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Dynamic refinement networks for object detection based on shallow
localization

ZHENG Qi-yuan, CHEN Ying'

(Key Laboratory of Advanced Process Control for Light Industry of Ministry of Education, Jiangnan University,
Wuxi 214122, China)

Abstract: In the existing detection framework, the weak classification ability of the shallow layer is the key that restricts
the further improvement of network accuracy. In order to solve the problem, a dynamic refinement detection network based
on shallow positioning information is proposed. Based on single-stage algorithms, the network enhances the features of
the shallow layer by adding multiple connection modules and removes the classification operations of the shallow layer to
retain the location results of the shallow layer to the maximum. The location is used as the default boxes of the deep-level
network. The deep level network is constructed by using a receptive field module with adaptive factors to obtain rich
semantic information for the discrimination and fine-tuning of the regression results from the shallow layer. Finally, the
designed deformable convolution head based on self-attention can automatically calibrate the position by shifting the
detection box, which helps the network obtain accurate detection results. The experimental results on PASCAL VOC and
MS COCO datasets show that the proposed network architecture achieves excellent detection accuracy.
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(area > 962),%F N [IRE 4545~ AP, AP, AP;. 1K
HESZ I HL AOU) AN [T HUE 73 4 34888 AP APsg
AP, M HIAREAETOUAH AL 0.5 ~ 0.95. 0.5, 0.75 F ]
SPIIR IR BE. R4 RER T A SRS 2 3 im
FECOCO M4 BTG 45 .

=4 EHTFMS COCO test-dev BU¥E E ELEL

Tk Ay b LN B M4 AP APsq AP;s AP, AP,, AP,

Faster R-CNN'® 2015  NIPS ~ 600 x 1000 VGG-16 21.9 427 — - — —
OHEM'"”! 2016 CVPR  ~ 600 x 1000 VGG-16 226 425 223 5.0 237 379
OHEM4-+" 2016 CVPR  ~ 600 x 1000 VGG-16 255 459 26.1 7.4 277 403
ION! 2016  Arxiv.  ~ 600 x 1000 VGG-16 236 432 23.6 6.4 24.1 38.3
R-FCN2! 2016  NIPS ~ 600 x 1000 ResNet-101 292 515 — 10.3 324 433
sspt! 2016  ECCV 300 x 300 VGG-16 232 412 234 53 232 396
DSSDP2 2017 Arxiv 321 x 321 ResNet-101 280  46.1 292 7.4 28.1 476
STDN'¥ 2018  CVPR 300 x 300 DenseNet-169 280 456 29.4 7.9 297 45.1
FAENet!?®! 2019 ICIP 300 x 300 VGG-16 283 479 29.7 105 309 419
CADNet!?4 2019  TCSVT 320 x 320 VGG-16 27.8 471 29.0 8.5 301 438
DRNet — - 320 x 320 VGG-16 332 529 356 133 387 492
sspi!! 2016  ECCV 512 x 512 VGG-16 268 465 27.8 9.0 289 419
DSSD!?2! 2017 Arxiv 512 x 512 ResNet-101 332 533 352 130 354 511
STDN 2018  CVPR 512 x 512 DenseNet-169 31.8 510 33.6 144 361 43.4
FAENet!?! 2019 ICIP 512 x 512 VGG-16 31.8 512 335 16,0 358 427
CADNet!*¥ 2019  TCSVT 512 x 512 VGG-16 305 508 32.1 114 350 448
EfficientDet-DO*! 2020  CVPR 512 X 512 EfficientNet 346 530 37.1 124 390 527
YOLOv4! 2020  Arxiv 512 x 512 CSPDarknet53-PANet-SPP~ 36.6  55.5 396 212 411 470
FCOsB! 2019 ICCV  ~ 800 x 1333 ResNet-50-FPN 363  54.8 387 205 398 478
DRNet — - 512 X 512 VGG-16 378 587 406 222 428 496

MR 4 Fh BB W] R0, AE AR D)

FHERNR, BTk

BIARTE T 12.2% F112.8 %. T LLE H, T ¥t W 48 7

HH AR TR 6 B L 28 SSD, AP M JE K 1) 23.2 %0 $2 T &
33.2 %. fE R RN T, AP MK 1) 26.8 %0 2 T+
% 37.8 %. T 7E APso 1 AP75 [ F5 A5 X G A A1 43 9%
RIA Y BIRRTE T 11.7 % F112.2 %o, 15153 HE R RRA 5

e B AEL S (V0K B 0 B R, X B U T 5 N
JZ R ALAE B A B TR T 4 2 AL i AERR M. [RIFE,
H T A5 BTN, IZELE FR /N B FR RS FE 32 Tt
E R AR HR AR RO T 23 3R T T 15.5 % £18.0 %,
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o HERSRA TR 3 AR TE T 13.9 % F113.2 %, X 5 A
SCIIENHLARFF. BT 3 H 10 S0 AN AE SSD e HL AR 44
AR T S A RS B, A T R Y SOTA 32, 4
EfficientDet. YOLOv4., FCOS 5. HH{E AP5, 85 L
BHERIEST, R =3 73 4 T+ T 5.7 % 3.2 % Al
3.9 %, BAEH /N HARRE B2 BIE 3 T R A1 42.8 %
F122.2 %.
2.6 HIMEERATMALTH

Bl o EoR T 32k W 4% SSD 5 AR ST W 4% 7
PASCAL VOC F1MS COCO % 4% & b 1 6 I A4 5t
ROCRXT L. BEH I 55 14T 9 SSD I A LA 45 5, o
(AT 9 5 BT YOLOv4 Bk il #8551, i Jg — 17
4 DRNet f o] MLAL 25 3, 20 HE il k6 H Ax. B 9(a)
FTEI9(b) 25 1 41 B W] LU H, A SCEVE LD Rl 1
AL ) KM AT NS/ HBR, YOLOV4 XTI Ak 1
AT N A A, 17 SSD TE P 28 B #8741 A A
9(a) FTE9(b) 25 2 41| & W DL HY, XF T~ 52844 1) H A%,
U AR TR AR 4R 2R, SSD AT 2 BAR = AE
T IR, YOLOVA B30 R 12877 A 1 e, T 4R S

e 7"““-‘ .v.
(a3) DRNet 7%
(a) PASCALVOC F#6%k it e

(b3) DRNet #i2
(b) MSCOCO A& Rt b

9 SSDE3E., YOLOv4 &L, DRNet B3k
M EE R AT AL SR % EE

FE R B HOAE 1 &% &R A7, M 9(a) AT 9(b) 25
3N AT LA H, 6 T IR 5 N A Ak B Ax, A S
A RE T Hh AR IR,
3 4 ®»

ARICE XTI H AT IAESE iR 5y 28 5 58 A AT 5%
(0 & P, 32 tH T R TR = A 1 20 25 20 A4 A DU )
5% 12 W 4 2k AR R Tk I SELARL B I 51N VR R HRRAE 1 [B]
VA 45 FEEAT 3 — 0 IR vk DA T X 28 ) /s H b
(IR RE ). [RIB BTk 7 2 0 H 3E B 3 A fl A 1
DL =E & R AE I 3R, (6 N 245 38 B T 4% RS 1) 2 A%
PE. 7E 241 I IR Y £ 4 55 PASCAL VOC FTMS
COCO I [f) Sz 8645 R W, 1% W 28 A1 Lb T Ho A vk AE
REAESS F3RA T 5 A0 5 R 2R
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