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MSDAB-DETR:—# % REERBREMNE X

(F¥HE TR AR B S5 AL TR 245, 1 200093)

W OEhTEABRRTYRARRTEZFKR, BMERE RE B AR6945 & 3FF B X, B g LA 207 5
RE RE B A, R &, 4% Transformer 72 4 2 3 598 £ B4 ot & B B3 L7 R RO #y B AL ; 3 — a9 B
kit oy Rfe &) FH F k&6 2% XRHMR ﬁié‘}iﬂiif]'i,%ﬁ"ﬁﬁ-%éﬁﬁiﬁkﬁﬁﬁ‘?%ﬁ{o PN A
MR — AR T DAB-DETR @ % R E i & B 474 0 % (Multi-scale dynamic anchor boxes
for DETR, MSDAB-DETR), ’é_ﬁ,‘ﬁﬁ—/ﬁkl\,@ﬁ FrA AW S REEE NS E AARE S
PENELLEZRGEF, FAT N EABRG S REATMN ., LR, RAGAEZTH A
Transformer A W 8§ § 2 & AL /7t , R R B HEA M A A E R 2. &G, # A SloU Hi £ F 4
EADFAERAHF K, 5 4 FA Sk LS, 0BT =0 BERGES M, b T KSR, Fit—F
KETARAEN @AM S, FBEREN,ZF # /£ NWPU VHR-10 #= DIOR # 3 4£ L 69 4l 4% Z o
Al &3k 95.3% A2 71.5% ;£ NWPU VHR-10 4 #% & £, (F (K 3 RE B AR89 -F ¥ anl b E 8 T
DAB-DETR#H 5 51429+ 7 10.5% . 1.8% & 2.7 N A &AMV 4 9%,

KEEE . A BEAN;DAB-DETREA ; $ R E & H &b 5302 % 1 Transformer; SToU 4 &
hE4SES. TP391.41 XERFRAERD A

MSDAB-DETR: A Multi-scale Remote Sensing Target Detection Algorithm

LT Ye, ZHOU Shengcui, ZHANG Chi

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: Due to the large differences of target size in remote sensing images and the difficulty in
effectively capturing the effective features of targets at different scales, it is difficult to effectively identify
targets at different scales. And, when dealing with high-resolution images, traditional Transformers may
face the problem of insufficient computational resources. In addition, the combination of a single loss
calculation method and the Hungarian algorithm can increase the fluctuation of cost loss and affect the
convergence speed and accuracy of the algorithm. Therefore, a multi-scale remote sensing target detection
algorithm, named as MSDAB-DETR, is proposed. Firstly, the algorithm creates a new multi-scale
attention fusion module to leverage the differences between different resolution feature information to
achieve multi-scale prediction of remote sensing images. Secondly, an efficient attention mechanism is
adopted to improve the self-attention mechanism in the Transformer model, reducing the memory footprint

of the original model. Finally, the SIoU loss function is used as the bounding box regression loss,
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combined with the Hungarian algorithm, to weaken the fluctuation of binary graph matching, accelerate the
convergence speed, and further improve the regression ability of bounding boxes. Experimental results
show that the detection accuracy of this method on the NWPU VHR-10 and DIOR datasets is as high as
95.3% and 71.5%, respectively. Among them, on the NWPU VHR-10 dataset, the average detection
accuracy for small, medium, and large-scale targets is improved by 10.5%, 1.8%, and 2.7% ,respectively
compared to the DAB-DETR model. At the same time, the memory footprint is reduced by about 9%.

Key words: remote sensing image detection; DAB-DETR model; multi-scale attention fusion; efficient

attention Transformer; SToU loss
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Fig.1 Overall network structure of DAB-DETR
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Fig.3 Multi-scale enhanced attention feature fusion module
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3.2 BHIRE

- Y e b 43 2 G K [P JE R
1 Py Torch FFIRTRRE % 5 iE g sk g g — D% HIRE SRR
AL 1387 Airplane
HA NVIDIA GeForce RTX 3090 GPU 1 24 GB ,
GRS B EEA . mFARUGE Lo Apor
. £ A ke - ek 2 440 Baseball field
_ TERBIAI A =gl i A
PAB DETR PR 22 Sl L I 1] FLXT i A7 9 22 Bk 1369 Basketball court
}J( H:iﬁc &, Jﬂ: /@EJ:H }Jﬁ —LJ” g/ﬁ;? ﬁjﬁ E,:] DAB-DETR *% ﬁ%% 2176 Brldge
R FAN 25 2 Btk A7 GO0 L LA 48 i 1) R 5 58 T 14 854 Chimney
TR S SOR i AdamW 11 25 DAB-DETR, Je i1 986 Dam
E o e S| /ﬂ:ﬁﬂ )fﬁﬂ% B9 4 U 2= > %é} %IJ W E N AR 55 X 1125 Expressway service area
10 °F0 10, A EE = 22 B0 104, batchsize 1% & Wi 2%k 1218 Expressway toll station
N2, W T E LK P & # DAB-DETR Al FIR KRBk 946 Golf course
MSDAB-DETR & Al S 58t , A )1l 2k 69 3% 4T M3 2312 Ground track field
UCHCRE B 50 Ft, HLAB BRI % &k 300 %8 o i 1474 Harbor
3.3 EHIER e 2019 Overpass
RS R R s 3 B o o
B o P R ; .Jb,%«mﬁ kb 1470 Stadium
T W A B RS B (Average precision, AP) Fl 5 1614 Storage tank
; e sty R S A B ) 7
¥4 [l 2 (Average recall, AR) 1 Sy £ I #4: B 19 37 5k 5 9 582 Tennis court
W48 bR o K &5 S50 Uk 328, 43 1) J2 1E i 1 KA 994 Train station
W #Y9 IEAE A (True positive, TP) |, 5 152 70 (9 1E A+ 74 6 420 Vehicle
7K (False positive, FP) L & 5 1% 10 #4 51 FE A R4 1616 Wind mill
(False negative, FN) . #i# it , #5 £ P fil 4 [a] 3¢ R
E XK
b TP
TP + FP (21)
R—_ 1P
TP +FN

AP TN A 1 # R A 5 (B R=0, £/ EA A AT 5] #1285 (B R=1, &7~ i A 1E 4
H A AT 0] ) B A Y BRSPS A A5 3, T v 9 AP B R AR TR A A2 IS ) R T s R
S Z N8R o AEZ I HARKIAT 55 v,y 10003 1) B0 A B 24N AR 4, A BE X BN 200 i AP
TG vk A T S WA Y 1 R ARV RE o PRLCR T THI 2 A 200 AP B F S ER PG BB M g L XS B
JH Y E - Y985 £ (mean Average precision, mAP) /R .
3.4 XPEEXIE

#3411 T MSDAB-DETR 5 H Al H #7 & I £ 5 48 NWPU VHR-10 548 45 kg5 5 . 5
DETR % HAth 2 #8540 1, DAB-DETR I MSDAB-DE TR W 8 i 75 Y1l 25 5 8 58 4 . AR L T L At 485
R, MSDAB-DETR % % 1l 45 0 4 1) H bR A 0 fE , mAP (EL 5] 95.3% , fE T A LA R b i i . 5
Faster R-CNN B # L Jz SSD 8 #1AH [, MSDAB-DETR B mAP 43 B 42 & T 6% F4.4% . 5446 i A
0% G 00 A 3 W TG b 3 VO R R AR A LAy AR 4 G RS AR A T AR T, L rh e e /N AR A
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3 NWPU VHR-10 ##5 & fp 4[5 28 51 B #7894 M 45 B 33 be
Table 3 Comparison of detection accuracy of different categories of targets in NWPU VHR-10 dataset

Bk RetinaNet Faster SSD Fastér RORN YOLOvS TRD DETR DAB-DETR A *
R-CNN with FPN Bk
S
o 300 300 300 300 300 — 300 50 50
KAL 0.895 0.990 0.908 0.993 0.994 0.994 1.000 1.000 1.000
R A 0.682 0.896 0.932 0.827 0.941 0.782 0.926 0.943 0.931
T HE 0.884 0.839 0.949 0.871 0.955 0.844 0.925 0.978 0.980
R 0.959 0.993 0.987 0.979 0.943 0.942 0.965 1.000 1.000
% 3k 0.842 0.892 0.940 0.940 0.937 0.820 0.946 0.902 0.948
HER 0.692 0.809 0.948 0.954 0.855 0.839 1.000 0.993 0.978
H %5 0.938 0.987 0.897 0.938 0.945 0.989 0.982 0.991 0.995
pi3nl 0.856 0.963 0.797 0.978 0.846 0.784 0.646 0.838 0.864
W 32 0.909 0.800 0.925 0.878 0.894 0.569 0.924 0.869 0.988
A 0.581 0.764 0.806 0.771 0.863 0.722 0.867 0.874 0.843
mAP 0.824 0.893 0.909 0.913 0.917 0.829 0.918 0.939 0.953

DA B2 S I A WY S o 4N, A BT SSD Yy KAILE IUOKS B2, MSDAB-DETR4&F 1 9.2% . 5 YOLOvV5
A, MSDAB-DETR 9 mAP A7 3.6 %6 0952 T, B AL A 07 42 22 A1 1 S Al 26 o1 g A 00 A 22 {1 AL 8 A
B s . AT Faster R-.CNN with FPN,MSDAB-DETR i mAP #2517 4% , %F s 11 LA i) HoAth 9 Fif
2 ) B G S R ) 2 B AL O @ 0 ERR . 5 DETR A1 DAB-DETR 4 H , MSDAB-DETR £ mAP 0| 43
ML T 3.5% M 1.4% , Hoh 5 DAB-DETR A L, xF Tl L M Bk A2 3 i 1R HF 32X 28 H bR 43
WIS T 0.2% .4.6% .0.4% .2.6% F111.9% ., MSDAB-DETR 1% 1 5 % F #H [7] Transformer 2 #4 11y
TRD™ SN E , mAP T T 12.4% , I HL7E 42 50 Bk DKS B2 _ 29 e 90 ¢, A B4 T TRD 559 .

BT #E— 5 F MSDAB-DETR (45 20M , 76 DIOR Z048 4 1 5 F Al B A7 R 0482 280 3 47 %of 18,
KW 25 22 4 R, T MSDAB-DETR (9 mAP{E N 71.5% . 75 A L4t  MSDAB-DETR
B Je T R E AR RS U AR L 38 B T B KO . 45 Faster RFCNN B A D) K SSD A5 A A L,
MSDAB-DETR #J mAP 43 5l $& 5 T 17.4 % F112.9% o st T /N8 H Bk i 46 DUORS B2 $2 4 6 B
B 40, 47 Lt T Faster R-CNN [ K ALK MK 2, MSDAB-DETR 27} T 25.1% ., #H% T Faster R-.CNN
with FPN,MSDAB-DETR % mAP £ &5 T 8.4 %0 , X i fr F1is 7k FE LA A1 10 JHE At 18 Fofr 24 J31) 1 4G TG 2 47
KU E S MERE . 5 YOLOV3H It ,MSDAB-DETR ) mAP A5 14.4% A4 TF, B0 A5 Ak b
FVRZE Z A ) HA 2 ] A RS FE M AR A 48 /. 5 DAB-DETR A I ,MSDAB-DETR iy mAP Il 42
15,306, Bk A B RS RS BE WA T b R AR AL S i R R Bk R A B ) . MSDAB-DETR £
HA Bar, U HIE /DR E BHAr B e b o Bl anx CAL B 52 CHS T1 A 0 R 2 5 1 R A B 3 i)
F+T7.6%.8.2% .9.5% .10.8% F18.5% .

F 5N T/ENWPU VHR-10 %048 45 |-, MSDAB-DETR 5 H:Ath H AR k6 I 52 vk 75 40 3 A 7] R H
s Bsf A P BE X G o IR BB M BE B0 S LR AR R AP R AR, X F N b R 3RO B bR, BARSR
AP AP, AP AR AR, FI AR, H /NEFRREE RS /NT 3248 F X324 R W His, b Bir 2GR H
JETE 3218 3 X 32 F 5 96 18 R X 96 &R Z MM H R, 1K T 96 8 3 X 96 4 (19 H AR W gk 8 K H
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%4 DIOREHIEE A EZA HARAIH NS E 3T Lk

Table 4 Comparison of detection accuracy of different categories of targets in DIOR dataset

Bk Faster R-CNN SSD Faster R-CNN with FPN  YOLOv3 DAB-DETR A&
KL 0.536 0.595 0.541 0.722 0.711 0.787
LIk} 0.493 0.727 0.714 0.292 0.859 0.885
Bk 0.788 0.724 0.633 0.740 0.755 0.783
Wk 0.662 0.757 0.810 0.786 0.871 0.887
i 0.280 0.297 0.426 0.312 0.384 0.466
4 12l 0.709 0.658 0.725 0.697 0.808 0.830
K 0.623 0.566 0.575 0.269 0.710 0.755
iz 55 X 0.690 0.635 0.687 0.486 0.771 0.836
Wi B 3k 0.552 0.531 0.621 0.544 0.613 0.696
IR Rk 0.680 0.653 0.731 0.311 0.827 0.815
k&S] 0.569 0.686 0.765 0.611 0.810 0.842
pgn| 0.502 0.494 0.428 0.449 0.395 0.490
STASHE 0.501 0.481 0.560 0.497 0.562 0.610
AR 0.277 0.592 0.718 0.874 0.458 0.566
wE Y 0.730 0.610 0.570 0.706 0.735 0.729
s I 0.398 0.466 0.535 0.687 0.372 0.457
I £k 7 0.752 0.763 0.812 0.873 0.844 0.875
KAk 0.386 0.551 0.530 0.294 0.630 0.698
KR 0.236 0.274 0.431 0.483 0.349 0.434
A 0.454 0.657 0.809 0.787 0.775 0.863
mAP 0.541 0.586 0.631 0.571 0.662 0.715

R5 ARREBHNBEMZEZERL

Table 5 Comparison of precision and recall rate of targets at different scales

GR7S mAP AP, AP, AP, AR, AR, AR,

Faster R-=CNN with FPN 0.913 0.432 0.543 0.573 0.456 0.579 0.621
DETR 0.918 0.406 0.549 0.592 0.438 0.583 0.644
DAB-DETR 0.939 0.485 0.584 0.616 0.487 0.656 0.673
AR 0.953 0.590 0.602 0.643 0.621 0.669 0.715

Fro M SHATLIE I, M T HAb B AR I 8 3%, MSDAB-DETR 7E 45 W PEAf 36 b b ¥ B T 5y
PERE . HAKK UL, 5 Faster R-CNN with FPN A It ,MSDAB-DETR £ AP Fl AR, |3 42+ T 15.8%
F116.5% ;76 AP, FTAR,, E4r B4 F+ T 5.9% 9% ; 75 AP I AR, b 43 il 7+ 17 7% F19.4% . 5 DE-
TRAH ., MSDAB-DETR 7& APl AR, |43 5l $& F+ 1 18.4%6 A1 18.3% s 7E AP, Al AR, F 43427+ T
5.3% F18.6% ;76 AP FI AR, F 43 9l42 T+ 7 5.1% M 7.1% ., 5 DAB-DETR A, MSDAB-DETR7E AP,
AR, FAr 42T T 10.5% F113.4% 575 AP, I AR, F2r B4R T T 1.8% F11.3% ;76 AP, il AR, |43 51
BIT 2.7% M 4.2% ., XS5 B LH] MSDAB-DETR 746 I A [/ KR B 7 i i B0 55 5 A ks i fn
] 3% 0 FHORAE /N HARR I 7 10, 32 5 S B R L W1 Oy T R TR RUBE H A A4 35 07 M BT SR, BR A8 BT 4
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i 1 X RUJEE A A f i Bk T LI BB A 465 R AT 15 G 0 e A 1) A R

[ 6 5 DAB-DETR Al MSDAB-DETR W J5 7 X5 /N H 45 1% 7T A6 % L o DAL 6 19 2 1> [&1 461 7T LA
A DAB-DETR X F A /N B e &0 30 7l A%, U H X T2 220 58, B4 0 o 0 & ;i
MSDAB-DETR W # /)N & A& s K6 ] 8, b Ah , 5256 v & 31, DAB-DETR 78 Ab # 47 46 K it H Ax H H 5
RBE RN ERE R B AR . B 7R T — 48X 2 ROEE H brks I 52 56 % b 45 58 . Al LA
E i, DAB-DETR & % & I %] Kk ROEE H g% (40 B2 3 ) f s 43 /A ]ROBE B Ax Can # 2k 3% ) 5 fi
MSDAB-DETR RE fi% o i £ W0 15 4350 0 KRB AN RUBE H b, I B A% 14T Wi 4 25, X 2 RUBE H AR i
A6 00 BE 77 B A

(a) DAB-DETR (b) MSDAB-DETR (a) DAB-DETR (b) MSDAB-DETR

K6 DAB-DETR #1 MSDAB-DETR # /) H #x K7 DAB-DETR #1 MSDAB-DETR i £ R J& 1]
AT AL RS LE
Fig.6 Small target visualization comparison be- Fig.7 Multi-scale visualization comparison between
tween DAB-DETR and MSDAB-DETR DAB-DETR and MSDABDETR

3.5 Hm=w

N T VEAE MSAF (EAT F1 SToU =35 X 3 g K& H ARk IV BE (9 52 e, 76 NWPU VHR-10 %45 48
K EE B SRR R GPU INAE I mAP LA 5 1 AT SR b, LR A R R 6 TR . AR
6 A LAFE H , 7 DAB-DETR A58 () JLhft Ffin A MSAF #ide 5, HF Z 8 2.4 MB 193 50f12.07 GB
(33 mAP AT LA 5 1.1% , i 3 50 F MSAF 0] LAFRAS 0 2 19 H AR X 2045 4F , DA 32 55 B s A 0l
PERE. 7E DAB-DETRBRI Y ELAE [ A EAT 5 , S8 Mt &t 5 DAB-DETRAH[R] 46 M0k B2 o
FEAGRRF — B0, (ARG E B 5 T 0.5 /s, IF B AE A &> T 0.61 GBL 2924 5 DAB-DETR M 47
HAERM Y. XEW,RAEAT AT LER 5 R A 3 & 77 Transformer i DAB-DE TR A 74 AH {14
fE 1 [R) B, DA /0 R 0 B E] R PN AE T RE L S B0 R0 o FE 0K bR B TP SR T SToU S L A X T
DAB-DETR # 8, H 2 % i R E 550 52 2% B A8 4G 00 ok 32 W A 2 1, i mAP & 1 0.9%, iX 45 25 T
SToU . GIoU B 5¢ 3 , BEAR 7 — 43 FI D IC (% S 3 1, JF /s 17 30 A [l 35 2% o 25 B T3k , MSAF Al

R6 BN AELR B9 H Bl LI

Table 6 Ablation experiments of individually adding different modules

Bk MSAF EAT SloU 1@@%}5/ Z¥/MB  HE®/GB CPUNTE/ mAP
(I7-s™") GB

DAB-DETR 28.5 41.4 64.96 6.73 0.939

DAB-DETR+MSAF  / 27.9 43.8 67.03 6.66 0.950

DAB-DETR+EAT N 29.0 41.4 64.96 6.12 0.938

DAB-DETR+SIoU N 28.6 41.4 64.96 6.74 0.948

ENS =R/ N N N/ 28.6 43.8 67.03 6.12 0.953
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SToU 7E 42 F& B 5 46 W BE 77 T 2 B0 €5, 107 EAT WA 280 A T 9 AE o5 FH o, 45 07 G okt 3
N1 5V MSAF (EAT Hil SToU X & J&& R B br A I P e A 52 e, 50 8 1A [F] AR SR 21 &

XF HETEAS ] ToU B A [8] /N RUBE T 1~ S a0 kS B2, Se g 25 R an e 7 s o Horpr, APJO%HAPNEVF
flBERYAE AN [R] ToU BRAA Y A [l 8RB A 4 22 0] -5 19 46 4%, € 5 MSDAB-DETR 5 DAB-DETR 45 1~ 4§
PR3 T L . R 7R LR 1, B T #E AP, #6845 |5 DAB-DETR+MSAF +SIoU 835 JLF R P 2
&b, MSDAB-DETR 1) 52 5% 25 S 4 0L T H A fr &5 77 #%: . 5 MSDAB-DETR #f [t , DAB-DETR+
MSAF+EAT 5 ¥ 09 AP, il AP, 20 BI AL T 0.8% #11.7% , AB-DETR+MSAF + SloU % ¥ 43 51l [
K7 0.4% M 0.5%, 1M DAB-DETR+EAT -+ SToU & 3 W 43 BB T 0.7 % F10.3% , 1] WL SToU X T4
TS BE B B K, 25— 5 1A, 5 MSDAB-DETR Ml ,DAB-DETR+MSAF+EAT %% 1) AP, AP,
AP Zr B AR T 4.8% 1% M1 1%, DAB-DETR+MSAF +SIoU % ik 2 B FEAE T 2.3% . —0.1%
0.6%, 1M DAB-DETR+EAT +SToU 5k W [ A% T 4.4% .0.5% #11.8% , X % B MSAF A1 SToU % /) H
o B4 G R R B Ry

R7 FRERAGHHEMEE

Table 7 Ablation experiments of different module combinations

Bk MSAF EAT SloU AP, AP, AP, AP, AP,
DAB-DETR 0.939 0.664 0.485 0.584 0.616
DAB-DETR+MSAF+EAT NG NG 0.945 0.683 0.542 0.592 0.633
DAB-DETR-+MSAF +SIoU N/ N/ 0.949 0.695 0.567 0.603 0.637
DAB-DETR+EAT+SIoU N N 0.946 0.697 0.546 0.597 0.625
AL NG N NG 0.953 0.700 0.590 0.602 0.643

&% +1.4 +3.6 +10.5 +1.8 +2.7

4 HRIE

BEXT LA H Ar R I B X T ORRE 2 RE Y 3 R R ROR RS B AN w0 ) R, 4R T — ok
DAB-DETR (% £ R 3 J& H b5 £ 1 MSDAB-DETR. 956, Wit 7 —Fh 2 ROE 1 & S e fl &
B, AN ] RBE R AIE 04 25 57 50 0 58 98 J25 AT, O3 o 5 1 34 3 ) 0 R AIE il 15 B B 5 YR 2 R AT il £
2 B R R 2 RO B AR i B0 o HYR SR s R0 2 1 LT 19 Transformer, Eﬁﬁﬁﬂi&ﬂ*ﬁéé@é
JRy REAE 2% 2 . 0 0 ) B R AT A30 2 2% B b A 0 T8 L B JiE L A SToU 48 2% oR BR 1 hy i1 SEAE [l 11 4
PR B TR A R SCUG A R SR R A B R I AR S Tk 2 R B R ER Y
o R R A
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