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Abstract Convolutional neural network is widely used in the field of object detection. In this paper, a
novel anchor-free two-stage object detection algorithm is investigated. Region proposals are produced
via corner points extracted based on CornerNet. In order to improve the inception ability to the internal
information of the object, central pooling is introduced in the algorithm to enhance the features of interal
regions for internal feature point detection. A large number of false-positive proposals can be filtered out
by checking whether the internal key points exist in the internal area. The remaining proposals are fed into

a multivariate classifier to obtain the final result. The proposed algorithm has been tested on the data set of
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MS-COCO with an accuracy of 46.7%, which is a competitive result compared to that of the state-of-the-

art object detection methods. The proposed algorithm outperforms CornerNet by 6.2% in accuracy. For the

objects with special (huge, tiny, or large aspect-ratio) shapes, higher accuracy increments can be obtained

which demonstrates the effectiveness of the proposed algorithm.
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Fig. 1 The network architecture of two-stage object detection method based on key point detection
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Fig.4 Schematic diagram of central pooling structure
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Table 1 Inference accuracy of ours and state-of-the-art detectors on the COCO test-2017 set
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T A
f;;f;ﬁfw # ResNet-101 600 362 591 39.0 182 39.0 482
RetinaNet H ResNet-101 800 39.1 59.1 42.3 21.8 42.7 50.2
Cascade R-CNN H ResNet-101 800 42.8 62.1 46.3 23.7 455 55.2
YOLOv42) H CSPDarknet-53 608 435 65.7 473 26.7 46.7 53.3
FCOS W ResNet-101-FPN 800 41.5 60.7 45.0 24.4 448 51.6
CornerNet W Hourglass-104 511 40.5 56.5 43.1 19.4 42.7 53.9
FoveaBox[7) W ResNet-101 800 42.1 61.9 452 24.9 46.8 55.6
CenterNet P Hourglass-104 511 44.9 62.4 48.1 25.6 47.4 57.4
CentripetalNet!?®! bW Hourglass-104 511 46.1 63.1 49.7 253 48.7 59.2
Ours bW Hourglass-104 511 46.7 65.2 51.0 26.5 50.2 60.7
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Table 4 The ablation experiment with the addition of the

branch of the central key point

. AP APsy APs;s AP, AP, AP
. Tk RRERRIUN % ) ) ) . .
PLEL R R (W 5 0 1 T 8 0 1) I, ST HER (0) (40) CF) (4) (%) C6)
. L “ L - = CornerNet Hourglass-52 385 54.1 41.1 17.7 41.1 525
for W 773 L B T AR I T VAR I E AR R . X ComerNett i s
- . " U . NN Skt R Hourglass-52  41.5 59.2 442 235 44.0 56.1
S DR R 2 T A AE A I T R T NN R 2k
=2 ZREMK
Table 2 Multi-scale evaluation
WARER FRAESR I 25 AR AP(%) APs(%) AP75(%) APy(%) APwW(%) AP(%)
Ours Hourglass-52 < L8XJRIE R 45.8 63.9 49.7 27.2 48.1 59.5
Ours Hourglass-104 < L8XJRIE R 49.6 67.4 53.7 31.2 518 62.3

*= 3 ETHEEMTEERN AN FHERERAR)ELE

Table 3 Comparison among the average recall (AR) of anchor-based and anchor-free detection methods

s omomomom o owmowmowmow
Faster R-CNN X-101-64X4d 57.6 73.8 71.5 79.2 86.2 43.8 43.0 343 232
FCOS X-101-64X4d 64.9 82.3 87.9 89.8 95.0 45.5 40.8 34.1 23.4
CornerNet Hourglass-104 66.8 85.8 92.6 95.5 98.5 50.1 48.3 40.4 36.5
Ours Hourglass-104 69.2 88.3 93.6 96.0 99.1 54.4 50.6 46.2 35.4

TE: X A ResNeXt™; AR,,. AR,.. AR« AR, 7JIFERIHFHERBIE (96%, 200°]. (2007, 30071, (3007, 400°] . (4007, =) i [ 73 [ % ;
ARs. v ARg: v AR, v ARy HIFARIIAK G NS 1. 60 1. 7010 81 1 BHIAREIZR
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