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A Circular Object Detector with Anti-Noise Performance

Cai Zhongsheng,Chen Fei,Zeng Xunxun
(College of Mathematics and Computer Science, Fuzhou University , Fuzhou 350108, China)

Abstract ; At present,many of the target detection models will suffer from precision degradation in noisy environment. In order
to improve the accuracy of target detection model in noisy environment,two methods are proposed. Firstly, an anti-noise
feature extraction module based on residual structure is proposed to support the subsequent network modules. Secondly ,the
anchor frame design and loss function design of the model are improved by using the prior information of the target. The
shape of the anchor frame is designed according to the shape prior information of the target. The 10U loss function is taken
as the Bbox loss function of the model,in which the IOU loss term and the minimum closure area are calculated according
to the prior information of the target shape. The experimental data sets were blood cell data sets and inferior parathyroid
gland data sets,and the benchmark control models were Yolov3 and RetinaNet, which can also be transplanted to other
detection models. In the blood cell dataset environment,the accuracy of Yolov3 is 62.7,which is improved to 75.7,,which is
a great improvement. In the inferior parathyroid gland data set,there was also an improvement.
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Fig.1 Blood cell test results
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Table 2 Experimental results of Yolov3 in blood Table 3 Experimental results of Yolov3 in inferior
cell dataset parathyroid gland dataset
Anti-noise Anti-noise feature Anti-noise Anti-noise feature

mAP Baseline  feature extraction  extraction network+ mAP Baseline  feature extraction  extraction network+
network Round box+IOU loss network Round box+IOU loss

Clean image 62.7 59.8 75.7 Clean image 64.9 66.2 75.3

Noisy image 22.7 66.6 73.0 Noisy image 15.8 49.2 73.3

R4 MAMBIEEHREREX ERWER

Table 4 The comparative experimental results of different models in blood cell data set

mAP FasterRCNN GcAl2] Atss!?) Foveabox/?*!  LibraRCNN!?)  RetinaNet'2®! Our+RetinaNet Yolov3 Our+Yolov3
Clean image 78.0 79.6 77.8 75.1 73.3 75.7 81.2 62.7 75.7
Noisy image 52.5 59.1 54.5 50.7 65.7 48.1 72.7 22.7 73.0

£S5 TEREBESEFARKREILIEER

Table 5 The comparative experimental results of different models in blood cell data set

mAP FasterRCNN Ssd 27 Fcos Foveabox Deconv! 2! RetinaNet ~ Our+RetinaNet Yolov3 Our+Yolov3
Clean image 74.6 66.5 64.6 79.8 71.4 74.7 80.5 64.9 75.3
Noisy image 55.7 49.4 38.5 68.1 45.9 38.4 89.3 15.8 73.3




PSR4 (AR 55 44 5 4 (2021 4F)

6 i

ASCHR T T HR 22 A5 M I BT R AR B BORSEHR | LR B 3 A A 0 83 E H A 19 B JE S RE A TOU 451 2K oK
B 5B DR ESEIBUSTHR S | 7R R 75 PR3 v 00 288 1) AGr DA B2 A L A A% e AU S AS e . A6 (B8 H AR
i SR BTEAHE & 10U 451 5% sREOT DL S A5 R R 8. A SN D B 7 T 55 I 8530 4 R il 4 P i3l 4 |
PEATIAIE. SR AETA BEHLME RS | BT E S IBUST T T LAY B 00 2% CRApHS B AT E | HILTE TR
AR BERSAIC. S8 B R B ARIEARER S BRDE | 78 H A R LR i B At i FZ AL KHR
G K AN 53288 DA KB 30E [RE B9 A SAS I # mT LA . 7 P05t 4R 1R IR A HE J2 TOU 52k
PRI, B RDKE BEAR A T . UL B3 EE T Yolov3 I RetinaNet #3A B AU, [BIRHZ 7% 34 R BR T
Yolov3 F1 RetinaNet , AJ FH L Ath 4G 452 74

[ S5 30K ]

[1] ZHAO X,SATOH Y,TAKAUJI H,et al. Robust adapted object detection under complex environment[ C]//2011 8th IEEE
International Conference on Advanced Video and Signal Based Surveillance. Woshington DC:IEEE,2011:261-266.

[2] REDMON J,FARHADI A. Yolov3:an incremental improvement| C ]//Computer Vision and Pattern Recognition. Guangzhou,
2018.

[3] SUHAIL A,JAYABALAN M, THIRUCHELVAM V. Convolutional neural network based object detection;a review[ J]. Journal
of critical reviews,2020,7(11) ;2020.

[4] REN S,HE K,GIRSHICK R, et al. Faster R-CNN ;towards real-time object detection with region proposal networks[ J ]. IEEE
transactions on pattern analysis & machine intelligence,2017,39(6) :1137-1149.

[5] ks, B, sk, %5, BT Faster-RCNN AYREIEEG CHURR NG [ T]. B AU =4 ( FARRRAIR) ,2018,41(4)
79-86.

[6] HE K,GKIOXARI G,DOLLAR P,et al. Mask R-CNN[ J]. IEEE transactions on pattern analysis & machine intelligence,
2017,38(5) :2961-2969.

[7] TIAN Z,SHEN C,CHEN H,et al. FCOS:fully convolutional one-stage object detection| C]//2019 IEEE/CVF International
Conference on Computer Vision. Seanl, Korea:IEEE,2020.

[8] LAW H,DENG J. CornerNet :detecting objects as paired keypoints[ J]. International journal of computer vision,2018,31(10) ;
734-750.

[9] REDMON J,FARHADI A. YOLO9000:better, faster, stronger[ J . IEEE conference on computer vision and pattern recogni-
tion,2017;6517-6525.

[10] ZHAO Z Q,ZHENG P,XU S, et al. Object detection with deep learning:a review[ J ]. IEEE transactions on neural networks
and learning systems,2019,30( 11) ;3212-3232.

[11] WONG J A,HARTIGANM A. Algorithm AS 136:a K-means clustering algorithm[ J]. Journal of the royal statistical society,
1979,28( 1) :100-108.

[12] JIAN M,WANG J,YU H,et al. Visual saliency detection by integrating spatial position prior of object with background cues[ J].
Expert systems with applications,2020,168(11) ;1142-1153.

[13] HRE. BT B E S AR w5 R 7 i 5e [ D). Kb Wir K %,2019.

[14] ZHAO M,CHE X,LIU H,et al. Medical prior knowledge guided automatic detection of coronary arteries calcified plaque with
cardiac CT[J]. Electronics,2020,9(12) :2122-2134.

[15] ZHAO H,ZHANG Z. Improving neural network detection accuracy of electric power bushings in infrared images by hough
transform[ J]. Sensors,2020,20(10) :2931-2941.

[16] BALLARD D H. Generalizing the hough transform to detect arbitrary shapes[ J ]. Pattern recognition, 1981,13(2) :111-122.

[17] BRES 2T B0, 55, 454 KL BUERTEARZIRNY Faster R-CNN JUEL 4 BRI )y [ ], o AR, 2020,46(9)
3018-3026.

[18] REZATOFIGHI H,TSOI N, GWAK J Y, et al. Generalized intersection over union;a metric and a loss for bounding box
regression[ C]//2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition. Xi’an:IEEE,2019.

[19] ZHENG Z,WANG P,LIU W,et al. Distance-IoU loss; faster and better learning for bounding box regression| C]//AAAI



SN AL, AF . — P B DU PERERY P F ARSI &5

Conference on Artificial Intelligence. New York,2020.

HE K M,ZHANG X,REN S, et al. Deep residual learning for image recognition[ C ]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas, America:2016.

ZHANG K,ZUO W,CHEN Y et al. Beyond a gaussian denoiser; residual learning of deep CNN for image denoising[ J ]. IEEE
transactions on image processing,2016,26(7) :3142-3155.

WANG J Q,CHEN K,YANG S, et al. Region proposal by guided anchoring[ C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Xi’an,2019.

ZHANG S,CHI C,YAO Y, et al. Bridging the gap between anchor-based and anchor-free detection via adaptive training sample
selection[ C]//2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition. Seattle, America:IEEE,2020.
KONG T,SUN F,LIU H,et al. FoveaBox ; beyound anchor-based object detection[ J ]. IEEE transactions on image processing,
2020,29.7389-7398.

PANG J,CHEN K,SHI J,et al. Libra R-CNN; towards balanced learning for object detection[ C]//Conference on Computer
Vision and Pattrn Recognition. Seattle , America,2020.

LIN T Y,GOYAL P,GIRSHICK R, et al. Focal loss for dense object detection[ J]. IEEE transactions on pattern analysis &
machine intelligence ,2020,42(2) :318-327.

LIU W,ANGUELOV D,ERHAN D, et al. SSD;single shot multibox detector| C]//European Conference on Computer Vision.
Amsterdam Netherlands,2016.

FERGUS R,TAYLOR G W,ZEILER M D. Adaptive deconvolutional networks for mid and high level feature learning[ C ]//

International Conference on Computer Vision. Shenzhen:IEEE Computer Society,2011.

[ =R fhIAHT]



