topological charge, the number of fringes in the interferogram is large. Because the area of the device that collects the image at the receiving end is certain, it is difficult to determine when the number of interference fringes is large, which will further affect the accuracy of OAM mode recognition.



To solve these problems, an OAM mode recognition technique based on an attention pyramid convolutional neural network (AP-CNN) is proposed in this paper. Fine-grained image classification [28] is introduced to make full use of low-level detailed information of a similar intensity in superimposed vortex beams and the dense fringes of a plane wave interfergram of a single-mode vortex beam with a large topological charge. A top-down feature path and a bottom-up attention path structure, combined with an attention pyramid, is adopted to improve the OAM mode recognition accuracy and reduce the bit error rate (BER) for indistinguishable intensity distributions.



The remainder of this paper is arranged as follows. The OAM mode recognition technical framework based on AP-CNN is described in Section 2. In Section 3, numerical results and discussions of different transmission conditions are presented to compare the recognition accuracy and bit error ratio. Section 4 is devoted to the conclusion.




2. Materials and Methods


2.1. Principle of AP-CNN


The principles of the AP-CNN [29,30] and the fine-grained image classification algorithm [28] used in this paper are shown in Figure 1. Figure 1a illustrates the dual-path algorithm structure, Figure 1b presents the attention pyramid, and Figure 1c illustrates the region of interest (ROI) pyramid. The blue border represents the feature map, and the orange border represents the channel/space attention.



First, the AP-CNN network takes an image as input and generates a feature pyramid network (FPN) and an attention pyramid [31] to enhance representations by improving on the CNN to obtain a dual-path algorithm structure, including a top-down feature path and a bottom-up attention path. The FPN [29] is used on the top-down path to extract features at different scales. Then, an additional attention hierarchy is introduced to further enhance the structure, including a spatial attention pyramid   {  A n  ( s )   ,  A  n + 1   ( s )   , … ,  A  n + N − 1   ( s )   }   for locating discriminative regions at different scales, and a channel attention path   {  A n  ( c )   ,  A  n + 1   ( c )   , … ,  A  n + N − 1   ( c )   }   for adding channel correlations in another bottom-up path and transferring local information from the lower pyramid level to the higher pyramid level.



For the spatial attention pyramid, each building block takes the feature map of the corresponding layer    F k    as input and generates the spatial attention mask    A k  ( s )    . The feature map    F k    first passes through a 3 × 3 deconvolution layer with only one output channel to compress the spatial information. Each element of the spatial attention mask    A k  ( s )     is normalized to be in the range of 0 to 1 using the sigmoid function, expressed as:


   A k  ( s )   = σ (  v c  ∗  F k  )  



(1)




where  σ  denotes the sigmoid function,    v c    denotes the convolution kernel, and ∗ denotes the deconvolution with the fixed convolution kernel. For the channel attention path, the channel attention can be obtained by passing the global average pooling layer and two fully connected layers in the corresponding feature layer of the feature pyramid. The channel attention mask formula is given by,


   A k  ( c )   = σ (  W 2  ⋅ Re Lu (  W 1  ⋅ GAP (  F k  ) ) )  



(2)




where GAP represents the global average pooling layer,    W 1    and    W 2    represent the weight matrices of the two fully connected layers. The learned attention is used to weight the feature    F k    to obtain    F k ′   , which is used for classification as follows,


   F k ′  =  F k  ⋅ (  A k  ( s )   ⊕  A k  ( c )   )  



(3)




where  ⊕  represents the broadcasting addition operation on semantics. Spatial attention tensor and channel attention tensor have different shapes, and the plus operator must be of broadcast type.



In the second step, after obtaining the spatial attention pyramid, the ROI pyramid continues to be generated by the region suggestion generator of adaptive non maximum suppression (NMS) [32] in a weakly supervised manner. The purpose of the Region Proposal Network (RPN) [33] is to select a frame that may contain a target. In essence, it is based on the unclassified target detector of the sliding window; it inputs an image of any scale and obtains a candidate frame with a predetermined size and scale. The general RPN network is mostly applied to the single- or multi-scale convolution network feature map. Multiple sizes and aspect ratios are preset to locate objects of different sizes and shapes. On the basis of RPN theory, AP-CNN uses a spatial attention mask as an anchor score and uses weak supervision to select the distinguishing area. According to the convolution receptive field of each pyramid layer, AP-CNN selects the corresponding recommended area with a preset size and aspect ratio for each pyramid layer, applies adaptive NMS to the selected area after calculating the score, reduces redundancy by eliminating overlapping, and maintains visual integrity by combining related areas. Figure 2 shows the workflow of the weak supervision area suggestion generator in the OAM mode detection task. Compared with the soft mechanism of setting the threshold on a feature map, the adaptive region suggestion generator based on the ROI can explicitly show distinguishable regions with high response values in the light intensity distribution of OAM modes.



In the third step, for each layer of the pyramid, after selecting the ROI based on the region proposal generator and constructing the region pyramid    R  all   = {  R n  ,  R  n + 1   , … ,  R  n + N − 1   }  , AP-CNN performs ROI-guided refinement of the feature map at the bottom of the pyramid    B n    to improve the classification accuracy in the refinement stage. The first part is the ROI-guided drop block regularization [34], AP-CNN randomly selects an ROI joint    R s    from the constructed N-layer region of the interesting pyramid    R  all   = {  R n  ,  R  n + 1   , … ,  R  n + N − 1   }   based on the drop block selection probability of each layer    P  all   = {  P n  ,  P  n + 1   , … ,  P  n + N − 1   }  . Then the information region    r s    is randomly selected with equal probability    R s    and processed to the same sampling rate as the feature map at the bottom of the pyramid    B n    to obtain the mask M by setting the activation of the information region to zero,


  M ( i , j ) =  {    0 ,           ( i , j ) ∈  r s      1 ,           o t h e r w i s e      



(4)







Apply the mask M on the low-level feature map    B n    and normalize it to obtain the desired feature map    D n   ,


   D n  =  B n  ∗ M ∗ C o u n t ( M ) / C o u n t _ o n e s ( M )  



(5)




where Count( ) and Count_ones( ) represent the total number of elements and the total number of elements with the value of 1, respectively. The second part is the ROI-guided amplification operation, where the AP-CNN combines all ROI regions at the pyramid level to obtain the minimum enclosing rectangle of the input image in a weakly supervised manner,


     t  x 1   = min ( ∀ x ∈  R  a l l   ) ,  t  y 1   = min ( ∀ y ∈  R  a l l   )      t  x 2   = max ( ∀ x ∈  R  a l l   ) ,  t  y 2   = max ( ∀ y ∈  R  a l l   )    



(6)




where    t  x 1    ,    t  y 1     represent the minimum coordinates of the x- and y-axes of the merged bounding box and    t  x 2    ,    t  y 2     represent the maximum coordinates of the x- and y-axes of the merged bounding box. The calibration area is then extracted from    D n    and enlarged to the same size    D n    to obtain the enlarged feature map.



Separate classifiers are set up for the original and refinement stages for their respective pyramids, and the final classification results are taken as the average of the predicted values in the original stage and the predicted values in the refinement stage.




2.2. Recognizing OAM Modes Based on AP-CNN


Figure 3 displays the light intensity distributions of two similar superposition mode vortex beams of OAM= {1, −2, 3, −5} and OAM= {−2, 3, −5}. The ROI, localized from low to high level, are slow shown. This approach can be used to identify the ROI located on different pyramid levels, and more detailed information can be captured at the low levels to distinguish different OAM modes. Compared with high-level image semantic information, after thinning image features, this low-level information is very helpful to improve the accuracy of OAM mode detection.



The CCD camera at the receiving end captures the light intensity distribution of the vortex beam after atmospheric turbulence and inputs it into the AP-CNN to detect the OAM mode and retrieve the transmitted data. Here, we use the ResNet18 network as the backbone of the AP-CNN. The ResNet18 structure used in this paper differs slightly from the official ResNet18 [35] structure, as described below:




	(1)

	
The size of the input light intensity map is 128 × 128 × 3. To avoid the problems of the low resolution of the final feature map after multiple downsampling and the serious loss of semantic information, the maximum pooling layer of stage0 is removed.




	(2)

	
To reduce the number of model parameters, the 7 × 7 convolutional kernel of stage0 is replaced by a 3 × 3 convolution kernel.









The structure of the modified ResNet18 is shown in Table 1.



The OAM mode recognition algorithm AP-CNN consists of two parts: the backbone network ResNet18 and the refinement network, as shown in Figure 4. The size of the simulated light intensity distribution map of the OAM beam is set to 128 × 128 and is input into the ResNet18 network for training. Firstly, it is input into stage0 for pre-processing, and only the features are extracted (64 convolutional kernels with a size of 3 × 3 and a step size of 2), and the 128 × 128 feature map is output. Then, the feature map is fed into the next four layers of residual blocks, which reduces the size of the input feature map by half compared to the original size and doubles the number of channels. Next, the output feature maps of the third, fourth, and fifth layers of ResNet18 are denoted as    B 3  ,  B 4  ,  B 5   , respectively, for subsequent building of the feature pyramid, as shown in Figure 4. Further refinement is carried out at the    B 3    level of the pyramid. We respectively assign anchors with single scales of 18, 36, and 72 and a 1:1 ratio for each pyramidal level and choose the top 5, 3, and 1 anchors with the highest activation values as potential refinement candidates. For the adaptive NMS, the cutoff threshold is set to 0.05, the merge threshold to 0.9, and the drop block probability to {30%, 30%, 0%}.



During AP-CNN training, the initial learning rate is set to 0.01, decreasing by 10% for every 20 iterations; as such, a total of 100 epochs are trained. The random gradient descent algorithm with a momentum coefficient of 0.9 and a minipatch of 16 is used for parameter optimization, and the weight attenuation is set to 5 × 10−4. The experimental operating system is windows, the programming language of the algorithm part is python, and the deep learning framework is pytorch. The software versions are shown in Table 2. The graphics card we used was an RTX2060.




2.3. Performance Evaluation Index


The OAM mode detection performance of the network is evaluated by two indicators: detection accuracy and BER. The detection accuracy is defined as the ratio of the number of correct OAM mode detection samples to the total number of vortex light intensity distributions on the test set, determined using Equation (7):


  Accuracy =     ∑  m = 1  M   f ( m )    M   



(7)




where M represents the total number of light intensity distribution maps of vortex light and m represents the OAM mode. f(m) is 1 when the identification is correct and 0 when it is wrong.



BER and the symbol error rate (SER) are commonly used to evaluate the probability of transmission errors in communication systems. The SER is defined as the probability of a symbol transmission error, i.e., the ratio of the number of erroneous symbols at the receiving end to the total number of transmitted symbols:


  SER =   ∑  i = 1  M   [  p i  ( 1 − p (  s i  |  s i  ) ) ]    



(8)




where M represents the number of symbol types, pi denotes the probability of transmitting each symbol with the value   1 / M  , and   p (  s i  |  s i  )   represents the correct conditional probability density detected by the receiver in a certain OAM mode.


  p (  s i  |  s i  ) =  1   π       ∫  − ∞   + ∞    exp (  h T  −  η   s i  ,  s i    G  L  p a t h      γ β    )      ∏  k = 1 , k ≠ i  M   [ 1 − 0.5 e r f c (  h T  −  η   s j  ,  s i    G  L  p a t h      γ β    ) ]   d  h T   



(9)




where    s i    represents the OAM mode and    h T   ,  G ,    L  p a t h     are constants, representing the power detection threshold, the average gain of the receiver, and the path loss, respectively. The value of   p (  s i  |  s i  )   is theoretically mainly determined by signal-to-noise ratio γβ at the receiving end and the helical spectral distribution.



The relationship of BER with the SER is as follows:


  BER = SER / (   log  2  M )  



(10)







In our simulation experiments, the eight OAM superposition modes are one-to-one, corresponding to the octal symbols. At the receiving end, by identifying the light intensity distribution, the code word sequence is obtained by inversion. This is then compared with the theoretical code word sequence, while the ratio of the number of wrong code words to the total number of code words is the BER.





3. Results and Discussion


3.1. Simulation Data Set Construction


In order to verify the performance of the AP-CNN in OAM mode detection for similar distributions of multi-mode vortex beams, four pairs of OAM modes, namely, {1, −2} and {1, −2, −5}, {1, −2, 3, −5} and {−2, 3, −5}, {4, −4} and {2, −6}, {6, −6} and {9, −3}, are selected, as shown in Figure 5. The light intensity distributions in four columns are similar to each other. In addition, in order to test the detection performance of a single-mode vortex beam with a large topological charge interfering with the plane wave, a plane wave interferogram dataset of a single-mode vortex beam is constructed, choosing eight types of samples with large topological charges, i.e.,   ± 17 , ± 18 , ± 19 , ± 20  , as shown in Figure 6.



The wavelength of the OAM communication system is 0.6328 μm and the beam waist radius is 0.3 m. For the comparison experiments under different turbulent conditions, the transmission distance is fixed and six different atmospheric refractive index structure constants,    C n 2   , are selected:   1.0 ×   10   − 14    m  − 2 / 3    ,   3.0 ×   10   − 14    m  − 2 / 3    ,   5.0 ×   10   − 14    m  − 2 / 3    ,   1.0 ×   10   − 13    m  − 2 / 3    ,   3.0 ×   10   − 13    m  − 2 / 3     and   5.0 ×   10   − 13    m  − 2 / 3    . For comparison experiments at different transmission distances, the    C n 2    is fixed and six different transmission distances are chosen: 500 m, 1000 m, 1500 m, 2000 m, 2500 m, and 3000 m. When simulating the atmospheric turbulence channel, the power spectrum inversion method is used to decimate the transmission distance in order to obtain ten phase screens with certain intervals. For each transmission condition, 2000 light intensity maps are generated for each OAM mode. In this way, a total of 16,000 light intensity distribution maps are included in the hybrid dataset. This is then divided into a training and a test set at a ratio of 8:2 (12,800 images in the training set and 3200 images in the test set).




3.2. Analysis of Multi-Mode OAM Mode Recognition Based on AP-CNN


In order to compare the performance of the AP-CNN with that of ResNet18, the OAM recognition accuracy, confusion matrix, and BER of both models are numerically analyzed in this section. Variations in OAM mode recognition accuracy are shown in Figure 7 and Figure 8 under different turbulence intensities for transmission distances 2000 m and 3000 m, respectively.



As shown, the detection accuracy increases gradually with an increase in the training epoch. Additionally, the comparisons show that the detection accuracy increases significantly more slowly in strong turbulence than in weak ones. When the turbulence is strong, the training process becomes more problematic because the image suffers more serious distortion. Taking a transmission distance of 2000 m as an example, as shown in Figure 7, after 100-times training in medium turbulence (   C n 2  = 1.0 ×   10   − 14    m  − 2 / 3    ,    C n 2  = 3.0 ×   10   − 14    m  − 2 / 3    ,    C n 2  = 5.0 ×   10   − 14    m  − 2 / 3    ), ResNet18 can still achieve an OAM mode detection accuracy of more than 96.9%, whereas under strong turbulence    C n 2  = 3.0 ×   10   − 13    m  − 2 / 3     and    C n 2  = 5.0 ×   10   − 13    m  − 2 / 3    ), the detection accuracy decrease to 91.7% and 87.3%, respectively. The detection accuracy is further reduced from 87.3% to 83.2% when the transmission distance is increased to 3000 m under strong turbulence (   C n 2  = 5.0 ×   10   − 13    m  − 2 / 3    ). In other words, the greater the turbulence intensity and the farther the transmission distance, the lower the detection accuracy.



A comparison of Figure 7 and Figure 8 reveals that the accuracy of OAM mode recognition based on AP-CNN is superior to that of ResNet18. When the turbulence is weak, the optimization effect of the AP-CNN is minimal, while when the turbulence is strong, it is more obvious. For example, when the transmission distance is 2000 m for    C n 2  = 3.0 ×   10   − 14    m  − 2 / 3    , as shown in Figure 8, the accuracy of OAM mode recognition based on the AP-CNN can reach up to 98.1% after 100 training epochs, which is only a 0.6% improvement compared with ResNet18. Additionally, under these circumstances, the optimization effect is not obvious. Meanwhile, when    C n 2  = 3.0 ×   10   − 13    m  − 2 / 3    , the recognition accuracy based on ResNet18 is only 92.1%. The accuracy of OAM mode recognition based on AP-CNN, on the other hand, is significantly improved, and the recognition accuracy of the best model reaches 94.4%, showing an improvement of about 2.3%.



When the transmission distance is large, the improvement of the recognition accuracy based on AP-CNN is limited in a highly turbulent environment. For example, when    C n 2  = 5.0 ×   10   − 13    m  − 2 / 3    , the accuracy of OAM mode recognition based on the AP-CNN can reach up to 90.5% after 100 training epochs when the transmission distance is 2000 m, which is about a 3.1% improvement compared to ResNet18, as shown in Figure 8. However, when the transmission distance extends to 3000 m, the recognition accuracy of the best model can only reach 84.2% after AP-CNN, i.e., 1.2% higher than ResNet18. The reason for this is that in strong turbulence, when the distance is too great, the transmission of the OAM beam is greatly affected by the turbulent disturbance distortion. The light intensity distribution captured by the CCD camera at the receiving end is seriously distorted, and the image features used for recognition are compromised. Therefore, even if the AP-CNN introduces an attention mechanism to mine the underlying image details, it cannot significantly improve the accuracy of OAM mode recognition.



The confusion matrixes of superimposed vortex beams using ResNet18 and AP-CNN, with a transmission distance is 2000 m and when atmospheric refractive index structure constant    C n 2  = 5.0 ×   10   − 13    m  − 2 / 3    , are given in Figure 9. The results show that {1, −2, 3, −5} has a 16% probability of being incorrectly identified as {−2, 3, −5}, {1, −2} has a 10% probability of being incorrectly identified as {1, −2, −5}, and {2, −6} has an 11% probability of being incorrectly identified as {4, −4}. In contrast, in the APP-CNN network, the accuracy of OAM mode detection improves by up to 7%, and the related incorrect identification rate is reduced by up to 3%, which confirms the necessity of designing similar OAM superposition mode datasets. The accuracy improvement and decrease of incorrect identifications may vary with the transmission conditions.



Assuming the signal-to-noise ratio at the receiver side of the OAM communication system    γ B  = 10 dB  , the system BER can be calculated based on the recognition accuracy. When the transmission distance is 2000 m, the demodulation performance of the CNN demodulator, ResNet18 demodulator, ResNet18 demodulator with a specified mapping relationship, and the AP-CNN demodulator under six different turbulence intensities    C n 2    and transmission distances, expressed as BER at the receiver end, are shown in Figure 10.



It can be seen from Figure 10 that when the turbulence intensity and transmission distance are certain, ResNet18 can mine more OAM intensity map information due to the presence of more convolution layers compared to CNN. Additionally, the BER of the OAM communication system is lower when using the ResNet18 demodulator compared to the CNN demodulator. The CNN structure used here consists of three convolution layers and two full connection layers. Each convolution network layer is composed of a convolutional layer, a batch normalization layer, and a maxpool layer. The layers are connected by a rectified linear unit (Relu), and each layer uses dropout. The dropout probability is set to 0.3. The convolutional layers of the first, second, and third convolution network layers contains 16 kernels of size 5 × 5, 32 kernels of size 3 × 3, and 64 kernels with size of 3 × 3, respectively. The maxpool layer size of the three convolution network layers is 2 × 2 and the step size is 2; the difference is more obvious in a strong turbulence environment (   C n 2  > 1.0 ×   10   − 13    m  − 2 / 3    ). Both the ResNet18 demodulator combined with specified mapping and the AP-CNN demodulator are optimized based on the ResNet18 demodulator, and both have lower BER than the ResNet18 demodulator. When    C n 2  ≤ 3.0 ×   10   − 13    m  − 2 / 3    , the BER using the AP-CNN demodulator is lower than that using the ResNet18 demodulator combined with the specified mapping. However, when the turbulence is quite strong (e.g.,    C n 2  = 5.0 ×   10   − 13    m  − 2 / 3    ), the BER using the AP-CNN demodulator is higher than that of the ResNet18 demodulator with the specified mapping relationship. The reason for this is that the two optimization schemes (specifying the mapping relationship and introducing the attention pyramid) do not go in the same direction, as shown in Figure 11.




3.3. Analysis of Single-Mode OAM Mode Detection Based on AP-CNN


The detection accuracies of OAM mode with the ResNet18 network and AP-CNN are shown in Table 2 after 100 training cycles under different turbulence intensities and transmission distances. It can be concluded that the stronger the turbulence, the lower the accuracy of OAM detection. In addition, it can be seen from the data in Table 3 that no matter whether the transmission distance is 2000 m or 3000 m, under different turbulence intensities, AP-CNN has improved accuracy compared with ResNet18. In strong turbulence (   C n 2  = 5.0 ×   10   − 13    m  − 2 / 3    ): the detection accuracy of AP-CNN is 85.2%, a 1.3% improvement compared with ResNet18, whereas in medium turbulence conditions (   C n 2  = 5.0 ×   10   − 14    m  − 2 / 3    ), the detection accuracy of AP-CNN has a 3.4% improvement compared with ResNet18 at the transmission distance of 3000 m. When the transmission distance is reduced to 2000 m, the detection accuracy of AP-CNN shows 5.5% and 4.3% improvements compared with ResNet18 at    C n 2  = 3.0 ×   10   − 13    m  − 2 / 3     and    C n 2  = 5.0 ×   10   − 13    m  − 2 / 3    , respectively. It should be emphasized that when the transmission distance is long and there is strong turbulence, the light intensity distribution captured at the receiving end is damaged (because the vortex beam is greatly affected by the turbulent distortion during transmission), and the AP-CNN detection rate cannot be significantly improved.



A comparison of the demodulation performance of CNN, ResNet18, ResNet18 combined with plane wave interference, and AP-CNN combined with plane wave interference with a 2000 m transmission distance under six different turbulence intensities is shown in Figure 12a. The performance of the communication link under different transmission distances when    C n 2  = 5.0 ×   10   − 14    m  − 2 / 3     is compared in Figure 12b.



It can be seen from Figure 12 that no matter which demodulation scheme is adopted, when the transmission distance is fixed, the stronger the turbulence, the lower the accuracy of the OAM mode detection at the receiving end. When the turbulence intensity is constant, the longer the transmission distance, the lower the OAM mode detection rate. The detection accuracy of the CNN demodulator with three convolutional layers, a simple structure, and no plane wave interference is low. The ResNet18 has a more complex network structure, including 17 layers of convolution, and has a stronger ability to mine light intensity information. However, it directly identifies the light intensity distribution of single-mode vortex light without interference. Although its detection accuracy is improved compared with that of CNN, it is still not satisfactory. After plane wave interference, the plane wave interferogram collected at the receiving end has more distinguishable characteristics, and the OAM mode detection accuracy of the ResNet18 demodulator is significantly improved compared with no interference. The AP-CNN adds a dual-path structure combined with an attention pyramid after the ResNet18 network. As such, the OAM mode detection accuracy is further improved compared to that of ResNet18. This reveals that the dual path with an attention pyramid is beneficial for single mode detection accuracy.




3.4. Dicussions


In this work, an AP-CNN OAM mode detection method was described. By adding a dual path network with an attention pyramid to the backbone ResNet18, the AP-CNN network was constructed. The effects of turbulence intensity and transmission distance on the improvement of OAM mode detection accuracy were numerically analyzed.



We first studied the performance of the AP-CNN on multi-mode OAM mode detection with similar light intensity distributions. Comparisons of AP-CNN with ResNet18 under different degrees of atmospheric turbulence and transmission distances verified the improvement of the recognition accuracy due to the presence of a dual path structure with attention pyramid. The results reveal that the recognition accuracy increased to some extent with increasing turbulence intensity.



The demodulator performance of the CNN with three convolution layers and two full connection layers, i.e., ResNet18, ResNet18 + Specify mapping and AP-CNN, on a multi-mode vortex beam are studied. When    C n 2  ≤ 3.0 ×   10   − 13    m  − 2 / 3    , the BER using AP-CNN demodulator was lower than with the other three methods.



In addition, OAM mode detection in single mode with a large topological charge was simulated under medium and strong turbulence intensities, i.e.,    C n 2    ranges from   1.0 ×   10   − 14     to   5.0 ×   10   − 13     at 2000 m and 3000 m transmission distances. A comparison between ‘ResNet18′and ‘ResNet18 + coherent’ verified the effect of plane wave interference. The single mode recognition by AP-CNN showed an accuracy improvement of up to 5.5% compared with ResNet18 when    C n 2  = 3.0 ×   10   − 13    m  − 2 / 3     at a 2000 m transmission distance, indicating that the former detection method has strong detailed extraction and learning capabilities for dense interference fringes of single mode vortex beams with large topological charges.





4. Conclusions


In this paper, an OAM mode recognition technique based on AP-CNN is proposed. Utilizing ResNet18 as the backbone of the AP-CNN, a dual-path algorithm structure, including a top-down feature path and a bottom-up attention path, is added. Based on the dual-path algorithm structure combined with the attention pyramid, low-level detailed information of the similar light intensity map is fully utilized. In our simulated experiments, the size of the light intensity distribution map of the OAM beam was set to 128 × 128 and was input into the ResNet18 network for training. Then, the output feature maps of the third, fourth, and fifth layers of ResNet18 were selected to build a pyramidal hierarchy. After supervised training with a large OAM communication dataset with different turbulence conditions, the recognition accuracy and the BER were numerically determined. The simulation results showed that the AP-CNN achieved greatly improved OAM mode detection accuracy and demodulation performance compared with the ResNet18 network. When the turbulence was weak, the optimization effect of AP-CNN was not obvious, i.e., a 0.6% improvement, while when the turbulence was strong, the optimization was clear, with an improvement of about 2.3%. The OAM detection accuracy of the AP-CNN was up to 5.5% higher than that of ResNet18 at 2 km with strong turbulence. This technique has significant applications in communication, target detection, and radar imaging. Due to the limitations of experimental conditions, our research was only based on a simulated intensity distribution dataset, and light intensity information was collected without phase information. The training and analysis of the real turbulence OAM communication data under different conditions, as well as the phase information, will be the focus of future work by our team.
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Figure 1. Structure of the AP-CNN for OAM mode recognition. (a) dual-path algorithm structure, (b) attention pyramid, (c) ROI pyramid. 
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Figure 2. Workflow of the weakly supervised region proposal generator. 
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Figure 3. Regions of interest localized by AP-CNN at different levels for different OAM modes. 
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Figure 4. Connection between ResNet18 and the refinement network. 
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Figure 5. Light intensity distribution of a similar multi-mode OAM beam. 
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Figure 6. Plane wave interferogram of single-mode vortex beam with large topological charge. 
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Figure 7. Accuracy of OAM mode recognition based on ResNet18 at different turbulence intensities (a) transmission distance: 2000 m (b) transmission distance: 3000 m. 
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Figure 8. Accuracy of OAM mode recognition based on AP-CNN under different turbulence intensities. (a) transmission distance: 2000 m (b) transmission distance: 3000 m. 
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Figure 9. Confusion matrix (a) by ResNet18 (b) by AP-CNN. 
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Figure 10. Performance comparison of four OAM demodulators with (a) atmospheric refractive index structure constant    C n 2    (b) transmission distance. 
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Figure 11. Comparison of the optimization direction of the AP-CNN and specified mapping relationship. 
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Figure 12. Performance of four OAM demodulators for detecting single-mode vortex light (a) under different turbulence intensities and (b) different transmission distances. 
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Table 1. Modified ResNet18 network structure.
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	Network Layer
	Output Feature Map Size
	ResNet18





	conv1
	   128 × 128   
	   3 × 3 , 64   



	conv2_x
	   64 × 64   
	    [      3 × 3 , 64       3 × 3 , 64      ]  × 2   



	conv3_x
	   32 × 32   
	    [      3 × 3 , 128       3 × 3 , 128      ]  × 2   



	conv4_x
	   16 × 16   
	    [      3 × 3 , 256       3 × 3 , 256      ]  × 2   



	conv5_x
	   8 × 8   
	    [      3 × 3 , 512       3 × 3 , 512      ]  × 2   



	
	   1 × 1   
	Average pooling + full connected + softmax
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Table 2. Software used in experiments.
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	Software
	Edition





	Windows
	Windows10 (21H2)



	Python
	3.7



	Pytorch
	1.7.1



	Torchvision
	0.8.2



	CUDA
	11.0.2



	CuDNN
	11.2
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Table 3. Detection accuracy comparison of single mode OAM mode using ResNet18 and AP-CNN.
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    C  n 2  / (  m  − 2 / 3   )    

	
ResNet18

	
AP-CNN




	
2000 m

	
3000 m

	
2000 m

	
3000 m






	
   1.0 ×  e  − 14     

	
100.0%

	
100.0%

	
100.0%

	
100.0%




	
   3.0 ×  e  − 14     

	
98.9%

	
98.5%

	
99.2%

	
99.8%




	
   5.0 ×  e  − 14     

	
97.2%

	
92.4%

	
98.3%

	
95.8%




	
   1.0 ×  e  − 13     

	
93.5%

	
89.8%

	
96.6%

	
93.5%




	
   3.0 ×  e  − 13     

	
85.9%

	
84.2%

	
91.4%

	
87.1%




	
   5.0 ×  e  − 13     

	
84.6%

	
83.9%

	
88.9%

	
85.2%
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