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Abstract For the applications of efficient high-precision object detection in optical remote sensing (RS) images, this
paper focuses on the difficulty of improving the detection accuracy of the SSD (single shot multibox detector) model
on small and densely distributed objects in such images. An improved model FFC-SSD (multi-scale feature fusion &
clustering SSD) is thereby proposed. For this purpose, a bounding-box group clustering (BGC) module is designed.
Group clustering is implemented to obtain default object frame parameters that are more consistent with the size
distribution of object samples and gives more attention to small objects. This module effectively improves the
network’s ability to extract object locations. Then, an efficient de-pooling multi-scale feature fusion ( MSFF)
module is designed to enhance the ability of the model to extract object features and effectively reduce the efficiency
loss of the model at the same time. The experimental results demonstrate the effectiveness and applicability of the
FFC-SSD model for object detection in optical remote sensing images. The proposed model achieves a favorable
balance between precision and efficiency and has high detection accuracy on small objects.
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Table 1  Grouping description of target categories in DOTA datasets
Group Object category Sample number per category
To Small vehicle (SV) >100000
T1 Large vehicle (LV), ship 20000~40000
T2 Plane, storage tank (ST), harbor 5000~10000
T3 Bridge, tennis court (TC), swimming pool (SP) 2000~5000
Roundabout (RA) , soccer field(SF), ground field track (GFT),
T4 <2000

Baseball diamond (BD), basketball court (BC), helicopter (HC)
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with number of clusters k
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Table 2 Default target box size on each fusion feature map

Feature map size /

n Layer Size of default box w X h /(pixel X pixel)
(pixel X pixel)
1 Conv4_3 256 X256 5X10,10X6,12X21,20X11,14X13,22X20,18X27,36X17
2 Conv5_3 128X128 27X39,75X45,48X29,42X69,40X39,84X23,24X66
3 FC7 64 X 64 72X80,92X89,56X72,48X91,105X60,73X100
4 Conv8_2 32X32 149X96,159X152,40X133,130X 120
5 Conv9_2 16 X16 167 X201,97X187,59 X210
6 Conv10_2 8§ X8 246 X248
7 Convll_2 4X4 290 X323
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Table 3 Comparsion of average coverage for each category in DOTA of default object frame parameters set by two methods

%
Object category SV LV Ship Plane ST Harbor Bridge TC
SSD 35.65 66.11 66.29 80.12 54, 04 76.20 59. 25 77.27
BGC 80. 99 78.09 80. 10 87.24 87.31 78.77 80. 21 86. 94
Object category RA SF HP GFT BD SP BC
SSD 77. 36 67.46 66. 84 78.96 85.21 73.63 77.70
BGC 88. 87 79. 46 79. 20 80. 51 88. 06 84. 56 82. 48
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Fig. 6 Output feature maps of MSFF_D and MSFF_U modules. (a) Original images; (b) output feature maps of
MSFF_D module; (c) output feature maps of MSFF_U module
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MSFF_D &3, B 22 RUBEFRRAE Rl -Gk AL 58 e B R 1
SR AE , FLRG RS JiE £ T W& IR T FFC-SSD., {H J 45 FR 1
Tt AR AR T R R, X BIE T FFC
SSD 1) 22 RUEE FFAE il & P RE A 34

F 4 BAHXT DOTA Eo¥a 4 i B Ar K I 00k B 2 38 5 1 5% il

Table 4

Influence of each module on mAP and FPS of object detection

Experiment No. Model Aps /% APless /% mAP /% FPS
1 SSD 33.5 52.5 55.9 26
2 SSD+ MSFF_U 44,3 63.5 64. 6 24
3 SSD-+BGC 49.5 62. 4 63.6 16
4 SSD+BGC+ MSFF_U (FFC-SSD) 69. 3 69.9 74.9 15
5 SSD+BGC+ MSFF_D 63.4 64.4 70.0 12

E 8 KLy 1~5 X DOTA #¥i & h a2k A
B R IKS BE X He . NI 8 AT L, FFC-SSD % 4% 2% 51|

B ARG T K B 48 SSD MR FH i 3,
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Fig. 8 Average precision (AP) for each category in DOTA testing dataset for each experiment

DL R O 18 B R 45 25 E bR I R
fE 1k BGC #1 MSFF_U W ) Ak A% B 45 5] 184 58
FFC_SSD Tl /N AR 1Y [|] 1 55 /0y B A5 B o A
SRR oRUIE R C R R b
3.3 EERIERERT LRI

% 5 & FFC-SSD 5 A H 45 £ I #5 #Y 78
DOTA ¥4 0t BEXT e, 2 'h FRCNN(Faster R-
CNN) .DSSD(Deconvolutional SSD) ,FMSSD X Jif
EE 51 B SCEkC15,20],

25 H L B B A FRCNN Ay FPS 80 1%, H
F TS FH I 45 d oK 2 iR AT 000 L & A R E AR
2 RUBEHRRAE L /N B bR 47 AE 75 9 26 PR 2 455 o XE LA G
W, FRCNN Xf /N B A5 & 22 B9 280500 ONRL 440 R
TR E L U K b R R A B 4 I

MR B YOLOv3 F1 DSSD #B 48 ] T 2 R 4%
fIE Rl SR . mAP A — 7 $2& T, (H A B8 1 5 T
F AR BG83 R 1) B bR 43 A6 R AE 2R AT
AL, X DOTA Bl 4 45 25 51 B A i 6 0KS 2 25 5=
R bRt 2 stdAP {5 » X b 2% 12 B R 2 28001
I A 00 ) 3 7 R 8 8 A AR 5 T A B Y 52 2
JE % FMSSD Hil FFC-SSD B &5, i 46 I 4% %% fig
ik, DSSD ) FPS #£ 2 /N T 10, FMSSD #l1 FFC-
SSD #REF X i B AR B br s W AT 55 247 1 ik, 43
BT T MSFF A8, 3018 T 3/ mAP(C>70%) .
AL stdAP AL 15 19 FPS, 545 b S B T RS )
SRR, B2, FMSSD % A X ik 855
N HFRHES B0, /N B br 007 B 25 1R 2 R AE 17 42
By e 7 M I T FFC-SSD ., H i1 T FFC-SSD Ay

5 FFC-SSD 5 H At it ARG DOTA fhs 4 i 46 0 1 g
Table 5 Detection performance of FFC-SSD and other models on DOTA dataset %
Model SSD- YOLOv3" FRCNNM*  DSSD**  FMSSD'™  FFC-SSD
Plane 84.2 91.0 80. 3 91.1 89.1 88.4
Small vehicle 39.9 40.3 53.6 79.0 69.2 82.5
Large vehicle 55.9 76.9 52.5 77.2 73.6 76.4
Roundabout 52.6 58.5 49.8 72.6 67.5 74.1
Bridge 25.7 50.0 32.9 54.6 48.2 51.0
Soccer field 56.7 18.0 57.0 38.0 52.7 62.0
Helicopter 33.0 85.2 41.9 28.9 60. 2 54.3
AP Ground field track 54.8 30.2 68. 1 66. 4 68.0 74.7
Baseball diamond 72.7 68. 3 77.6 71.8 81.5 78.3
Storage tank 61.7 82.1 59.6 69.7 73.3 87.2
Tennis court 80. 4 92.0 90. 4 87.6 90.7 90. 6
Swimming pool 62.0 80. 2 56.5 59.4 80.6 73.0
Ship 65.9 89.2 50.0 87.5 76.9 87.4
Harbor 48. 4 69. 3 61.7 75. 4 72.4 67.2
Basketball court 45.3 62.4 75.1 52.1 82.7 76. 2
mAP 55. 9 66. 2 60. 6 67.4 72.4 74.9
stdAP 15.8 22.2 14.9 17.4 11.7 11.6
FPS 26 13 7 9 16 15

1210002-8



HRIeT FE 4% F128/2022F 6 B/RFEFR

MSFF_U 8 it 1y 7 x5 % 40/ A X 4> VHR-10 £l 45, 45 im0 15 80 i & WK 2 38 = 1
E 11 . FFC-SSD %F DOTA # 4 4 /N H 45 5 1 80% . HH T X i & R B AR R AR HEAT TR X PR
T AR A A /N G A R R A TR JE 1k .FMSSD Il FFC-SSD Y mAP #4kF 90% . b H
FMSSD 5 &5, %5 /N H b5 J& 22 59 28 51 OB 4245 L K b 3E B R4 T B O 2. Horh ,FFC-SSD ) BGC
YA AR HE O DK D B AU B A AR BEERERA AR AE 1Y S S S R AR HARREAR 1Y
K. FFC-SSD 5 i M fife Ul 7 /1N B A & 0 KS ROBE 43 A o R 324, 0 B 5 B R BCHE o . Xt
A TR) T, LR AE T 4 w8 A I 003 % s o 32 Jak ] MSFF_U # 8 (9 57 1 il 5 5 $2 B A7 1 3 o,
G i 22850 B AR AN SE BAR ARG s HAR Y mAP T4 FMSSD B K L stdAP 5 /)y, K6 il 24 2R
A3 M iR/SoN

# 6 F T FFC-SSD 5 i 7 g1 78 ¥ NWPU Db S 56 DAL B R R A X B Y R B IR T
VHR-10 4 5 0 HEREXT [, &t FRCNNLFMSSD  FFC-SSD *f Y627 1% B 1% B b5 46 I AT 55 14 3 e
BAEsl A cEk[15]. X F LR HER A E N I Wl oR T A R E BOA B ARE 2 8O0 T4 I+ SSD
83%0)  RUBE 25 5 B8 /N K I ME B B AR A NWPU  BURDRS B d 2,

# 6 FFC-SSD 5 HAfth # R BE R X+ NWPU VHR-10 B¥5 4 9 460 7% 8

Table 6 Detection performance of FFC-SSD and other models on NWPU VHR-10 dataset %
Model SSD YOLOv3™ FRCNN-“"  FMSSD'""  FFC-SSD
Plane 98.2 95.6 94. 6 99.7 99.7
Ship 83.9 88.6 82.3 89.9 96.3
Storage tank 75.9 77.9 65.3 90.3 88.1
Baseball diamond 90. 2 91.7 95.5 98.2 99. 4
Tennis court 85.6 89.1 81.9 86.0 90.3
AP Basketball court 79.6 89. 8 89.7 96. 8 99. 4
Ground track field 92.2 84.8 92.4 99.6 99.9
Harbor 77.1 81.2 72.4 75.6 96. 1
Bridge 67.8 70.8 57.5 80.1 98.5
Vehicle 75.6 87.8 77.8 88.2 89.0
mAP 82.6 85.7 80.9 90. 4 95.7
stdAP 8.70 6.92 12.19 7.89 4.49
3.4 BHHARNENABAHRER M 7 Hral WL, FFC-SSD 7£ 3 %4l 48 Y

9 24 SSD 5 FFC-SSD %f DOTA 4z 4 46 mAP BT 60% .4 SSD ¥4 B ERTF, X3k
W25 JE 0 HO R X . AL 9 Hi i I, FFC-SSD 6 M1 32 7 W L& 3. FFC-SSD B fifi 'K 2% 5 NWPU
N UM E R ANy R R R AR RV AN NS B 7= WAL 2 VHR-10 4l 48 19 I Z5, JFCA IS B2 (76. 5 %0) W42
HERR LA 9 () s 1 R ek 37 . WA T 28 3 I 5 19 SSDLFRCNN #5552 16 4% 5

T DOTA 48 76 H An 200  HEA ¥ H T B R BRI AL RE I — N K,
b RUBE /28 18] 20 A1 45 5 T B A R I e @ B ER ST AR AP BB B br R IE R AE AR 2R M 1 5k
H AR IERIEAC R A SO 7E DOTA B4 48 Bl PEE Can DOTA)YIZA5 2] FFC-SSD, B AT R 4F 19
13 B SSD 5 FFC-SSD # AU B 4 N FH T 0 8 MR 505 1 L BB A2 38 1V IO 2% 3 R R R
NWPU VHR-10,RSOD"™ ,UCAS-AOD"™ J{; %4 1% H AR AT 55
T PRR B 4 LUK SSD FI FFC-SSD 4 )l 2% i

o ‘ - 4 45w

SRS B 0 0 Ry R SR L S5 SR 3R 7 R
7 OREBAIE 3 A6 @ R EHG R T 1 mAP X L TH 0] 125 5 v G O 2 i R L% B B A I v FH
Table 7 mAP of different models on three optical remote B S AR T SSD X B 4 45 AR i /N RSF H bRk
sensing datasets AR AR R T R T R A 4 R 2k
Model NWPU VHR-10 RSOD  UCAS-AOD BGC K45 4 8 %k & KB SR 1 Al & MSFF KHe 1
55D 61.7 151 48.9 MR FEC-SSD, BGC K He i K1 %1 i 2k 34

FFC-SSD 76.5 60. 2 69.6
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9 SSD 5 FFC-SSD B Ay I 25 3%t Lt . (a) (o) SSD; (b) (d) FFC-SSD
Fig. 9 Test results of SSD and FFC-SSD models. (a)(c) SSD; (b)(d) FFC-SSD
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B A Bl 1 5 0 H AR IR B AR AE (O B B SO EH S
1 2 SCRA A B A B HE— 2P s, A A
R AT Pt Ry oA L 3 R B AN H AR L
KA E b R 0 A SR A5 3 2 T

ZA B 45 R R, FFC-SSD #5452 B T4
JE 5 80% 0 S #, AH T IRl 28 SSD Bl i #5 AY, FFC-
SSD Xif B4 v 25 48 4 A 19 /N RSF B Ar HL AT 34 1Y
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