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Abstract

:

With an improvement in the performance of radio telescopes, the number of pulsar candidates has increased rapidly, which makes selecting valuable pulsar signals from the candidates challenging. It is imperative to improve the recognition efficiency of pulsars. Therefore, we solved this problem from the perspective of intelligent image processing and a deep neural network model AR_Net was proposed in this paper. A single time–phase-subgraph or frequency-phase-subgraph was used as the judgment basis in the recognition model. The convolution blocks can be obtained by combining the attention mechanism module, feature extractor and residual connection. Then, different convolution blocks were superimposed to constitute the AR_Net to screen pulsars. The attention mechanism module was used to calculate the weight through an additional feedforward neural network and the important features in the sample were identified by weight, so the ability of the model to learn pivotal information was improved. The feature extractor was used to gain the high-dimensional features in the samples and the residual connection was introduced to alleviate the problem of network degradation and intensify feature reuse. The experimental results show that AR_Net has higher F1-score, recall and accuracy, and our method produces a competitive result compared with previous methods.
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1. Introduction


The sky survey project receives mysterious signals from the vast starry sky through undifferentiated scanning mode. Scientists further analyze these signals in order to discover unknown celestial bodies and break new research ground on the universe gradually. Pulsar is one of the major research objects in astrophysics. Because of distinctive characteristics and a wide combination with other fields in astronomy, the discovery of pulsars had an important impact on the fields of physics, astronomy, chemistry and so on. Finding new pulsars by launching the sky survey observation project has been a popular topic since the first pulsar was discovered. In recent years, tens of thousands of candidate samples were produced by the pulsar survey project. Some data obtained by the PMPS sky survey [1] were processed to produce 30,000 pulsar candidate samples. The total number of candidate samples captured by the GBT telescope [2] is more than 1.2 million. There are 14 million candidate samples produced by the HTRU sky survey [3]. The FAST telescope [4,5] captured more than 10 million candidates before May 2018. Since then, a FAST 19-beam receiver has been installed, generating more than one million pulsar candidates per night. Screening pulsars is undoubtedly a difficult and heavy workload in the face of such a large number of candidate samples. Thus, improving the search efficiency of pulsar has important research value and significance.



The signal data collected by the radio telescope need a series of processing, such as refuse radio frequency interference (RFI), remove dispersion management (DM) and fast Fourier transform (FFT), then candidate signals can be obtained. Researchers further analyze the candidate data to screen out pulsars. In the initial stage of the development of the telescope, the amount of candidate sample data obtained by the sky survey project is relatively small, and the demand can be met by manually checking the candidate signal. With the development of telescope hardware equipment and the improvement in technology, the number of captured samples has increased sharply. To save manpower, researchers began to optimize the search method by developing software tools and they also designed artificial features to describe pulsars, such as width of the pulse profile, S/N of the folded pulse profile and others. The increasing number of candidates spawned many visualization tools, such as REAPER [6] and RUNVIEW [7], which can visually display important pulsar data. A more powerful graphic toolkit, JREAPER [8], was proposed, which can provide a score for each pulsar candidate according to parameters and sort them. This idea brings hope to the prospect of analyzing candidates without manual inspection. The use of visualization tools reduces the number of candidates to be checked, which provides convenience, but researchers still need to spend a lot of time on screening. The possibility of human error would be increased due to fatigue and candidate samples with weak signals misclassified easily. Then, Bates et al. [9] and Eatough et al. [10] trained an artificial neural network (ANN) with artificial feature data for classification. Morello et al. [11] designed the SPINN classifier. The method for introducing a neural network has achieved some results, but the discrimination ability of the model is affected by the limited training data, and it is easy to miss the pulsars with atypical characteristics. Lee et al. [12] took the artificial feature as the evaluation factor of a pulsar signal, calculated the evaluation factor by constructing a function to obtain the score and then sorted it according to the score. Mohamed [13] proposed a fuzzy k-nearest neighbor (Fuzzy KNN) classification algorithm, which uses differentiated artificial statistical features to calculate the membership value of each sample. Such methods can be operated online and have high calculating speed, but the generalization ability of the model is poor. Lyon et al. [14] proposed a recognition algorithm that is a Gaussian–Hellinger very fast decision tree (GH-VFDT). Tan et al. [15] improved the GH-VFDT method, the pulsar screening problem is changed into a three-classification problem (pulsar, RFI, noise) and the artificial features are extended. An integrated classifier based on five decision tree models is proposed, where better results are obtained. This kind of method based on machine learning has some defects, because subjective factors are added in the process of designing artificial features. Neural networks have developed in the field of image processing, especially the convolutional neural network (CNN) [16], which is a variant of a feed-forward neural network and it is a powerful model for solving classification problems. Pulsar search methods are constantly updated. Zhu et al. [17] did not try to redefine and simplify features but solved the problem through the idea of image recognition. This idea reduces the possible tendency of matching according to the pre-designed pattern, reduces the dependence of the classifier on artificial information and begins to pay attention to the details of judging subgraph species directly. They designed an integrated system, PICS, to screen pulsars, and the ANN, CNN, support vector machine (SVM) and logistic regression (LR) algorithms were embedded in the system. Since the impressive classification accuracy of CNN, and many advanced networks have been designed using CNNs, such as ResNet [18], Wang et al. [19] improved the PICS system and the PICS-ResNet system was proposed. The model is easier to converge in the training process and has better classification performance by replacing CNN with ResNet. However, such methods need four kinds of subgraphs as the basis for discrimination. The model is complex and needs to rely on a large number of label samples. Guo et al. [20] proposed a novel method, which only uses the two-dimensional subgraph, with obvious features as the judgment basis. The discriminant features were extracted by DCGAN and SVM was used to classify according to the feature data. Although it gave full play to the advantages of a deep neural network model, the model is complex and has difficulty in training. Liu et al. [21] proposed ResNet with two-type residual connections, which also uses only two-dimensional subgraphs. By contrast, the recall, accuracy and F1-score are improved, but the effect of the model needs to be further improved. Compared with the other models, the methods based on neural networks have advantages because these methods avoid being influenced by human factors and reduce the number of features. A neural network for image processing has gradually become a hot topic in the field of pulsar recognition and it is also the focus of research in this paper.



In recent years, researchers have introduced the selective attention mechanism [22] of human vision into deep learning. It is one of the technologies with the greatest potential in deep learning in recent years. Considering this, a deep convolution neural network model, AR_Net, is proposed in this paper for screening pulsars. The attention mechanism is introduced and the important features in the sample are identified through the attention weight of space and channel, so the model can extract more key information. In addition, the residual connection realizes the cross-layer characteristic transmission, which further optimizes the performance of the network. The experimental results show that this method can effectively improve the efficiency of pulsar recognition.




2. AR_Net Model


Pulsar recognition tasks are more challenging than other object recognition tasks. By contrast, the characteristics of pulsar candidate samples are not so vivid and prominent. However, compared with the negative samples, the positive samples have prominent local characteristics. In addition, there are some similarities between the features of positive and negative samples. In this case, low-dimensional shallow features cannot provide enough information to distinguish positive and negative samples. Therefore, designing a deep network that can focus on extracting more prominent features is helpful to improve the performance of the pulsar recognition model. Based on neural network technology, a convolutional neural network model integrating channel attention mechanism, spatial attention mechanism and residual connection is proposed in this paper. The structure of the network model is shown in Figure 1.



The superposition of all convolution modules is shown in the dotted box in Figure 1. Each convolution module is stacked twice to form a group. The information is extracted by the first group of convolution modules; the size of the obtained vector remained unchanged. After the vector passed through the second group of convolution modules, the number of channels was increased by two-times and the size was reduced by one-half. The new vector was output as the input of the next module. The calculation process of the third and fourth convolution modules is similar to that of the second convolution module. Differentiated deep high-dimensional information is gradually extracted from the original feature map by the model, which is conducive to making more accurate judgments.



The structure of the convolution module is shown in Figure 2. A feature was input and the weight of a channel dimension is calculated by the channel attention module; then the original input vector is weighted by point multiplication. Following the previous steps, a weight of spatial dimension was obtained, which was calculated by the spatial attention module. Similarly, the original input data are weighted by point multiplication. During the self-learning process of the two lightweight attention modules, the feature information that should be emphasized was obtained and the useless feature information was suppressed. The redefined features were input into the feature extraction module for calculation to further extract high-dimensional and deep-level information. The deep network has powerful image processing capability. After all, previous research has shown that a degree of functional degradation will occur in the saturated condition. In this paper, the residual connection is introduced into the convolution module to identity mapping; that is, the residual connection is added after the attention module and the feature extraction module to form the residual learning unit. The transfer of vectors is realized in cross-layer architecture; thus, the features are enhanced, so the performance of the model is improved.



The feature extractor is shown in Figure 3. This module performs convolution, normalization and nonlinear operations on the input vector. Each feature extraction module has two convolution layers with convolution kernel of size 3 × 3 and the number of channels is variable. Further, the batchnorm2d operations are always added behind the convolution layer to normalize the data, which reduces the instability of network performance caused by too large a value before ReLU. Different convolution module groups set different channel numbers. With the superposition of modules, high-dimensional information is gradually extracted by the model.



The structure of the channel attention module is shown in Figure 4. Given an intermediate feature map    X  C × H × W    , the module took two branches for calculation. One of them performed global max pooling to obtain a feature map    X  G M P     with size of   1 × H × W  , and the size of the feature map was changed to   C × 1 × 1   by the shared convolution network layer. The other performed global average pooling to obtain a feature map    X  G A P     with size of   1 × H × W  , and the size was also changed to   C × 1 × 1  . Then, two parts of the output maps were summed element by element, and the results are nonlinearly activated by sigmoid function. The weight    M C    with size of   C × 1 × 1   was obtained. Finally, important information is marked with weight. The shared network layer is shown in the dotted box in Figure 4. It includes a convolution layer with convolution kernel size of 1×1, the number of channels was   C / r   and a convolution layer with convolution kernel size of 1×1; the number of channels was C, where this 16. In short, the channel attention is computed as:


   X  G M P   = G l o b a l M a x P o o l  ( X )   



(1)






   X  G A P   = G l o b a l A v g P o o l  ( X )   



(2)






      M C   ( X )    = δ  (  C o n  v  1 × 1    (   X  G M P    )  + C o n  v  1 × 1    (   X  G A P    )   )        = δ  (   W 1   (   W 0   (   X  G M P    )   )  +  W 1   (   W 0   (   X  G A P    )   )   )       



(3)






   X ¯  = X ⊗  M C   ( X )   



(4)




where  δ  denotes the sigmoid function,   C o n  v  1 × 1     denotes convolution and   X ¯   denotes new map after weighting. Note that the weights of the shared convolution network layer weights,    W 0    and    W 1   , are shared for both inputs.



The structure of the spatial attention module is shown in Figure 5. Given an intermediate feature map    X  C × H × W    . Global average pooling and global max pooling were performed, respectively. The input feature map was reduced to two parts of the new feature map    X  G M P     and    X  G A P     with size of   1 × H × W  . The map is extended by concatenating    X  G M P     and    X  G A P    . Then, the map was compressed by a convolution layer with convolution kernel size of 3 × 3 and the number of channels was 1. The results are nonlinearly activated by the sigmoid function. The weight    M S    with size of   1 × H × W   was obtained. Finally, important information is marked with weight. The channel attention is computed as:


   X  G M P   = G l o b a l M a x P o o l  ( X )   



(5)






   X  G A P   = G l o b a l A v g P o o l  ( X )   



(6)






   M S   ( X )  = C o n  v  3 × 3    (  C o n c a t  (   X  G M P   ,  X  G A P    )   )   



(7)






   X ¯  = X ⊗  M S   ( X )   



(8)




where   C o n  v  1 × 1     denotes convolution and   X ¯   denotes new map after weighting.




3. Experiments and Result Analysis


3.1. Features and Dataset


The features used in the existing pulsar recognition methods are shown in Table 1. The subjective factors and limitations exist in the empirical features and statistic features, and numerous features were required. The image features are automatically extracted by the convolution neural network when we solve the problem on angle of intelligent image processing, which can avoid being influenced by human factors and reduces the number of features. At the initial stage of development, the researchers designed an integrated model to extract the features of four subgraphs. The integrated model is complex. After that, the model is continuously optimized, and only a single subgraph is used as the judgment basis. The model is simpler and the number of features is smaller, meaning more advantages for the task of processing massive data.



After professional software processing, pulsar candidate signals are converted into images that contain four subgraphs. Among them, the pulse profile subgraph and dispersion curve subgraph are one-dimensional images. The time–phase subgraph and frequency–phase subgraph are two-dimensional images with richer discriminant information, which is more conducive to pulsar recognition, so they are the best choice for training models.



PMPS-26k pulsar candidate datasets are investigated in our experiments. PMPS-26k is an artificially identified pulsar candidate dataset obtained from reprocessing all the data from the PMPS sky survey, which contains 2000 positive examples that are obtained from real pulsars, 2000 negative samples that are obtained from non-pulsar signals and 20,000 negative samples that are obtained from RFI. The labelled data were randomly split into three folds: training, validation and testing, with proportions of 30 percent, 30 percent and 40 percent, respectively. We resized all the examples into images with a size of 48 × 48 pixels. Each example had a time–phase subgraph and a frequency–phase subgraph.




3.2. Evaluation Metrics


In essence, pulsar recognition is a binary classification problem. The real pulsar signals are a positive sample, which get most of the attention, and other signals are negative samples, which should be refused. Therefore, we set the evaluation index according to the confusion matrix. The binary classification confusion matrix is defined as in Table 2. The evaluation metrics we adopt for the pulsar candidate classification task here include Precision, Recall and F-score.


     P r e c i s i o n =   T P   T P + F P       



(9)






     R e c a l l =   T P   T P + F N       



(10)






     F 1 s c o r e =   2 × P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l       



(11)








3.3. Implementation


A computer with CPU Intel(R)Core(TM)i7-9700F 3.00 GHz was used. The experiment used one single graphics card of NVIDIA GeForce GTX 1660 Ti when using the Pytorch framework on the python3.7 platform. Further, the training task occupied 8 GB of memory. During the experiment, the parameter setting of the model and the calculation process are as follows. There is a pulsar candidate subgraph with a size of 48 × 48 pixels. Due to the size of the input feature map being small, the size of all convolution kernels was set as 3×3. Feature maps were extracted by a convolution layer and the number of channels is 16, hence, the obtained map has a size of 16 × 48 × 48. Then, the feature map was calculated by convolution modules, the first group, the second group, the third group and the fourth group, and the number of channels was 16, 32, 64 and 128, respectively. The result with a size of 128 × 6 was reduced to one with a size of 128 × 5 × 5 by average pooling. The purpose of introducing a pooling layer is to retain larger response values and decrease resolution. Generally, the size of the pooling kernel is also set to a smaller value; 2 × 2 is in common use. Then, the feature map is extended to 1 × 3200 before calculating by the full connection layer. After calculating by three full connection layers, a feature map with a size of 1 × 2 was used for classification by softmax. Finally, the prediction of pulsar samples by the model was output. Experimental parameter setting is as follows. If the value of the Batch_Size is large, the model easily encounters local minimization; if the value of the Batch_Size is small, the randomness will be greater and the training effect will be better. It is necessary to make an adjustment according to the current task to obtain the best value, and it is usually set as the N-th power of 2. After many experiments, it is found that if Batch_Size is set as 16, the result is the best. The value of the learning rate is crucial, the parameters are initialized randomly at the beginning of training and the learning rate is set to 0.001, so the model can regulate the parameters rapidly. During the training process, the learning rate is dynamically adjusted, changing to one-tenth of the original value each time, and the optimal parameters are gradually found. The training results of the model show that when the training iterations reach 100, the fitting effect is good and there is almost no change in later training. Consequently, the value of epochs is set as 100. The cross-entropy-loss function is used to describe the error between the target and the predictions. Moreover, an Adam optimizer [23] was used in the training process. The AR_Net models are trained for the time–phase subgraph and the frequency–phase subgraph.




3.4. Results and Analysis


To explore the impact of the added attention mechanism on the network classification ability, we will compare the models with and without the added attention mechanism by taking the curves for loss and accuracy in validation. As shown in Figure 6, A_Net denotes the model without an attention mechanism and the accuracy of AR_Net is higher in comparison. The attention mechanism provides a set of effective solutions that can extract more important information for the current task from a great deal of information, pay high attention and ignore other irrelevant information to improve the accuracy of the model.



The experimental results, below, further confirm the advantages of the residual structure in this paper. The curves for loss and accuracy in the validation are shown in Figure 7. A denotes the model that contains the residual structure in our previous work [22]. The results show that the structure in this paper is more helpful to improve the accuracy of the model. A residual connection is added behind the feature extraction module, which intensifies feature reuse.



The experimental results on the PMPS-26k dataset are shown in Table 3. The results with the suffix “-ints” in the table are obtained by experiments on the time–phase subgraph and the results with the suffix “-bands” in the table are obtained by experiments on the frequency–phase subgraph. Taking the experimental results with the suffix of “-bands” as an example to take detailed analysis, RBF-SVM takes 24 principal components obtained from the principal component analysis (PCA) of input images as the features, and these principal components are adopted to train the RBF-SVM classifier. In the experiments, CNN denotes the network architecture used in the previous work [17]. The performance of the CNN method is better than the RBF+SVM method. In the DCGAN+SVM method [20], the deep discriminator was trained to extract the high-dimension features in the two-dimensional subgraph of pulsar candidates. The recall, accuracy and F1-score of DCGAN+SVM are higher than those of the CNN method. The ResNet method [21] based on residual network is relatively simple, without an additional SVM classifier, achieving an F1-score of 0.912 and an accuracy of 0.955, which were higher than those of the DCGAN+SVM method. However, the recall is 0.873, which is 0.018 lower than that of the DCGAN+SVM method. The AR_Net method was proposed in this paper, which achieved an F1 score of 0.9981, recall of 0.9988 and accuracy of 0.9975. Compared with the DCGAN+SVM method, F1-score, recall and accuracy are significantly improved. Further, compared with the suboptimal ResNet method, F1-score is increased by 0.0861, the recall rate is increased by 0.1258 and the accuracy is increased by 0.0425. Furthermore, taking all the results of experiments on the time–phase subgraph as an example, the recall, accuracy and F1-score of the AR_Net method are better than other methods. Under the background of large test set accounting for 40% of the total data, the comprehensive performance of the AR model proposed in this paper is better. In short, in the identification task, the AR_ Net model can ensure that the real pulsar samples are not missed furthest, which is more suitable for pulsar search. It further shows that the deep network integrating residual connection and attention mechanism is more helpful in the pulsar classification task.





4. Conclusions and Discussion


The deep convolution neural network model AR_Net, which combined an attention mechanism and residual connection, was proposed to identify pulsars in this paper. Comprehensive experimental results show that AR_Net can distinguish positive samples and negative samples of pulsars more accurately.



There are one or more dark vertical bars in the time–phase subgraph and frequency–phase subgraph of conventional pulsar positive samples. From an overall point of view, pulsar signals have the phenomenon of pulse drift and the signals of some frequency channels become worse due to the influence of interstellar media. It is worth noting that convolution neural networks can directly analyze two-dimensional images, but signals with varying degrees of variation will affect the performance of neural networks. In this case, the high-dimensional features extracted by the convolution neural network are more helpful to distinguish pulsars and interference signals. The module that can identify the key information that is introduced into the model, which can further reduce the influence of the model on the pulse drift and distortion of the target area in the image. In addition, the two-part residual connection also optimizes the performance of the model. The work in this paper is of significance for finding positive pulsar samples from the massive pulsar candidate samples obtained from the modern radio telescope sky survey project. In addition, the network structure of ResNet has, indeed, achieved amazing results, but by comparison, the AR_Net model is more helpful in extracting crucial information. For image data with fuzzy features and prominent local features, such as pulsar subgraphs, the network structure of AR_Net has more advantages and the accuracy is higher, so it is worth popularizing to similar image processing tasks.



However, the feature image required in the model training process needs to be normalized and the parameters of the model need to be further reduced. Moreover, to a certain extent, the efficiency of the neural network recognition model depends on the integrity of the labeled dataset. The existing dataset lacks a large number of labeled positive sample data. In the future, an unsupervised learning algorithm should be designed to alleviate the dependence of the model on label data.
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Figure 1. AR_Net structure. 
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Figure 2. Convolution module structure. 






Figure 2. Convolution module structure.
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Figure 3. Feature extraction module structure. 
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Figure 4. Channel attention module structure. 






Figure 4. Channel attention module structure.
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Figure 5. Spatial attention module structure. 
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Figure 6. Curve of loss and accuracy on validation (effects of adding attention mechanism to the model). 
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Figure 7. Curve of loss and accuracy on validation (effects of residual structure on the model). 
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Table 1. The features used in different classifiers.






Table 1. The features used in different classifiers.





	Classifier
	Number of Features
	Type of Features





	ANN [9]
	22
	Empirical feature



	ANN [10]
	12
	Empirical feature



	SPINN
	6
	Empirical feature



	GH-VFDT, Fuzzy KNN
	8
	Statistic feature



	PEACE
	6
	Statistic feature



	PICS, PICS-ResNet
	4
	Image features



	DCGAN-SVM, ResNet, AR-Net
	1
	Image features
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Table 2. Binary classification confusion matrix.






Table 2. Binary classification confusion matrix.





	Outcomes
	Prediction +
	Prediction −





	Ground-truth +
	True Positive (TP)
	False Positive (FN)



	Ground-truth −
	False Positive (FP)
	True Negative (TN)
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Table 3. Evaluations of different models on the PMPS-26k dataset.
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	Method
	F1-Score
	Recall
	Precision





	RBF_SVM-bands
	0.813
	0.798
	0.828



	CNN-bands
	0.879
	0.879
	0.880



	DCGAN_SVM-bands
	0.886
	0.891
	0.881



	ResNet-bands
	0.912
	0.873
	0.955



	AR_Net-bands
	0.9981
	0.9988
	0.9975



	RBF_SVM-ints
	0.820
	0.806
	0.835



	CNN-ints
	0.883
	0.886
	0.881



	DCGAN_SVM-ints
	0.889
	0.895
	0.885



	ResNet-ints
	0.924
	0.914
	0.936



	AR_Net-ints
	0.9975
	0.9988
	0.9963
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
A ARFEEEm——

far W
I, --- A Net-accuracy
i ~-- AR_Net-accuracy
N
-=- ANet-loss
, --- AR Net-loss
\
20 40 60 80 100

Epoch

025

0.20

015

0.10

0.05

0.00

Loss





media/file4.png
Channel attention deUlE' Spatla] attentmn module Featu:re extracl:mn module

New feature Output feature

o .

w//

Residual connection

Input feature map






nav.xhtml


  electronics-11-02216


  
    		
      electronics-11-02216
    


  




  





media/file2.png
Convolution Convolutior Full Softmax Predictions

module

Z

' Poolin
] connection

A A
L

module

Input feature Convolution | Convolution Convolution
layer module module
P Py,
—> —> —>
> > —>

3x48x48 16x48x48 16x48x48 32x24 %24

—> —> > > ‘ll'
—TT[ Al 2 ~ 1
-a-_% e —>
=] 4 & R
_l _{l"l hﬁl
64x12x12  128x6x6  128x5x5 1x3200 -~  1x2





media/file5.jpg
X X
CxHxW CxHxW
v
Convolution (3%3)
v
BatchNorm2d
v
RelU
L2
Convolution (3%3)
v
Sum S
v
<

CxHxW






media/file3.jpg
Channel attention module Spanalmmnm.xk Feature extraction module

) mi%/\&m





media/file1.jpg
et Conin [ Gt Gt Gt vl po ks il
e e | e modue | medyle ee m—r«m

Tﬁf(






media/file7.jpg
CxHAW

X
CHW

Global max pooling | [ Global average pooling
HEW THAW

‘Convolution = ReLU Convolution ~ ReLU
Clrax Cireix1

Convolution + ReLU Convolution + ReLU
Cxix1 Cxixt

Weighting

Sum + Sigmod
Cx1x1

<
CxHAW






media/file10.png
X
CxH=W

X
CxH=W

R

Global max pooling lobal average pooling
1=H=W 1xH=W

Weighting

\/

Concat
ZxH=W

l

Convolution + Sigmod
1 xH=W

W
CxH=W






media/file12.png
Accuracy

1.00 -

0.95 A

o

O

o
'l

o
0
W)

0.80 -

0.75 -

-== R_Net-accuracy
-== AR _Net-accuracy

=== R_Net-loss
—== AR_Net-loss

-0.25

-0.20

-0.15

-0.10

-0.05

-0.00

20

40

Epoch

60

80

100

Loss





media/file9.jpg
CxHAW

X
CxHAW

DEW

Global max pooling

Global average pooling

IXEXW

\m‘/

HW

Convolution + Sigmod

IXHAW






media/file0.png





media/file14.png
Accuracy

1.00 A

| r-.nmﬁ=7-=,----h—-------—---------
| ,‘n' '\I\l v -0.25
0.98 1 : ! "' "\"\’ === A_Net-accuracy
I
s .‘, ," -== AR_Net-accuracy | 0.20
i | I
0.96 5 |
|" '/'\'
0.94 1 Wiy -0.15
“\\I' \
0.92 - l'\“\ L0106
Yy
0.90 1 1} M
: “ \ -=- A Net-loss |05
0.881 | ‘\ \ -=- AR_Net-loss
| ” (Y
i VAN, —— -l
0.86 - 0.00

-
.
—
.
-

Epoch

Loss





media/file8.png
X
C=H=W

X
C=H=W

O

Global max pooling
1=H=W

Global average pooling
1=H=W

)

l

Convolution + E=LU
Cir=lx]

Conwvolution + RelLU
Cir=1=1

l

l

Conwvolution + BelL U

Conwvolution + RelLU
Cxl=1

\/

Sum + Sigmod
Cx]=1

Weighting

bl
C=H=W






media/file11.jpg
1.00

=== R Net-accuracy
~=- AR_Net-accuracy

R Net-oss
--- AR Netoss

Epoch

0.25

0.20

0.15

0.10

0.05

0.00

Loss





media/file6.png
X

CxH=W

X
CxHxW

l

Conwvolution (3=3)

l

BatchMorm?2d

l

RelU

l

Convolution (3=3)

CxH=W






