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Abstract

:

The detection of rotated objects is a meaningful and challenging research work. Although the state-of-the-art deep learning models have feature invariance, especially convolutional neural networks (CNNs), their architectures did not specifically design for rotation invariance. They only slightly compensate for this feature through pooling layers. In this study, we propose a novel network, named LPNet, to solve the problem of object rotation. LPNet improves the detection accuracy by combining retina-like log-polar transformation. Furthermore, LPNet is a plug-and-play architecture for object detection and recognition. It consists of two parts, which we name as encoder and decoder. An encoder extracts images which feature in log-polar coordinates while a decoder eliminates image noise in cartesian coordinates. Moreover, according to the movement of center points, LPNet has stable and sliding modes. LPNet takes the single-shot multibox detector (SSD) network as the baseline network and the visual geometry group (VGG16) as the feature extraction backbone network. The experiment results show that, compared with conventional SSD networks, the mean average precision (mAP) of LPNet increased by 3.4% for regular objects and by 17.6% for rotated objects.
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1. Introduction


In recent years, deep learning has played an important role in many areas of life, such as image processing [1,2,3], object detection [4,5,6], optic imaging [7,8,9], and speech recognition [10,11]. Especially in object detection and recognition, the accuracy of deep learning models becomes increasingly important [12]. However, due to the dependence on datasets, deep learning networks have limitations for special objects, such as rotated objects. The rotation invariant feature is one of the key methods to solve the problem of targeting variable direction. For example, remote sensing images cause difficulties for conventional convolutional neural network models to achieve robust detection.



For rotated objects, features mismatching is a challenging work [13], which will reduce the final recognition accuracy. There is a large number of deep learning methods to solve such problems [14,15]. In fact, some works solved these problems by the retina-like mechanism [16,17,18]. In the human visual system, photoreceptor cells of the retina are sparsely distributed as the distance from the fovea increases. This structural characteristic causes the high imaging resolution of the retina in the vicinity of the fovea and low imaging resolution in the peripheral area [19]. Between the retina and the visual cortex, a log-polar coordinate mapping relationship is established [20] and brings the advantages of anti-rotation and scale transformation [21,22,23,24].



Based on these characteristics of human retinal imaging, the retina-like mechanism is used in various fields [25,26,27]. For example, in the task of object search and detection in a large field of view and high-resolution scene, the data are compressed using log-polar coordinates with variable resolution imaging. A retina-like mechanism is also widely used in high-speed rotation navigation and guidance [28]. Similarly, numerous studies use the retina-like log-polar transformation in the classification task of deep learning [29,30,31]. However, for object detection and recognition, few works combine log-polar transformation with convolutional neural networks (CNNs) [32]. Based on these methods, we propose a log-polar coordinates feature extraction network, named LPNet. Inspired by the principle of human retinal imaging, we introduce the log-polar transformation that overcomes the rotation problem into CNN. We also put the variable resolution characteristics of the human eye into LPNet, which effectively increases the robustness of networks.



Several works address the space invariance on image processing using CNNs [33,34,35]. In [36], log-polar transformation is brought into the field of deep learning through the polar transformation network (PTN), which realizes the invariance of translation, the equal change in rotation, and the expansion in the polar coordinate system. However, PTN only recognized global deformation. In [37], the results show that several angles are better fitted to CNNs with log-polar operations for all tested datasets. However, only rotation transformation is performed and experiments are carried out under different rotations. In [38], log-polar is combined with the attention mechanism. Thus, several improvements are achieved from the original basis. A large amount of experimental verification is lacking and they just focused on classification tasks. In [39], they applied a log-polar transformation as a pre-processing step to a classification CNN. It reduced the required image size and improved the performance in handling image rotation and scaling permutations. However, this method is applied using the MNIST dataset for classification. Object detection and recognition on other datasets are not discussed. The above research works show that log-polar gradually established its role in deep learning, but the transformations are rarely applied to object detection and recognition networks.



The rest of this paper is organized as follows. Section 2 introduces the preliminary background knowledge. Section 3 describes the proposed method in detail. Section 4 presents the experimental settings. Finally, Section 5 reports the general conclusions and suggests future research directions.




2. Background


2.1. Log-Polar Transformation


For an image, if we select the coordinate origin as O (0, 0), the position of the pixel based on sampling is expressed in both cartesian coordinates   ( x , y )   and log-polar coordinates   ( r , θ )   [40,41,42,43]. Equations (1) and (2) show the conversion between two coordinates.


  r =    x 2  +  y 2     



(1)






  θ = arctan ( y / x )  



(2)







In the cartesian coordinate system,  z  is a complex number. We define the equation for the log-polar coordinate, as shown in Equation (3).


  w = ln z  



(3)







We set a cartesian coordinate number represented by the value of   z = x + i y  . Log-polar coordinates are represented by the value of   w = ξ + i η  , where  i  is the complex imaginary unit.


  z = x + i y = r ( cos θ + i sin θ ) = r  e  i θ    



(4)






  w = ξ + i η = ln z = ln r + i ( θ + 2 π )  



(5)







Log-polar coordinates  ξ  and  η  are given as Equations (6) and (7).


  ξ ( r , θ ) = ln r = ln    x 2  +  y 2     



(6)






  η ( r , θ ) = θ + 2 π = arctan ( y / x ) + 2 π  



(7)







The points with the coordinate   ( x , y )   are mapped to the coordinate   ( ξ , η )   after transformation.



According to the above equations, the object in log-polar coordinates  w  changes in proportion and rotation. That means that the object is magnified by  τ  times to the origin of the coordinate. If the objects are rotated by an angle of  α , then its corresponding polar coordinate changes to   ( τ r , θ + α )  . After log-polar transformation, the mapping is as Equations (8)–(10).


  w = ln z = ln τ r  e  i ( θ + α )    



(8)






  ξ ( r , θ ) = ln r + ln τ  



(9)






  η ( r , θ ) = θ + α + 2 k π  



(10)







If the target in the cartesian coordinates changes in proportion, then it is equivalent to the target in the log-polar coordinates being displaced along the radius axis [37]. The rotation change in the target in cartesian coordinates is equivalent to the displacement change in the target in the log-polar coordinate space along the angular axis. We take 2π as the periodic displacement, the log-polar transformation has scale and rotation invariance [44] which is established when the center point coincides with the coordinate origin after the target change [45].



According to these characteristics, we introduce log-polar into object detection and recognition network to alleviate the influence of rotating targets on accuracy. During image rotation or transformation, the same object will have different feature maps after CNN extraction. Therefore, the image becomes inconsistent with the results of conventional network training. To solve the problem of reduced accuracy due to image rotation, we introduce log-polar transformation. Moreover, we call the log-polar transformation for feature maps during the encoding process. After performing a convolution operation, an inverse log-polar transformation is carried out on the network, which is called the decoding process of CNN.



As shown in Figure 1a–d, when the target in the images is rotated by 90°, the feature of the encoded image remains unchanged. Compared to Figure 1b,c, the feature map encoding shows that the rotation only performs translation transformation. However, the distribution of feature maps remains unchanged. For CNNs, this slight change does not cause significant accuracy falling.




2.2. SSD300


The baseline network of the proposed LPNet is the single-shot multibox detector (SSD). SSD is an objection detection network proposed by Liu et al. [46] and is one of the popular frameworks. Figure 2 shows the architecture of SSD300. Compared with the faster region-based convolutional network (R-CNN) [47], the SSD network has a considerable speed improvement. Compared with you only look once (YOLO) network [48], SSD has a clear advantage in accuracy. SSD uses VGG16 as the backbone network.



The obtained multi-scale feature maps are used for the detection of objects. In the process of locating objects, large feature maps are used on relatively small objects while small feature maps are used for large ones. SSD refers to YOLO but differs from it. It uses convolution to detect feature maps of different scales and, at the same time, draws on the idea of anchors in faster R-CNN.



The speed advantage of SSD lies in the fact that the algorithm is implemented based on the feedforward architecture. The calculations are all in an end-to-end single channel. For a single input image, SSD generates multiple fixed-size bounding boxes and scores for the object category. Then, non-maximum suppression (NMS) operation is added to obtain the final prediction. Thus, the detection speed is significantly improved. The first half is the basic network, which is mainly used for image classification. The second half is a multi-scale convolutional layer with a size reduced layer by layer and is mainly used for the extraction and detection of object features at multiple scales.





3. LPNet


3.1. Architecture Overview


In this section, we extract feature maps from the backbone network and transform them to log-polar coordinates. The baseline framework is the SSD300 network and the feature extraction backbone network is VGG16. Figure 3 shows the structure of the proposed LP layer.



We regard the module that combines convolution and log-polar in the feature extraction as the encoder. However, the module that combines the convolution unit and inverse log-polar is the decoder. The ratio of numbers of feature maps that require a log-polar transformation in each layer is defined as the observation factor (OF), which affects the overall network performance. We will discuss this in Section 4.



In the decoder module, the usual cartesian coordinates are converted to log-polar coordinates. This transformation helps the network extract the feature information in the log-polar coordinates of the feature map. When the object is rotated and scaled, the network error effectively decreases. Equations (11) and (12) show the calculations of the conventional CNN and the encoder module, respectively. However, this transformation also raises several problems. After the encoder module, all information extracted by the CNN is of log-polar coordinates. The feature information of the image itself cannot be extracted further. To solve this problem, we introduce the inverse log-polar module.


  g (  x o  ,  y o  ) =    ∫  − ∞   + ∞       ∫  − ∞   + ∞    f ( x , y )       h (  x o  − x ,  y o  − y ) d x d y  



(11)






  g (  r o  ,  θ o  ) =    ∫ 0  2 π       ∫ 0 ∞   f ( r , θ )       h (  r o  cos  θ o  − r cos θ ,  r o  sin  θ o  − r sin θ ) r d r d θ  



(12)




where   g (  x o  ,  y o  )   is the output feature map in cartesian coordinates,   g (  r o  ,  θ o  )   is the output feature map in log-polar coordinates,   f ( ⋅ )   is the input feature map, and   h ( ⋅ )   is the convolution kernel.



In this module, we convert the cartesian coordinates of the feature map to log-polar coordinates. The feature maps in the log-polar coordinates have more characteristics than the cartesian coordinates, such as rotation invariance, and so on. We show this transformation in Figure 4.



In the decoder module, we add an inverse transformation of the feature map after the log-polar transformation. The log-polar coordinate information is converted into the image information in cartesian coordinates to facilitate the subsequent feature extraction of the CNN.



This operation is the opposite of the transformation in Figure 4. We rearrange the pixels in log-polar coordinates on a new feature map. While the feature points of log-polar coordinates and the feature points under the cartesian coordinates are not in a one-to-one correspondence, we dropped some points on the original feature map. After the decoding, the points of interest in the feature map show high resolution while other regions appear in low resolution. This result is also similar to the observation characteristic of the human eye, which is non-uniform imaging. This characteristic also alleviates the influence of noise points during the convolution operation. Thus, the interference of redundant features on the network accuracy is suppressed.




3.2. Sliding LPNet


With the consideration that feature extraction by the human eye scans to the extracting method, the starting point of the high-resolution field is the center of the image. However, the interesting area is not all in the center. Furthermore, the objects scatter everywhere in an image. Therefore, in this section, we propose another scanning feature map gaze center selection method.



We divide the feature map into small units according to the size ratio. Before the log-polar transformation is performed on each feature map in each layer, the center of each small cell is used as the center of the log-polar transformation of entire feature maps. The position of the center point coordinate relative to entire feature maps is sequentially presented in a sliding window format. Figure 5 shows the splitting of small cells in the feature map, the size of which determines the center coordinate of each small cell. The selected center point is used as the basis for the next feature map encoding.



The number of grids to be cut is   λ × λ  . Then, the image is cut into small grids   h × h  . The size of the original image is   H × W  . In Figure 5, we take H = W = 300,   h = 100   as an example, and take the center point of each small grid as the center point of each non-uniform sampling. According to the setting of OF value, the number of feature maps that need to be coded and decoded is calculated as L. A center point selection on the L feature maps is carried out in turn and calculated according to the coordinate of the cutting. Table 1 shows the obtained coordinates.





4. Experimental Results and Analysis


In this section, we take the SSD network as the baseline framework. According to the experimental results, the increase in accuracy is also suitable for other networks.



4.1. Experiment Setup


In object detection and recognition experiments, the default hyper-parameters are as follows: the training step is 120,000; the training and testing batch sizes are 32 and 64, respectively; the polynomial decay learning rate scheduling strategy is adopted with an initial learning rate of 0.1; the warm-up step is 1000; and the momentum and weight decay are 0.9 and 0.005, respectively. All of our LPNet experiments use the same hyper-parameter as the default setting. All experiments are trained with two 2080Ti GPUs.



We trained LPNet on the pattern analysis, statical modeling, and computational learning (PASCAL) VOC 2007 and PASCAL VOC 2012 datasets. The main goal of the PASCAL VOC dataset is to recognize image objects. The dataset contains 20 types of objects. Then, each image is labeled. The labeled objects include people, animals (such as cats, dogs, islands, etc.), vehicles (such as cars, boats, airplanes, etc.), and furniture (such as chairs, tables, sofas, etc.). Each image has 2~4 objects on average. All the annotated images have labels needed for object detection and recognition, but only some data have segmentation labels. Among them, the VOC2007 dataset contains 9963 annotated images. These images are divided into three categories, consisting of train, val, and test. Then, the total 24,640 objects are labeled. The VOC2012 dataset is an upgraded version of the VOC2007 dataset, with a total of 11,530 images. For the objection detection, the trainval/test of VOC2012 contains all the corresponding images from 2008 to 2011 years. The trainval has 11,540 images and a total of 27,450 objects. For the segmentation task, the trainval of VOC2012 contains all the corresponding images from 2007 to 2011 years, and the test only contains 2008 to 2011 years. Trainval has 2913 images with 6929 objects. The VOC2012 dataset is divided into 20 categories, including 21 categories of background.




4.2. Results


We carried out experiments on the PASCAL VOC2007 and PASCAL VOC2012 datasets, and divided the LPT mode into two types (sliding and stable). During the network training, VOC2007 + VOC2012 is used as the training set and tested on the VOC2007 test dataset. Table 2 shows the test results.



In this experiment, the performance indicators are mainly compared with SSD and similar networks. Compared with the high-performance network that appeared after SSD, experimental results also draw the same inference. Table 2 shows that, under VOC2007 and VOC2012 datasets, two modes of LPNet have higher accuracy than SSD300, faster R-CNN, and fast region-based convolutional network (R-CNN) [49].



Compared with the fast R-CNN algorithm, the mAP of LPNet is improved by 7.6%. This improvement comes from the fact that LPNet can effectively reduce the influence of noise on the input feature map. Moreover, for objects of different sizes, the detection and recognition accuracy of LPNet improved. Consistent with the input image size of SSD300, both modes of LPNet choose 300×300 as the image input size of the network. In the network training, Figure 6 shows the loss and mAP of the modes. Figure 7 shows that the LPNet of the sliding mode is more steady than that of the stable mode, and that the mAP is improved.




4.3. OF Impact


The OF value represents the intensity information of the retina-like mechanism on CNN. This parameter also determines the number of feature maps that need focus. To study the influence of the OF on the overall network performance of the network, we select its gradient values. For two different modes of LPNet, the mAP test is performed on the VOC2007 + VOC2012 dataset. Table 3 shows the final model accuracy.



Table 3 shows that, as the value of OF increases, the network noise is relatively suppressed, which leads to a certain degree of improvement in accuracy. When the OF of the gradient is given, the network accuracy also shows the result of the increasing gradient. When OF = 1, this situation is called the full observation state and the corresponding network accuracy is the highest.




4.4. Dataset Rotation


In Figure 2, we show the effect of the object at different rotation angles. The arrangement of feature maps corresponding to different rotation targets is the same, which effectively reduces the influence of rotation on the network accuracy. In training the encoded feature map, the network not only has the characteristics of the cartesian coordinates but also those of the log-polar coordinate, which enhances the robustness of the network.



In this section, an overall rotation transformation is carried out on the VOC2007 and VOC2012 datasets to test the anti-rotation performance of LPNet. For these two datasets, training and testing are carried out with rotations of 45°, 90°, and 180°. The original SSD network is also tested under the same experimental conditions.



Figure 7 shows the final experimental results. As the image in the dataset rotates by a certain angle, the accuracy of target detection also decreases. However, LPNet can reduce the impact of this rotation on accuracy. We choose to compare the accuracy of Figure 8a–d under the condition of OF = 1. As the image rotates, the mAP of the SSD300 (the blue straight line) decreases by about 13% at most. Compared to SSD300, the mAP of LPNet increases by up to 15.6%. Although rotation also reduces the mAP of LPNet, the mAP will not drop by more than 2% at most. By comparison of Figure 8e–h, we can also see that, compared to stable LP, sliding LP is more suitable for rotating object detection.



Figure 8 shows that, for a normal dataset (without rotation processing), the SSD network reaches an accuracy of 74.3%. However, at a certain angle rotation, the network adaptability decreases and the highest accuracy becomes 61.32%. The LPNet with log-polar transformation maintains the original accuracy without a decrease, and the network has strong robustness. For stable and sliding LPNet, under the normal dataset, the accuracy of stable LPNet is slightly higher than that of sliding LPNet. However, for rotating targets, sliding LPNet is more adaptable. Given that its center point is constantly moving, the network of the sliding LPNet is more suitable than the stable LPNet to capture the characteristics of various forms when the target rotates. We show some images as examples in Figure 9, which are rotated in several angles and detected by LPNet.





5. Conclusions and Future Works


In this study, we introduce log-polar transformation into the deep learning object detection and recognition network, which effectively reduces the influence of objects rotation on detection accuracy. However, further research is still necessary. This research selects relatively reasonable parameters but no experiments on the selection of step size  λ , which must also be studied and discussed in future studies. We also did not conduct training and testing on large datasets, such as the COCO. The network recall and other parameters also need testing in combination with different network frameworks.



Log-polar transformation is a method with a retina-like mechanism. This study uses LPNet to alleviate the influence of objects rotation and enhance the robustness of CNN. However, this mechanism is also used more widely in other aspects of object detection and recognition models in deep learning. The human eye has the advantages of variable resolution and scale transformation, which correspond to the attention mechanism of object detection and recognition network. This trend makes CNN more simple and human-like in the future.







Author Contributions


Conceptualization, J.C. and C.B.; methodology, C.B.; software, C.B.; validation, J.C., Y.C. and Q.H.; formal analysis, C.B.; investigation, C.C.; resources, J.C.; data curation, Y.C.; writing—original draft preparation, J.C. and C.B.; writing—review and editing, Q.H.; visualization, C.C.; supervision, Q.H.; project administration, C.B.; funding acquisition, J.C. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported in part by the funding of foundation enhancement program under Grant 2020-JCJQ-JJ-030, in part by the National Natural Science Foundation of China under Grant 61871031, Grant 61875012 and Grant 61905014.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



LeCun, Y.; Bengio, Y.; Hinton, G.J. Deep learning. Nature 2015, 521, 436–444. [Google Scholar] [CrossRef] [PubMed]

	



Xu, Z.; Lan, S.; Yang, Z.; Cao, J.; Wu, Z.; Cheng, Y.J.E. MSB R-CNN: A Multi-Stage Balanced Defect Detection Network. Electronics 2021, 10, 1924. [Google Scholar] [CrossRef]

	



Kwon, H.; Kim, Y.; Yoon, H.; Choi, D. Classification score approach for detecting adversarial example in deep neural network. Multimed. Tools Appl. 2021, 80, 10339–10360. [Google Scholar] [CrossRef]

	



Fu, C.; Xu, J.; Lin, F.; Guo, F.; Liu, T.; Zhang, Z. Object saliency-aware dual regularized correlation filter for real-time aerial tracking. IEEE Trans. Geosci. Remote Sens. 2020, 58, 8940–8951. [Google Scholar] [CrossRef]

	



Li, Y.; Fu, C.; Huang, Z.; Zhang, Y.; Pan, J. Intermittent contextual learning for keyfilter-aware uav object tracking using deep convolutional feature. IEEE Trans. Multimed. 2020, 23, 810–822. [Google Scholar] [CrossRef]

	



Ko, K.; Gwak, H.; Thoummala, N.; Kwon, H.; Kim, S. SqueezeFace: Integrative Face Recognition Methods with LiDAR Sensors. J. Sens. 2021, 2021, 4312245. [Google Scholar] [CrossRef]

	



Jiao, S.; Gao, Y.; Feng, J.; Lei, T.; Yuan, X. Does deep learning always outperform simple linear regression in optical imaging. Opt. Express 2020, 28, 3717–3731. [Google Scholar] [CrossRef]

	



Jiao, S.; Feng, J.; Gao, Y.; Lei, T.; Xie, Z.; Yuan, X. Optical Machine Learning with Single-pixel Imaging. In Adaptive Optics: Analysis, Methods & Systems; OSA: Washington, DC, USA, 2020; p. JW2A.43. [Google Scholar]

	



Jiao, S.; Gao, Y.; Feng, J.; Lei, T.; Yuan, X. Outperformance of Linear-regression-based Methods over Deep Learning in Optical Imaging. In Digital Holography and Three-Dimensional Imaging; Optical Society of America: Washington, DC, USA, 2020; p. JW2A.42. [Google Scholar]

	



Zaidi, B.F.; Selouani, S.A.; Boudraa, M.; Yakoub, M.S. Deep neural network architectures for dysarthric speech analysis and recognition. Neural Comput. Appl. 2021, 33, 9089–9108. [Google Scholar] [CrossRef]

	



Song, Z.J. English speech recognition based on deep learning with multiple features. Computing 2020, 102, 663–682. [Google Scholar] [CrossRef]

	



Bochkovskiy, A.; Wang, C.-Y.; Liao, H.Y.M. Yolov4: Optimal speed and accuracy of object detection. arXiv 2020, arXiv:2004.10934. [Google Scholar]

	



Chessa, M.; Solari, F. Local feature extraction in log-polar images. In Proceedings of the International Conference on Image Analysis and Processing, Genova, Italy, 7–11 September 2015; pp. 410–420. [Google Scholar]

	



Xie, X.; Cheng, G.; Wang, J.; Yao, X.; Han, J. Oriented R-CNN for Object Detection. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Quebec, QC, Canada, 11–17 October 2021; pp. 3520–3529. [Google Scholar]

	



Han, J.; Ding, J.; Xue, N.; Xia, G.S. Redet: A rotation-equivariant detector for aerial object detection. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Nashville, TN, USA, 19–25 June 2021; pp. 2786–2795. [Google Scholar]

	



Remmelzwaal, L.A.; Ellis, G.F.; Tapson, J.; Mishra, A.K. Biologically-inspired Salience Affected Artificial Neural Network (SANN). arXiv 2019, arXiv:1908.03532. [Google Scholar]

	



Kim, J.; Sangjun, O.; Kim, Y.; Lee, M.J. Convolutional neural network with biologically inspired retinal structure. Procedia Comput. Sci. 2016, 88, 145–154. [Google Scholar] [CrossRef]

	



Nikitin, V.V.; Andersson, F.; Carlsson, M.; Duchkov, A. Fast hyperbolic Radon transform represented as convolutions in log-polar coordinates. Geosciences 2017, 105, 21–33. [Google Scholar] [CrossRef]

	



Schwartz, E.L. Spatial mapping in the primate sensory projection: Analytic structure and relevance to perception. Biol. Cybern. 1977, 25, 181–194. [Google Scholar] [CrossRef]

	



Araujo, H.; Dias, J.M. An introduction to the log-polar mapping [image sampling]. In Proceedings of the II Workshop on Cybernetic Vision, Sao Carlos, Brazil, 9–11 December 1996; pp. 139–144. [Google Scholar]

	



Ebel, P.; Mishchuk, A.; Yi, K.M.; Fua, P.; Trulls, E. Beyond cartesian representations for local descriptors. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Soul, Korea, 27 October–2 November 2019; pp. 253–262. [Google Scholar]

	



Wechsler, H. Neural Networks for Perception: Human and Machine Perception; Academic Press: Cambridge, MA, USA, 2014. [Google Scholar]

	



Grosso, E.; Tistarelli, M. Log-polar stereo for anthropomorphic robots. In Proceedings of the European Conference on Computer Vision, Sao Carlos, Brazil, 12 October 2000; pp. 299–313. [Google Scholar]

	



Massone, L.; Sandini, G.; Tagliasco, V. “Form-invariant” topological mapping strategy for 2D shape recognition. lGVIP 1985, 30, 169–188. [Google Scholar] [CrossRef]

	



Jurie, F. A new log-polar mapping for space variant imaging: Application to face detection and tracking. Pattern Recognit. 1999, 32, 865–875. [Google Scholar] [CrossRef]

	



Zokai, S.; Wolberg, G. Image registration using log-polar mappings for recovery of large-scale similarity and projective transformations. IEEE Trans. Image Process. 2005, 14, 1422–1434. [Google Scholar] [CrossRef]

	



Yang, Z.-F.; Kuo, C.T.; Kuo, T.H. Authorization Identification by Watermarking in Log-polar Coordinate System. Comput. J. 2018, 61, 1710–1723. [Google Scholar] [CrossRef]

	



Cheng, Y.; Cao, J.; Zhang, Y.; Hao, Q.J.B. Review of state-of-the-art artificial compound eye imaging systems. Bioinspir. Biomim. 2019, 14, 031002. [Google Scholar] [CrossRef]

	



Yang, H.-y.; Qi, S.R.; Chao, W.; Yang, S.-b.; Wang, X.Y. Image analysis by log-polar Exponent-Fourier moments. Pattern Recognit. 2020, 101, 107177. [Google Scholar] [CrossRef]

	



Ellahyani, A.; El Ansari, M.J. Mean shift and log-polar transform for road sign detection. Multimed. Tools Appl. 2017, 76, 24495–24513. [Google Scholar] [CrossRef]

	



Worrall, D.E.; Garbin, S.J.; Turmukhambetov, D.; Brostow, G.J. Harmonic networks: Deep translation and rotation equivariance. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 5028–5037. [Google Scholar]

	



Dumont, B.; Maggio, S.; Montalvo, P. Robustness of rotation-equivariant networks to adversarial perturbations. arXiv 2018, arXiv:1802.06627. [Google Scholar]

	



Claveau, D.; Wang, C. Systems, A. Space-variant motion detection for active visual target tracking. Robot. Auton. Syst. 2009, 57, 11–22. [Google Scholar] [CrossRef]

	



Wolberg, G.; Zokai, S. Robust image registration using log-polar transform. In Proceedings of the Proceedings 2000 International Conference on Image Processing (Cat. No. 00CH37101), Vancouver, BC, Canada, 10–13 September 2000; pp. 493–496. [Google Scholar]

	



Zhang, X.; Liu, L.; Xie, Y.; Chen, J.; Wu, L.; Pietikainen, M. Rotation invariant local binary convolution neural networks. In Proceedings of the IEEE International Conference on Computer Vision Workshops, Venice, Italy, 22–29 October 2017; pp. 1210–1219. [Google Scholar]

	



Esteves, C.; Allen-Blanchette, C.; Zhou, X.; Daniilidis, K. Polar transformer networks. arXiv 2017, arXiv:1709.01889. [Google Scholar]

	



Amorim, M.; Bortoloti, F.; Ciarelli, P.M.; de Oliveira, E.; de Souza, A.F. Analysing rotation-invariance of a log-polar transformation in convolutional neural networks. In Proceedings of the 2018 International Joint Conference on Neural Networks (IJCNN), Rio de Janeiro, Brazil, 8–13 July 2018; pp. 1–6. [Google Scholar]

	



Kiritani, T.; Ono, K. Recurrent Attention Model with Log-Polar Mapping is Robust against Adversarial Attacks. arXiv 2020, arXiv:2002.05388. [Google Scholar]

	



Remmelzwaal, L.A.; Mishra, A.K.; Ellis, G.F. Human eye inspired log-polar pre-processing for neural networks. In Proceedings of the 2020 International SAUPEC/RobMech/PRASA Conference, Cape Town, South Africa, 29–31 January 2020; pp. 1–6. [Google Scholar]

	



Traver, V.J.; Bernardino, A.J.R.; Systems, A. A review of log-polar imaging for visual perception in robotics. Robot. Auton. Syst. 2010, 58, 378–398. [Google Scholar] [CrossRef]

	



Matuszewski, D.J.; Hast, A.; Wählby, C.; Sintorn, I.M. A short feature vector for image matching: The Log-Polar Magnitude feature descriptor. PLoS ONE 2017, 12, e0188496. [Google Scholar]

	



Hu, B.; Zhang, Z.J.N.C. Bio-inspired visual neural network on spatio-temporal depth rotation perception. Neural Comput. Appl. 2021, 1–20. [Google Scholar] [CrossRef]

	



Gamba, P.; Lombardi, L.; Porta, M. Log-map analysis. Parallel Comput. 2008, 34, 757–764. [Google Scholar] [CrossRef]

	



Lombardi, L.; Porta, M. Log-map analysis. In Visual Attention Mechanisms; Springer: Boston, MA, USA, 2002; pp. 41–51. [Google Scholar]

	



Li, D.D.; Wen, G.; Kuai, Y.; Zhang, X.J. Log-polar mapping-based scale space tracking with adaptive target response. J. Electron. Imaging 2017, 26, 033003. [Google Scholar] [CrossRef]

	



Liu, W.; Anguelov, D.; Erhan, D.; Szegedy, C.; Reed, S.; Fu, C.Y.; Berg, A.C. Ssd: Single shot multibox detector. In Proceedings of the European Conference on Computer Vision, Amsterdam, The Netherlands, 11–14 October 2016; pp. 21–37. [Google Scholar]

	



Ren, S.; He, K.; Girshick, R.; Sun, J. Faster r-cnn: Towards real-time object detection with region proposal networks. Adv. Neural Inf. Process. Syst. 2015, 28, 91–99. [Google Scholar] [CrossRef] [PubMed]

	



Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You only look once: Unified, real-time object detection. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 779–788. [Google Scholar]

	



Girshick, R. Fast r-cnn. In Proceedings of the IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 1440–1448. [Google Scholar]








[image: Electronics 10 02883 g001 550] 





Figure 1. Log-polar transformation for a rotated target: (a) Original image and encoded image; (b) original image rotated by 45° and the encoded image; (c) original image rotated by 90° and encoded image; (d) original image rotated by 135° and encoded image. 
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Figure 2. The architecture of SSD300. We select it as the baseline network. 
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Figure 3. The architecture of the LP layer. In the encoder module, the input feature maps are normal uniform pixel distribution images. After the log-polar transform, the feature maps are resampled as nonuniform distribution. Through inverse log-polar transform, we get the “inverse log-polar feature map”. The pixels in this map are sampled as human eyes. This image has high resolution in the center and low resolution on the side. 
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Figure 4. The mapping from cartesian coordinates to log-polar coordinates. We convert the cartesian coordinates (a) of the feature map to log-polar coordinates (b). 
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Figure 5. LPNet in the mode of sliding centers. In different channels, we choose different points as the center of log-polar transformation. That means the high-resolution area in images is sliding. 
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Figure 6. Two modes of LPNet Loss, where the two networks are trained under the VOC2007 and VOC2012 datasets, and the OF = 1: (a) Loss of LPNet in sliding mode; (b) Loss of LPNet in stable mode. 
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Figure 7. mAP of two modes of LPNet during the training, with the final accuracy of the sliding mode LPNet as slightly higher than that of the stable mode LPNet. 
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Figure 8. LPNet changes in network accuracy under different OFs for VOC2007, VOC2012, and rotation transformed datasets. Where, (a) and (e) represent experimental results in which LPNet is not added and the datasets are not rotated. (b) and (f) represent the experimental results of VOC2007 and VOC2012 respectively rotated by 45 degrees. (c) and (g) represent the experimental results of VOC2007 and VOC2012 respectively rotated by 90 degrees. (d) and (h) represent the experimental results of VOC2007 and VOC2012 respectively rotated by 180 degrees. 
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Figure 9. Images rotated in several angles detected by LPNet. 
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Table 1. Center coordinates of LPNet, where H = W = 300.
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	Location
	Value
	Location
	Value
	Location
	Value





	(x1,y1)
	(50,50)
	(x4,y4)
	(50,150)
	(x7,y7)
	(50,250)



	(x2,y2)
	(150,50)
	(x5,y5)
	(150,150)
	(x8,y8)
	(150,250)



	(x3,y3)
	(250,50)
	(x6,y6)
	(250,150)
	(x9,y9)
	(250,250)
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Table 2. Experiment results of LPNet in terms of mAP (%) on PASCAL VOC 07 + 02. Where “07 + 12” means the union of VOC2007 and VOC2012 trainval.
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	Method
	mAP
	Aero
	Bike
	Bird
	Boat
	Bottle
	Bus
	Car
	Cat
	Chair
	Cow
	Table
	Dog
	Horse
	mBike
	Person
	Plant
	Sheep
	Sofa
	Train
	Tv





	LPNet(sliding)
	77.6
	81.8
	84.5
	76.2
	71.9
	49.4
	85.9
	86.3
	87.5
	62.0
	81.6
	73.9
	86.1
	85.8
	84.1
	79.8
	53.7
	78.4
	80.8
	85.7
	76.7



	LPNet(stable)
	77.7
	82.8
	83.8
	75.7
	71.0
	51.1
	86.0
	86.1
	88.3
	62.7
	81.5
	84.2
	86.2
	87.3
	84.2
	79.5
	53.3
	77.7
	80.7
	85.3
	77.2



	SSD300 [46]
	74.3
	75.5
	80.2
	72.3
	66.3
	47.6
	83.3
	84.2
	86.1
	54.7
	78.3
	73.9
	84.5
	85.3
	82.6
	76.2
	48.6
	73.9
	76.0
	83.4
	74.0



	Faster [47]
	73.2
	76.5
	79.0
	70.9
	65.5
	52.1
	83.1
	84.7
	86.4
	52.0
	81.9
	65.7
	84.8
	84.6
	77.5
	76.7
	38.8
	73.6
	73.9
	83.0
	72.6



	Fast [49]
	70.0
	77.0
	78.1
	69.3
	59.4
	38.3
	81.6
	78.6
	86.7
	42.8
	78.8
	68.9
	84.7
	82.0
	76.6
	69.9
	31.8
	70.1
	74.8
	80.4
	70.4
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Table 3. Accuracy of LPNet in gradient observation factors.
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	OF
	0.1
	0.2
	0.3
	0.4
	0.5
	0.6
	0.7
	0.8
	0.9
	1.0





	sliding LPNet (mAP)
	75.2
	75.8
	76.1
	76.3
	76.5
	76.6
	76.9
	77.2
	77.5
	77.6



	stable LPNet (mAP)
	75.4
	75.9
	76.3
	76.4
	76.8
	77.1
	77.3
	77.6
	77.6
	77.7
















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











© 2021 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
MAP

09

08

07

06

05

04

03

02

01

MAP

—g— s AP

—— sliding LPNat MAP

15

25

3 35 4 45
Step

55

10






media/file4.png
Conv4_3

Conv6

Conv7

\ 4

Conv8_2

Conv9_2

A\ 4

vV Yy

Conv10_2 Conv11_2

| Detections:8732 per Class |

| Non-Maximum Suppression |





nav.xhtml


  electronics-10-02883


  
    		
      electronics-10-02883
    


  




  





media/file18.png





media/file16.png
Pascal VOC 2007 Rotation 45° Pascal VOC 2007 Rotation 90° Pascal VOC 2007 Rotation 180°

Pascal VOC 2007 +VOC 2012 +VOC 2012 +VOC 2012
B stable-LP B stable-LP A B stable-LP ) Ao B stable-Lp N "%
A sliding-LP ‘ 7| A sliding-LP ‘ | Tb °®1 10| A sliding-LP ‘ N 2ol A sliding-LP L '[ .
e SSD 300 == SSD 300 7\ == SSD 300 e SSD 300 /i . 1 T T
<+ 0, A : ]
5:8% 67 = 68 68 )
.|z trren | = A < N
N &, g M| Aisei | B R
‘ < A < I ; . 0 <UU -
4.1/ E . E A """" - E
1% . . .
s7] i . 64 64
________ L. A
52 62 62 =
02 04 8I6= 08 1 02 04 06 08 1 02 04 8;5: 08 1 02 04 8;5: 08 1
OF
(a) (b) (c) (d)
Pascal VOC 2012 Rotation 45° Pascal VOC 2012 Rotation 90° Pascal VOC 2012 Rotation 180°
Pascal VOC 2007+2012 +VOC 2007 +VOC 2007 +VOC 2007
B stable-LP I stable-LP) N B stable-LP ) B stable-LP)
A sliding-LP ‘ L4l A stiding-LP ‘ 4 7w | so| A Stiding-LP ‘ N soll A sliding-LP ‘ T+11 6%
== SSD 300 a0 = SSD 300 I == SSD 300 I 15:4% = SSD 300 1A
A A i
78 ! _68 AT 4 A 74 A
9 - & g € IT. """"" g Il
IT’S . ! Iez A . T 11.7% ICS A +10.2% ICS A . . T+6'6%
g . A +33% | < - ' T || T = i
o Ll 2.0 &
72 50 56 56
02 04 06 08 1 02 04 06 08 1 02 04 06 08 1 02 04 06 08 1
OF OF OF OF

(e) (f) (9) (h)






media/file2.png





media/file5.jpg





media/file3.jpg





media/file1.jpg





media/file7.jpg
(a)

(,6)






media/file10.png
LP Feature Maps

q [ ] [ ]
(x1,y1) (x2, y2) (x3, y3)
[ ] [ ] [ ]
(x4, y4) (x5, y5) (x6 , y6)
7 o y7) 8 ly8) (97 y9)

W

r 08, 8) P
. \ ~

-
e b

Fe
o ™ ~





media/file12.png
Loss

——S|iding-LPNet Loss

Loss

—Stable-LPNet Loss






media/file9.jpg
LP Feature Maps






media/file0.png





media/file14.png
MAP

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

MAP

i Stable-LPNet MAP
el Sliding-LPNet MAP






media/file8.png
(a)

(x,7)
. —(0)
* i
> r, J
r
O 91 92 ......





media/file11.jpg





media/file6.png
log-polar Inverse log-polar

Feature map Sampling feature map feature map

o Feature extraction layers

| log-polar

Image





media/file15.jpg
1= = :
=g e i
s






media/file17.jpg





