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Fig. 2 Sandglass bottleneck module structure
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Fig. 5 Schematic of pruning process
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Table 2 Performance comparison between

different activation functions

FEIEAR R ReLU SiLU ELiSH AP/ %

v v 86. 13

v v 87.09

v v 87. 67
*F3 HREIE

Table 3 Ablation experiment

FEUYEREAY DWS-Sandglass  SimAM ~ ELiSH Param/MB  AP/%
v 45.21 87.09
v v 43.37 86. 56
v 43, 64 87.43
v v v v 44.32 88. 04

18 3 AE LA AL AR I DWS-Sandglass #EHe 45
FRUPRFEURURS DDA i 405 52 B 1 /0N T e, G ) e g 7
B THRTFAEEMA SImAM VR e 160K B 15
4 A S HGE RN T 0. 27 MB. kLT
PRIESS , SEIR T 88. 04% I e FEAS RS B2 25 I, AHEL
FRERAR it 5 0 5 B AR S 5
o PRSI R

e J , 0 3 AR Y B A X i AR AU R AT 4. A A
RUBTEG R BT RCR R N EHENE S, B e
TR EBTERAD R B S 1], 5 ) B AR T D I 3
Y/ VBRI A/ INFIR o B (H ] RE 2 8 Rk
R DRI, N T RS BT AR R AR BE 1 5 ) | AR S
R T IR N 50% 60% . 70% 80% 1, T By 2
BORORS BE B B RN GOR ARSI 25 2R AN 3R 4 PIr7R . SE 5K
PEF I W5 15 BY LU g 3m, AR S EU R & B
WD B mAP WA AR R 7E GO S RS e
— R L IFE LA BRI AT, AR SCR 2RI BT BCR
BERE N 60%. 25t T A Ab B | A5 14 R R ik 2 0k /L |
H TR SR mE RS U R T F.

® 4 EIRCANROA X RE R RN

Table 4 Impact of pruning and fine-tuning on model performance
AP/%
BIRR/ % Param/MB — —
A R (DeCE
50 36.21 82.77 87.43
60 27.59 78.21 86. 94
70 14.37 66. 75 80. 31
80 9. 80 62.12 74.36

217

2.4 XfEbECIE

g Y AN R 37 R B K T8 A R ) 4 1 TR
JERTERE , T T WA R R B A58 1Y ) RIAS Sy
- AR SO ¥E-S. N 1 R PR 7 38047 78 51 PPA
B UE ) i R B B A iR I RE ) PR O S
U4 T = I O A AE A 0 B3 R AT T X b S 8 40 A, R
A 3 = E AL FE CornerNet , CenterNet , VarifocalNet
GOk, LA R R 5 PR AR, 5 AL E
SRR B ARSI B3 10 A0 b, A SOy B 7E AR A fA ]
Ao N 38 Ry T A B R A T B R R B
o VR 2 TSI R A 1) 5K

£5 FEERBRGNE LT HRSC2016
HiR& LRRELLR
Table 5 Performance comparison between different remote

sensing object detection algorithms on HRSC2016 dataset

; N Param/ FPS/

RN FEFM% AP/ % MB  (frame-s)
CornerNet'2!!  Hourglass-104  60.71 150. 95 1.9
CenterNet! 2! ResNet-18 75.25 16.38 46.6
YOLOX-L!?!  CSPDarkNet 87.09 45.21 27.8
VarifocalNet ' ResNet-50 85. 04 32.67 20. 8
BBAVectors' > ResNet-50 86. 19 53.43 15.8
SASM (2] ResNet-50 80. 40 33.76 20.0
FCOSH? ResNet-50 78.06 41.08 25.7
ARICH L CSPDarkNet 86. 94 27.59 35. 4
ARICHHE-S  CSPDarkNet 82.74 15.24 48.5

Ryt — 0 U AR SC i B 55 i A A8OPE R R L
Ji i Param Fl FPS RYEHEAT T H MRS, 101E 6
J7R. T AW AR SO k-S SE T REAIR AR A 7Y
SR N BRI 3 . L CornerNet i FH Y 3
T 4% A Hourglass-104 , eS8 K, f“H 0 T
W28 P ARG 33 B 5 CenterNet SRR TE CornerNet H1ES NI
T AT R R AT T A R A U A ARE AR SR T
HET M2 d FH RestNet-18 , FRAE$2HUHE J1 AN | K
M35 SRt AN BRA . VarifocalNet . BBAVectors . SASM Fl
FCOS 4 A5 3 ¥ fifi ] ResNet-50 75 4 3£ M 45, B
157 AN 0 e 0 R B IR IR B AR O RROR
YOLOx-L AR HUS T fe Hfe i A A B {H A ) 3 J3z
AR, BRI AR L 36 45. 21 MB; AU 5L 19°F
YIXG RS YOLOx-L A, AR AG I 2k B2 bt 2 A
TS BRI FRAR T 39% ; A SCH:-S BRI
F B IR HA 82. 74% (HIEAT] ISl ik 5
A 174 7 e G 0. L AR TR A B Tk 28] g /MR i
% v B8, Ao B e e, B S S s g .



Sk, A5 TORHE ) b R A 18 B k.

218 ZHANG Yunzuo,et al.Lightweight remote sensing image target detection without anchor frame.
160 |- —— Param —FPS 60
140+ 1s0
120+ .

40 7,
g 100 EE)
£ 80 130 £

3 s

= L 72
60 {20 =
40+
20l 110

0 1 1 1 1 1 1 1 0
ComerNet?!  CenterNet®  YOLOX-L! VarifocalNet? BBAVectors®! — SASMP! FCOSP7 ARCHP-L A E-S

Ko XfHa i LR R4 53
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Abstract The existing remote sensing image object detection algorithms have been frustrated by large parameter
quantities, slow detection speed and inability to deploy on mobile devices. Here, we propose a lightweight remote
sensing image object detection algorithm without anchor frames. First,a DWS-Sandglass lightweight module is de-
signed to reduce the model volume,and the activation function of the model is improved to ensure detection accura-
cy.Then,a parameter free attention module SimAM is introduced to enable the network to focus on more important
feature information.Finally, the redundant channels of the anchor frame free algorithm are pruned to reduce the num-
ber of model parameters, and the accuracy is improved by fine tuning. The experimental results on HRSC2016
dataset show that compared with current mainstream detection algorithms free of anchor frame, the proposed algo-
rithm has faster detection speed and smaller model size, making it more suitable for deployment on mobile devices
with comparable detection accuracy.

Key words computer applications ;remote sensing target detection ;lightweight; model pruning



