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Abstract: In order to solve the problem of multi—scale and poor real-time performance in optical remote
sensing image detection, a remote sensing target detection algorithm based on the adjustable parameter
number and receptive field is proposed, which can not only reach high detection accuracy, but also achieve
real-time performance. Based on the faster region—convolution neural network, a receptive field adjustable
module and a channel number adjustable module are designed to improve the accuracy and speed
respectively. At the same time, in order to reduce parameter redundancy, the dimension of the full
connection layer changes dynamically according to the number of target categories. Experimental results on
remote sensing datasets of DIOR, show that the proposed method is higher than all the comparisons with
the highest accuracy, and the detection speed is higher than Faster R-CNN. When our algorithm achieved
highest speed, it can achieve real-time requirement with proper precision.
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PR — B B Bk DA TG 45 1000 H A, 2 5 BRAEURS B A, AR R B & YOLO(You Only Look
Once) R 5" RI Bk Z2 & 46 I 39 (Single Shot MultiBox Detector, SSD)™45 . Wi By BE & ik e 78 EIM% 7=
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1.1 M5
Faster R-CNN"" & 28 B (% 195 By BE B0k, 46 25 K G 5] 1, 3% 55 1208 VG G 16 B 1) A 5 FR AR Sy
TE B H R 285, convh 3y AR AE &, TR AER R 16, X I 1 [ 2% (Region Proposal Network, RPN) X 435 £iF

Feature extraction network (VGG16)

Convl Con Conv5 1 Conv5 2 Conv5 3
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M M M
i 2 4 8!
N
N iad
N IE '
/v Rl 16
............................. N - 5 4 8
proneomenneeed A RPN
v
> ' Rol pooling
Original ; — T Classification
______ an Ac_h(_),r_s..__,_,_.___,.. # network
FC4096
¥ v
Location Class
prediction prediction

{1 Faster R-CNN [ % 45 #
Fig. 1 Faster R-CNN overall framework
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P kAT B AE 20 26 A7 B (8] 0, 45 31 JE% R [X 38 (Region of Interest, Rol) , {ifi il Rol Pooling J2 ¥ Rol 4% 4 4[]
— RF 2 JE S R g AR A 4 096 2 i HE 2 HEAT R IR IO Ze P 4 & AR Ltk AR 4, RS IR AT I A
HEAEE AT S SR E I

Faster R-CNN 53 SR B A I 75 09 FEAE 3R 35 R 43 25 68 07 (H2 FLARRAE B R R AR AR, R BUNT 16 X
16 {9 /N H ARG BB, L Ah , H o 2 W 2% o 59 T > 4 096 4 3% 32 2 fe 0 42 1 000 28 5 8% A 43 24T 55 i ist i1,
117 32 J% H Ak AT 55 28 5B — M AE 20 25 LT, X U6 BH 223 32 R S BUEAE TUAY , 5 B0 D o B 0 1

Ry 2 BT A A U RICR , AR SO Faster R-CNN #EAT 20, B i 1 — Bl 56 T 2 400i A a2 57 ] 9] 1) 328 Je
H 5 #6535 ( Adjustable Remote Sensing Target Detection Network , ASDN) , [ £ £5 4 W1 & 2 fir 7, 32 28K
A =Wy D FEE TS I G BT T8 32 B T A L (Receptor Field Adjustable Module, RFA) 0% T 4%
TIE 4 HC I 265 119 25 38 3 A AR B Tl I 25 6 0 5 DO vl Ak )22, 3 R R B RVRRAIE 181 23 R R T 2 U H b
GRS 32 5 2) A DX 3 A 180 00 44 0 43 25 ) 4% 22 () 4 o T 38 3 45T P8 A (Channel Number Adjustable Module,
CNA), ] T3l 458 53 26 0 268 i A G0 38 BRI, BRAS AN 1) 2 800 RIS HAT A (] 1 3 B2 FORS J32 5 3) 9 1
4% 4% )2 (Adjust Full Connection layer, AFC) , B A28k 4k B, LI/ DT A S8,

Feature extraction network ’ Previous layer ‘

3x3 Conv, D,

ReLU

3x3 Conv, D,

ReLU
Generate anchors by |__| RPN o *
K-means cluster 3x3 Conv, D,
algorithm y
CNA RelLU
v (b) RFA module
Classification Rol pooling
network AFCI Previous layer, 512
AFC2
Location Class 3x3 Conv, P
prediction || prediction ReL.U
(a) ASDN overall framework (¢) CNA module

B2 ASDN % % H
Fig.2 ASDN overall framework
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W4 DL i — 12 R AR BB B KN, — DL b — 2 S i A B RSz Bl 5 T B R KN SRR (26
BBy K D RRZS R N THEER, S WEET 1L,KERE ZERZN KN,
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AREA KT 1HY 2 L85 2) e A 412 TR0 2% die 28 i HE 1) 5 A0 121 JR5% 52 BB 07 5 SR SIS i AE e R R BE IR 42 1T 5 3) AH 488
A PR 23 AN E B I A, DAL G 2 AN [) 8 U 52 BB R /UM IS 2 U R 28 Rl E e DR RUJBE I, e 4% 2 ) 3 i K48
ZR/PAS
1.3 BEHAFRER

ASDN B85 7 DXl 180100 465 43 258 (9 24 22 Ta) 385 0 1 3 8 50T PR A He, an 5] 2Ce) A — 4> 3X 3B FR, X
RFAIE P18 30 T8 R AT 98 15, 30K 3 4 AR 30 T8 50k JE B BT R S8 P, AT A iR icE  (H A PR IE ASDN 3 Bk
J3E F1 B BE AR T Faster R-CNN 532, 3 18 %] 98 2 8008 5y [l S 132,512 3 18 BT A B a1 —
A ReL U pREL, HI T HE AR B JE 28 1 26 1k g
14 AHeEEER

Faster R-CNN 51k 75 43 JE W 25 Hh i FH T A4S 4 096 &% 2, A B MK S8R 3 T 120M, LT
SRR AR 4 S8R G 1045 F 408 T A B . ASDNBE BB kit T 2EHENEE B 14
R o A HEJE TD, 5 38 T8 BOR] W S E P XL AN

ID,=7X7XP (2)

By 4ERE OD, i HARZE BB N AR R R e 2 A AN
OD, = exp ([log.[ 8 X 8 X(N + 1) ] X 1g2) (3)
5 AN 4 B2 2 L AR T OD, — B r bR 2 900850 IN R 0 A0 RT 98 2 8 PG ) e o e R
OD ;= Max{exp ([log.[4 X 4 X(N +1)]| X 1g2), 4 X P} (4)

2 KIFE

2.1 HIEE

FES T DIOR 846 4 b E A7 32 J8% B ARR I S0 50 . R 4 1 304 2043 8 B AR 28 50, f 48 kil
(airplane) \#L37 (airport) \ Bk (baseball field) | 15 £k 37 (basketball court) #r %% (bridge) . 4H &l (chimney) 7K
WL (dam) | i 23 B IRk 55 X (expressway service area) | 5 #U2A J# I 3% 3 (expressway toll station) | 5 /K K Ik
(golf field) . H 23 (ground track field) .# 1 (harbor) .37 22 #f (overpass) I (ship) & F 37 (stadium) fif 7l
fi# (storage tank) . M k37 (tennis court) | 2K 4 3 (train station) . 7% 4 (vehicle) A X 4% (wind mill) . DIOR %4
£\ Google Earth it 5 1 23 463 5k K&, HA AR R B RS 2879 FE 7 EE , 25 8] 4 BE ARG 2 0.5 m
#1130 m, I A5 BT A BB AR R Y O 800 8 3 X 800 MR, Bl b — 3L & A 192 472 5L i), 25 LB H ke 1.
IZEE 4R G b B bR 800 R S B 22, RUBE AR A0 LK, ELA R TR) AR LR 2 I 2 R B IR0 B LA 3K
RN o A SCI A H A IR (11 725 5K IEI50) A i 42 (11 738 5k 1150 .
2.2 iEMIERR

H A A 0 v it B RS 1 %2 (Precision) A 1138 (Recall) SF3KE BE (AP) L4 257 Y985 B2 (mAP) 5 4] W &z

&1 DIORKIFEE R LA LG
Table 1 Number of instances of each category in DIOR

Category Number Category Number
Airplane 10 104 Ground Track Field 3038
Airport 1327 Harbor 5509
Baseball Field 5817 Overpass 3114
Basketball Court 3225 Ship 62 400
Bridge 3967 Stadium 1268
Chimney 1681 Storage Tank 26 414

Dam 1049 Tennis Court 12 266
Expressway Service Area 2165 Train Station 1011
Expressway Toll Station 1298 Vehicle 40 370
Golf Field 1086 Wind Mill 5363
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Table 2 Confusion matrix
Predict
Actual
Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)
G 1 232 3 7S TN TE AR A v B S TR AR A Y L A5
S TP
Precision = TP - FP (5)
4 1] 28 3 738 L5 TE R AR 4 00 A Afy 1 L 451
TP
Recall = TP I FN (6)

BATMFEA L3t 25, A5 8T — A B A5 B, R IZ A IEREAS B A, R 1 35 — 0 {8 1) B A
T A EAEA 2 R AREAS o AT R AR R, 23 A TR A R I i AR R A A5 B (W] %R B SRS R A (]
DA B 5% G, 43 80ROk 6 Al 225 361 HE PR il 4R 5 Bh 20 M L S 9 KE FE AP B PR i 4k 5 o il LA A 1T AR, AP
MR, B PE RE AT . T mAP J& 22285 AP BB, T £ 0 250 I g PR RE .

WA, I WTE B (Frames Per Second, FPS) FI R PEAf H b A6 0 %) 3 B2, B A R0 P9 ] DL AL BEAG B B30
MO R R ARG ) A PR, 2 i B K T AR T 25 I, AT LA A B i S I PR R
23 SHIEE

i F python /5 8 553 4w #2155, 1 FH Pytorch IR i 2% 2 HE 2245 @ X 2% , ffi FH GeForce RTX 3 080 5 iff
525 o YIZREEHE R SE oy 4 W1 bR 2% 2 F ok 4107 A9 it 8 e I 22 ) e yal — N Bt 9, B R I e 5K
410, 3l 5 5 Momentum % # 4 0.9, i A FHUG R SF 40 A 60015 K X 60018 2, -4 FH B0 4% R 47 RMG b 5ie

AR SCH N B AR 1T K-means B2 I BV R FEECH KEBEE L0, 251, #0149 #238 If 2%
AN 3R, AT LR B8 KA 2] — & %ok )5, 4 A8 et T 22, 1 35 38 51 L3 m e B2 /0N, 2% 1 3] i AE
B o K3 SA As R i B KR 9.

X T DIOR % 4ls 42 A HE RSO [9, 910013, 19,018, 38].[24, 11].[33, 60].[38, 22].[67, 45] .,
[108, 135].[306, 208,

1.0
081

0.6
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041
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K

M3 FHRHFUL-REHKE L

Fig.3 Average IOU - cluster number curve
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Table 3 Comparison of the accuracy and receptive field of the combination of different dilation ratios

Dilation ratios (1, 2,3) (1,2,5) (1, 3,5) (3,5,7)
mAP/% 67.5 67.8 68.1 67.4
Receptive field 188 220 236 332
3 ERE59W
3 FEHR

A SCH L #E DIOR 04 4 & E 47 U1 2, v] 45 21 38 18 500T 98 2 50 P 7% b i A R ASE 8D (1 42 288 57 28 0KG B
(mAP) Fii sk B (FPS) , 4 & 4 ff R, 24 P s /b ik, A 0 RG 0KS B2 o, R 4R v, 24 PO S12 bk LA
T e K FE 0,681, L I B 452 780 4G 0 35 132 ok 20.4 FPS, ZE W 55 F JR 4 Faster RCNN f9 A I 2 & (19.6 FPS) , 45
RIiC o ASDNS12, 24 PUi/IN 2 256 I, & il 3 5y 25.6 FPS, B 280 i S2 i 50K, 2 PAICT 32 I K i &
JETF B, TR AR 1055, DRI P SR AR 32, Iy e B BRE VL ELA B e U 32.3 FPS A2 i ASDN32,

069 ~mar| ¥
0.681 . p—
. 333 333135
0.670 323 a——]
o 067 i
E 286_~27 0,669 1% £
256~ ‘
ie e 0,653
.65 '204// i
ol . , {20
512 128 32 8
P

B4 BEBIREBNEEE PHESX A
Fig.4 Model mAP and FPS vs. P conditions

P 5 A ASDN32 FIEE A ASDNS12 1 4% 2 (11 24985 B2 AP LA B 225 F- B B2 m AP, 5] 6 2 2% 2 k6 il
SR TS R . v LA BIR ASDN32 K DK B2 i IK T ASDNS12, 3 & B T i % S 805 4 |, FRAE A ik
1855 . BRI S A ASDN32 AR ASDN512 78 DIOR $t#iE 45 1394A 4285 AP #E L 0.7, (45 H b
S A /N B AR A L B S A5 R v R IR BRI R R A R 551X, e AP R 0.8 1 = AN 2RI BBk
Wk 37 LA B A @ v A5 RST B AR, Ul B 3 ok 22 RUBE 38 J8% H b 28 30 HH 8 A A A T 1P i

Vehicle

Bridge

Harbor

Dam

Overpass

Train station

Storage tank

Airplane

Expressway toll station
Stadium

Baseball field

‘himney

Expressway service area
Airport

Golf field

Ground track field

Ship

Basketball court
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mAP=0.669

0.4 0.6
(a) AP values of ASDN32

0 0.2 1.0
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joirs 0450 AP=0.681
ridge ; mAP=0.
Ha.rb%)r 0.517
Dam 0.566
Overpass 0.590
Train station 0.610
Storage tank 0.638
Airplane 0.659
Expressway toll station 0.660
Stadium 0.682
Chimney 0.735
Auipmt 0.735
Baseball field 0.737
Expressway service area 0.751
Golf field 0.759
Ship 0.767
Ground track field 0.772
Tennis court 0.817
Basketball court 0.817
Windmill 0.863
0 0.2 0.4 0.6 0.8 1.0
(b) AP values of ASDN512

BW5 7 DIOR %4 & b &9 7 #4
Fig.5 AP values for the DIOR dataset

(c) Baseball field (d) Basketball court

by

(g) Dam (h) Expressway service area
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(i) Expressway toll station (j) Golf field

(q) Tennis court (r) Train station
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(s) Vehicle (t) Wind mill

BW6 HT ASDN® MR, & — %5 % & HH ASDN512, 4 H i ASDN32
Fig.6  Visual detection results of ASDN512.For each category, ASDN512 is shown on the left and ASDN32 on the right
ASDN BEIEAEAR G2 U 11 DL R A0 = A2 1) LA 0K 2 B, 50 — 2 IR D 2 5 S S e O A AL,
Dy Je HE AR TR N O O — B B i T S A R I D R X B U IR D AR A A
2550 BB RSF /N T 8 X 8 A H /N T S Bl 4 o 11 7 AT 22 U 10 LA S 423 = 28 9 PRI &%, v DL
B =S T3 G I A 1] 4 Ky e ARG (ELHG i AR R B R R T S0 A T IR T 5 A L UL AR A i
1 3 B[] AR T RR IR S 3K, A TR VF 22 DR A6, T A4 00 14 PO 32 2 5T S 315 /N i e O ) T G o

1.0 1.0
I \\ i \\\
08} RN 08} <
N
L N L
AY
5 06¢ A\ 5 06t
e 04+t N\ e 04r¢
A L
R
02+t A\ 02t
| = ASDNS512 | = ASDN512
" —=- ASDN32 o . . . 1 --ASDN32 N\ )
0 0.2 04 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
Recall Recall
(a) Bridge (b) Harbor
1.0

0.8 f

0.6 1
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047

027

| == ASDN512
h —- ASDN32 ) ) ) ) ) )
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Recall
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A7 PRE%L

Fig.7 PR curves

S, ASDN B vk X AR ) RS (10 1 4 0 L B 46 O 308 i 9 5 P (6 T L 7 e ROORS B
i b, 5 A R 45 7R
3.2 XFLbREg

AR S B FE DIOR BCHE 5 1 5 243 — 6 5 310 % 1 47 A 020 0 4 X H 52 e, 5 SR A1 4 5, 20 6 3
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®4 DIORHFEBRES
Table 4 Object classes in the DIOR dataset

Cl1 C2 C3 C4 C5 C6 C7 C8 C9 C10
) ) Baseball ) i Expressway  Expressway  Golf
Airplane  Airport i Basketball court  Bridge Chimney Dam . i i

field service area toll station field
C11 C12 C13 Cl4 C15 C16 C17 C18 C19 C20
Ground ) ) Storage Tennis ) ) ) Wind

i Harbor Overpass Ship Stadium Train station Vehicle .
track field tank court mill

K5 AEEE7EDIOR HIEE Hi6 N5 Xt

Table 5 Comparison of detection accuracy of different algorithms on DIOR

Model  *RICNN! Fatcrill] *Fatch?i]N+ CBD-E'® ASDN512 *YOL—()’ +3SD!Y *(7or?crth *Rcti?anct ASDN32

RCNN' FPN™ (Ours) Vs ] ) (Ours)

Backbone  VGG16 VGG16 Resiet Reshet VGG16 Darknet VGG16 Hourglass™  ResNet VGG16

101 101 53 104 101

Cl1 39.1 61.5 54 54.2 65.9 72.2 59.5 58.8 60.2 63.9
C2 61 72.5 74.5 77 73.5 29.2 72.7 84.2 72 73.8
C3 60.1 68.3 63.3 71.5 73.7 74 72.4 72 70.6 71.8
C4 66.3 81.9 80.7 87.1 81.7 78.6 75.7 80.8 80.5 81
C5 25.3 45.1 44.8 44.6 48 31.2 29.7 46.4 43.6 46.3
C6 63.3 73.1 72.5 75.4 73.5 69.7 65.8 75.3 72.3 734
Cc7 41.1 57.6 60 63.5 56.6 26.9 56.6 64.3 61.4 56.3
Cc8 51.7 70.8 75.6 76.2 75.1 48.6 63.5 81.6 72.1 73.4
C9 36.6 63.9 62.3 65.3 66 54.4 53.1 76.3 66.7 66.2
C10 55.9 74.6 76 79.3 75.9 31.1 65.3 79.5 72 74.7
Cl1 58.9 79.8 76.8 79.5 77.2 61.1 68.6 79.5 73.4 75.2
Cl2 43.5 43.5 46.4 47.5 51.7 44.9 49.4 26.1 45.3 51.1
C13 39 59 57.2 59.3 59 49.7 48.1 60.6 56.9 58.4
Cl4 9.1 47.6 71.8 69.1 76.7 87.4 59.2 37.6 71.7 76.2
C15 61.1 67.9 68.3 69.7 68.2 70.6 61 70.7 70.4 67.4
C16 19.1 424 53.8 64.3 63.8 68.7 46.6 45.2 62 60.2
C17 63.5 81.1 81.1 84.5 81.7 87.3 76.3 84 80.9 81.4
C18 46.1 53.5 59.5 59.4 61 29.4 55.1 57.1 57 58.7
C19 11.4 34 43.1 4.7 45.8 48.3 27.4 43 47.2 45.8
€20 31.5 83.3 81.2 83.1 86.3 78.7 65.7 75.9 84.5 83.1
mAP/% 44.2 63.1 65.1 67.8 68.1 57.1 58.6 64.9 66.1 66.9

33 HELKI

AR R (K) B BRu A2 (=) il SZ B mT A B REA () 8 38 18 50T PR A B CNA Gl i 250
g P)FI4s i 3 2 AT AFC(C) BIRUR 73 WI7E DIOR B0di 48 FyEA7 1M Al sz 6, % e g SR an 6.

M F 6 0] LU, Faster RCNNHEZL A ] CNA BIH 5 36l /IN 2 500 P AT A B0 50K 00 380 B 384 o, R R A1
WD RIS R L DA 658 AT RIS DO AT B T, AFC B AT LU 45 TUAR S50, dE— b b B S B0,
XS R R G 0 R 5 45 /1N . Faster RCNN AE 22 58 288 o 75 HE 2R A BB HE )5 L RS E 4R T T 5.4 4
T A3 A KR R A R 2 A A G e AR E bR R AR AL R A R A . AR 6 5SS NAT RIS AT B AT A,
I 55 D gt Ak J2 R0 U 2 BT R R R e 2 e 4 R R R BRI B A A G xE T 2 KRB H bR AR AR AT T 4T Y
. MR 6HJEMAT Al A, £ ASDNS12 A5 A 75 &5 I 3 B LY Faster RCNN 8 26 g o4 09 1% 00 T kG B2 42 7t
T 8.6 A A, KB B N K IS 0 55 %, ASDN32 K B 7E 35 B 52 I RG BE 32.3 FPS I, 5 B 4TS e
Faster RCNN & 7.4 4N 43 51, S50/ AU G419 16 96, TE B T 85 455 B i A7 240
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Table 6 Ablation experiments

Model K DP RFA CNA AFC mAP % FPS Parameters
Faster RCNN X X X X X 59.5 19.6 136.85M
FRCNN32 X X X N/ X 58.8 34.4 40.76M
FRCNN512 X X X N/ X 59.4 19.2 139.31M
FRCNN512C X X X NG N 59.5 22.2 75.13M
FRCNN K NG X X X X 64.9 19.6 136.85M
FRCNN K— NG NG X X X 67.5 18.8 136.85M
FRCNNK —+ NG NG J X X 68.1 18.1 136.85M
ASDN32 NG NG NG NG N/ 66.9 32.3 21.44M
ASDN512 NG NG N NG N 68.1 20.4 75.13M
4 %Kit

A SCLA Faster RCNN 8 O SE 4l , B0 18 S 115 2 ROBE [T 7 ASDN B3, e it 1 Jg 52 B T i) 46

B 3 8 BRT PR IR R A R, DL R R AR R RIS B Y R TR oK . AN SO EEAE DIOR 38 BEUE 5
PEAT T 925, 45 R, ASDNS12 B A HLAT 5 g 5 3, HL s T 0 A X He B3k A O 34 B2 | Faster R-CNN I
5, ASDN32 #5 AU HL A7 f5e 1o 1 BE T f S I oK RS B8 BB ok — o B 1 T RRR 0 R I B
e
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