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Abstract: In recent years,the object detection in remote sensing imagery has been a hot research spot with the devel-
opment of remote sensing technique. To deal with the complex background in the imagery and the detection model’ s inter-
pretability , we propose a weakly semantic based attention network for interpretable object detection model in remote sensing
imagery. Firstly,a feature pyramid network is devised for the variation of object scales. Next,an angle is added to the regres-
sion to better locate the object. Thirdly, we add a weakly semantic segmentation network to enhance feature and filter the
noisy information in the background. Finally,the model is dissected by the proposed method to get the interpretable semantic
concepts of convolutional kernel. Experiments validated that the model has a good performance in the aspect of suppressing
the background noise and make our model easy to comprehend.

Key words: object detection; remote sensing imagery ; attention network ; weakly semantic; deep learning interpret-
ability
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PR AT 73 B8R
4.4 ERERBRKENEE
4.4.1 b

P AAS SR SRR RIS H RS U A Y 5 A 5 b 28
A A 33325, 3 P42 &5 Faster R-CNN™ R-FCNTY,
YOLOv2'"'  SSD"" 1) % RetinaNet'*'. Faster R-CNN j&
DOTA JE 8 32 4E (1) J& Y 45 7 Faster R-CNN Oriented ™’
(FR-0). YOLO R AT H) 32 T 9 2% Jy DarkNet19, Hox
XF HE B 1Y 3T M 2% 5 A 30— B R ResNet50. 1
DOTA | 254 ER 55 #2600 x 600 E %t L 52 56 5%
TRV ZREE . SEg0 ] LLRE R 540k 15485 (1 mAP L)
S DOTA H1 15 D25 AP (B, e SLgn g R ungk 4 i
NP SRS RN S SRS, BD T S A ER
4 ( Baseball Diamond ) , “ GTF” & H %2 3% ( Ground Track
Field) ,“SV” Ry /N ZE 4 ( Small Vehicle) , “LV” Sk i %l
%245 ( Large Vehicle) , “TC” 2 f £k 3% ( Tennis Court ) ,
“BC” MK ¥kIF ( Basketball Court) ,“ST” 2y i f# ( Storage
Tank ) , “SBF” & J& Bk 3% ( Soccer Ball Field) ,“RA” i Ff
&% ( Roundabout ) , “ SP” > §if% ¥k b ( Swimming Pool ) ,
“HC” A EHTI#HL( Helicopter).

&4 Itk DOTA HiR&EE S —E [ Birtaill OBB L

KR J59%  |mAP(% ) | Plane | BD | Bridge | GTF SV LV Ship TC BC ST SBF RA | Harbor | SP HC
Ssptio] 10.59 [39.83 | 9.09 | 0.64 | 13.18 | 0.26 | 0.39 | L.11 | 16.24 | 27.57 | 9.23 | 27.16 | 9.09 | 3.03 | L.05 1.01
YOLOv2! 21.39 | 39.57 | 20.29 | 36.58 | 23.42 | 8.85 | 2.09 | 4.82 | 44.34 | 38.25 | 34.65 | 16.05 | 37.62 | 47.23 | 25.50 | 7.45
R-FCN™ 26.79 | 37.80 | 38.21 | 3.64 | 37.26 | 6.74 | 2.60 | 5.59 | 22.85 | 46.94 | 66.04 | 33.37 | 47.15 | 10.60 | 26.19 | 17.96
FR-0" 52.93 79.09 | 69.12 | 17.17 | 63.49 | 34.20 | 37.16 | 36.20 | 89,19 | 69.60 | 58.96 | 49.40 | 52.52 | 46.69 | 44.80 | 46.30
FR-H! 36.29 | 47.16 | 61.00 | 9.80 | 51.74 | 14.87 | 12.80 | 6.88 | 56.26 | 59.97 | 57.32 | 47.83 | 48.70 | 8.23 | 37.25 | 23.05
RetinaNet-O 56.43 89.55 | 65.13 | 32.72 | 56.29 | 39.13 | 46.86 | 54.81 | 90.51 | 62.64 | 81.85 | 62.31 | 58.76 | 50.74 | 42.26 | 12.87
IENet ! 57.14 | 80.20 | 64.54 | 39.82 | 32.07 | 49.71 | 65.01 | 52.58 | 81.45 | 44.66 | 78.51 | 46.54 | 56.73 | 64.40 | 64.24 | 36.70
Ours 57.74 | 89.52 | 65.66 | 32.60 | 57.76 | 41.10 | 47.29 | 53.75 | 90.55 | 58.02 | 83.18 | 68.06 | 62.47 | 52.52 | 45.40 | 18.25

SLHRATIR R S AE | AR R bR T Y MY
28I T T8 R R, L n SSD L YOLO , R-FCN
S5 I BB B 48 6 BLEE U0 T B Be M 4%, X 22 R
XL B 190 28 TE I 5 v A DX T 5 B B I 24 SN 52 2 HLAS
FELESE BT SR ) R 3 A &S 200 1) AP (EFRATT &
AL GE M 28 %0 T B bR ROEE RN, L /N A 424
(Small Vehicle,SV) , A6 (14 50 R AR 2% , 33X 2 R oy
B 2 FRIE A B R SR AL/ H AR AR AE , DL Sk 2 2 R
FEFE M. RetinaNet-O ( RetinaNet Oriented ) J& 3 J7E Reti-
naNet HIILA A B2 [l A 1 45 51, |y T2 R 25 460 2% R g rh
BT TR BIAS -5 0] @ 1) J7 125 Focal Loss, i3 &
VORI T BT 1 B8 W 2% . A% SCIY J7 100 1 55 18 LT

BTG 3 3G B 1 SRR ISR T H AR ARAE,
R &2 AP (AR AT — 5 942 T I HAE A I &%
R .

ARBIRITE SR I 4 A5 3 T AR SOR (B A
BT HAl—2e3 T DOTA B 4 i 7 ik AF ek Y
ZEBE. B P A RLR F ) 3 T M 2% 4 ResNet50, 31 H.
ASCBA E HT AU SR B H 5 52 8OR | 2 i
Tk 58 T SCTE ) I 28 R 42 T ko 0 2% 1 R BB S
L, 7€ RetinaNet [ i A VER J1 45 J5 7T DL IS 35 Hb 38 =
BRI B ROR , EPUESC T4 i 7 A A [ S
N T RSERUAGHIN B ¥ 43 45 R

R 25 K] U B0 T %85 2 4140 /Y 4 49, i 20 ]
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D) Ao G 1000 AE 75 380 658 2 P ARG 0 365 2 5 6 F4b F
ZRE SRS O 1E A5 B s, SR AT DL ME R 3 E
B HFRAOLE.
4.4.2 HERSLI®

SR T 4 AR B B A AL, 5255 LA RetinaNet
SFEAE BT 4 FIE B 5518 R R
PEATH Al S 06 PE AL R AR 4 o7 BB AR TR 3 7 ) AL o A
B, K IH T B8 mAP (HUEF7AE BE F 4, IR 98 45
OGP AR 8 HL ) BTRK , T Rl TSI A 25 SR 3k 5 IR,

F5 HmMXR

FEME RetinaNet | $FESFHE | R mAP(% )
2 55.32
vV vV 56.43
vV vV vV 57.74

RFAE 4 2 35 A RUCVE « S50 v R FH 9 R AIE 4 2 35 A5
R 5 L4551 RetinaNet 2R FH (14 4 7 H45 A RS A []. S50
TR P AE 42 738 = 2 A 1R, % HL AT B R A 2
B2 4 I RRAE. B AR Dy i 0 T I 4% 1 R 2%
P (H R R IR IEME B AR 220, 3 Ry ik vT DL BRI 5
Fw B SUE B Gead T bS5 & B AE 4 3 AT L
PLESREAIZ) 1. 1% (1) mAP {H.

TER AL A A RO < R 55 18 ST 7 M 45
B H bR A B, BRI AL H PRRFAE. SEI6 o X AS TR) J2 2%
FRAEFEATORAL , S2I6 25 S UE B 55 15 U ) R 4% a) LA
TR 1. 3% [y mAP {H.

£ RetinaNet JEE 237 i AAR SCHOFFAE 4 35 45
AR 8 0 I 4%, A 35k ) 348 1 G U8R 3 3 3 e 52
BB UE 1 45 A AR e AE AR RS B B A 42 T, DR Ik B
TASCHR 5 A B
4.5 WEBBEUEIERSN
4.5.1 HEEESERNESTHEBRENFTERXT

ARSCH T H AR R AT 45 0 B R0 b g 5 3 4%

ResNet50, 1] ResNet50 11, 7] £ 2 4325 1 55 1) R AiE £ B
PR 28, AT S AN [RAE 55 K 1Y ResNet50 #47 ]
AT L. B X AR AT 45 A4 AIE B2 B0 2% 0 17
PRZ8FHIT , SR S5 % B o 28 0 A 485 R v g AT i e I S
e 3l 2 ) b BRI A 55 R o3 S AT 55 I 4% 5 A i
SAE BT A ] 5 [\, 5250 H B HL ResNet50 27 i B Bt
% )2 (C5_layer2 ) Jyffi|, C5_layer2 Hrd: 512 A~ FHA%.
XA R 28 AT iR 25 S 4N 6 Fir.
F6 NEETMEMRNETMELERTILTER

115527 55 AIfRRE U | BN
Y1254 :TmageNet > ?E ?(1);
AEALSF | HAL:ResNet50 ZK;F 1?
HFUZ . C5_layer2 ;2 200
1= 209
Y1254 : DOTA Z:T P
FAWAES | U ResNetsO ;j‘; 504
HRUZ :CS_layer2 ;ﬁs 2(1)1

S22 AT AR A AT 55 o 3t
A 209 MEBROCE T EER 211 BB
TOHER AR 92 A HAr G F & B i Xt T
BRI T 18 S BRI O 0. 342 AR SCHR M 119 i
PRGN I AR AL, ZE P R TR AU
S BB TR U B MTE 73 248 55
A 21 MEBRRET 7515 109 A& B G HE
TOUHE R 167 A5 USRI TR E B, ARt
25 DRTEM R BOREBE, RIEBTEIE 6 R

AR 0. PRI, 73 FAT 55 BT AE 1% 2 R & i 2
HE B ERUZ. Al LS B A5 Rl an i 6 (151 7

7.

ResNet5c-1410

N ;
‘$ H

Fl6 SR SRR A A5 R T
e LN sl it e o M L SE N PSSRy
RMZE AR o3 2 W 45 3 200 i 4 BUZ PR A P 15
AT SR S AT 70 JAT 55, A 00 A58 28 1 = X 286 i
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SR AL 5 15 UE B & R 2 FRIE (5 B s
AL e RAE S5, w7 2 3 R 28 R U SOk

Layer4-0017 Scence score=0.052

Layer4-0029 Part score=0.022

T 78 AT 55 T B AR N SO B AR, 5256 4518 1
B NFIAAL

Layer4-0031 Texture score=0.257

Layer4-0279 Object score=0.033

-. L

7 KRR 2 S BT S A5 B i s oy T AR 2 R

4.5.2 RNUEBARAERTHEBEESFTERITL

Xf ResNet B4~ C5 Heip i =& RRZE 75250,
SRR T B
R7T ResNet EEMBRI=ZEERENER
ResNet-C5Block JZ %1 A i REE X
Layerl H s M i
Layer2 s g
Layer3 H#r

IR BN Layerl JCVEMIE A5 80 B 541
JiT Layer2 JC{F A SCA & 50 5 803, #8h BEAL & = )
U B OO B R GE SUFE B B 2, BHIE T X B S5 56
Hh 2 T 4 TR BRI 25 R R 45 B SCRNE A BT
2518, Layer3 Hoth H ARG B 15 3822, 150 BF Ao ) 52 784
T2 G 12 B ARTE U5 B

AR SLIGR T HE— B EE T 4.5, 1 45 5255 H 15
251 4h , Layerl 5 Layer3 {E24 ResNet £ f5 By B i 45
FEZHEE T BARmE XE R, B I 2= 3 br ke
DUABE TR fg 3 T D 28 BEER I AR il SR RRIE A 2.
4.5.3 XWHERBESHWN

55451 15 4.5.2 15 iR 0 L S5 DA RO H:
SEIRZER AT AT, TRITAS BRI 28 I 245 [ 2 R AE A5 B
AT R T S AR A AR A 28 I 4% 11 D B A i 22
2511 B2 R AE A7 22 38 1 6 B £ M s B DS oR
Bl Lt iz SR i A S B LS BIRRAE 23 W) )5 A 45 1.

H T N TC 10 08 00 4% 14 AR5 AL e S 245 SR Ak s e B, AT
SR B 2 00 2 TR G L

W 268 AT A9 035 T LRGSR e S A 25 2R (CRAE £
)5 — RPNl g Btk i SOM SR, I Hoal i 3158
ORHRFREE, Sk vl fig Bt LA 4. 5.1 745 5%k L 52 56y 1]
CS5_layer2 i 1o o 265 5l A 53, 7 21 209 A O 5
TSR 211 A EUE U, 38 A HARTE L& M
DA 54 ARG . 1 209 43508 A B P b
HLEE AR 63 N BUZ IR LA R e T 0 # , A Rk

8 IR,
8 C5_layer2 R 63 N ERZM A RITER
- fﬁﬁif%%? WJ%%‘(& U
A BRI
75 12544 8930 0. 21342600
H 57150 13359 0. 05435595
de 1368 705 0. 05603668
et 25088 61765 0. 19802199
B, 829402 79289 0. 01363349

i A B I 63 5 A BURILSN BRIk 25 6. /T
ARG RIS RS A 45 2, R, AR S B | AR
I ] A R SO AL 2 6 4 S A R 63 5 5 BB I 2%
FHAIT P 20 SR 3 W R SR A 22 1 145 SO S 5t

XFEBUZRUL 4. 5. 2 WLH AR A ARG B
FERF 25 (B (38 L2 0 — A~ el P At — 2200 Hr, Ul
Gy Fe bR AL SR AR iR ARSI H AR AT 55 2
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R R 1 AT BT 9 2B A 25 [ BT S, A
RO ARIE B H AT 55 B i 2R £ 8. B0, fife
Ja B C5 _layer2 ¢ iy A {5 5 B 5 21 37 5 RS0 SCHY
RPAIE 25 6] DAL 56 B H PR R IATE 55 i o 4. 5. 1 9 S 2
R T RUA B, XA RME 55 H s, J0 A3 08 B A
{E)5 , AR 45 I A R AR 1 AN TR I AR AR B,
LE AT R F B3R AT 55 AN [) , 365 BRI 2% B BOAY R AIE 1 5L
LR [R] 9.

T AT S ) 4 2R, 2 T iR A AR 2 T 2%
Ak BRALGE 5 B0 05 3, A B B A AR 2 0 45 1 L
PRI Je 2k T A n] DIARSE bR S0 00 45 R K 4518 XA
TIBEAT A , B 3E i 53 AL R AL AR B R E 1T SUE R,
Tsi FFAE SR IR A R

5 #ig

ARSCRE M T — 56T 551 SO i S R R T
fifp e F RGN 503, B 2 e T 5 AR A DN RUE 7
R TR H bs s 18] LA Bk 2 Al fif B 114 ) 7L
CHERAIE 4B 7 3 W 45, B 22 )2 S e Ak 00 AT 22 RO 93
I, ST A PR BE. B Ah, AR SCHR T 551 S
KR T i 5 T SORR 3 H) H AR S SR R L
BB A HRFFAE (3 98 55 0 S Y H R 4 i B R )
FARB U 5 R RCR . D 1 8 4 3 5 SR I AE 5 H
PREGUCTC , 51 A S BE ELAY [ U105 7K P HE BE AT TR A2 46
ok T H bR E 1] SRS 1 ] L. fe 2%, A0 ) 4% i)
Mrdiik, Al 1 R 25 5 BUR B B TR S B F
PEAT TR AT, SRR 5 T B ROk A A ]
W28 F BT S i A B A 2518 1 — 25 R M R A nl ff Bk
AR FF OIS TR SO TE ) R 28 54, B e ARG
HER .
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