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Multi-branch fusion self-attention object detection
algorithm for remote sensing images

KANG Hongbo, WEN Jiazheng, YANG Chunjie, WANG Wenqing
(School of Artificial Intelligence, School of Automation, Xi’an University of Posts and Telecommunications,

Xi’an 710121, China)

Abstract: To address the challenges of scale variation and dense object distribution in remote
sensing imagery caused by varying imaging angles, a novel object detection algorithm is proposed
based on multi-branch fusion self-attention (MFS). A multi-branch module that integrates convo-
lutional and self-attention mechanisms is designed to build a feature extraction network, and the
fourth detection head is built for small objects to facilitate multi-scale feature fusion. Meanwhile,
the resulting model is pruned by the DepGraph method to achieve a lightweight architecture. Ex-
periments on the DOTA and NWPU VHR-10 datasets demonstrate that the proposed algorithm
achieves mean average precision (mAP) scores of 77. 7% and 96. 5% respectively, outperforming
the peer detectors of similar algorithm complexity. Notably, the pruned version maintains a mAP
of 72.9% on DOTA, with only 6. 64 million parameters.
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Fi#Rsy: 95.2 79.3 58.7 78.8 65.4 86.5 90.1 94.4 72.9 83.9 75.0 64.7 85.5 69.9 65.6  77.7 39.7

H1 % 3 A0, AT R0A 19 mAP & 77. 700, Akt
Fe B b i e L 25 AL S E B T T B R A A .
TPH-YOLOv5 5k i 5] A K f 3E & J HL ] 4 7+
TORIPRS BE U HOR N RE H AR /R4S, mAP
64. 4% %f Lt HoA B A — s R I Rg ) (A 2 RE
Hbr, @ ot 2 3 br. & 068 1 U5 A FF 52 5
YOLOvS] 23 (1 EHFFHL mAP 2 66. 6 % , 76 T & %t
P BRI AL, 3L 43, TM 8 K S BOR BRI
75 M g vt e 7 H AR 5 SR KO Ee . B

SN A B E N, SSD A mAP {UA 61.6%,
B R = R AE AR B A MR R B S N Y 5 BUE

HEK, K GE )1 % 5. Retinanet B 1L 19 Hf 22
mAP Jy 68. 0% . XF F 55 i e 22 5 R0 H Ax LA
KGR & s ARG /N T 25 0 H B 40/ B 4 mAP Sy
27.5%  Kr N B8 fy e 25, R SCk[29] & MPF,
HyNet %5515 78 fiff g 32 ok PR B A8 4 n) 8 A
Jr Bk, (H S MR RS DN ORS BE R 61, 806, 73, 3%,
62. 0% Xt Eb H A B 1 TS B A 25 3 i Al Ak H R
AEFEHC 25 11T i — 25 K 00 7 0 G245 B RN 5
TR, o A T B AR A A AR AR Y B A Bk
Y280 AR IR B T SR A R IORS R 43 5 78, 8 %%
75,00 . ULk, Jr 4 55k 0 B Bk 37 | A R RN S 1
Fo e WK 2 e v R R 0 1k 79. 304,83, 9 %0 Al
85.5%.

S UE BY AL 5 B MFS-YOLO F [R] 55 Fi 55 A5 7Y
M pE s . 76 DOTA $dls4E E4r 515 YOLOVSm'*

YOLOX-s"% | SDSDet"*! ( Self-Distillation Sampling
for Object Detection) \ SCHk[ 32 ] 55 A [] 4 5 851 7 F

FEXF L SCse 25 RN R 4 R, RP S« " RR T H
FEMAESCRRAFIEE IR 5 — 7 R A Ui SOA i

A7 AR AR I AA
F4 TABBHEEDOTANBE FHXRER

AL AEAER/ % B/ Y% mAP/ % SEAE /M GFLOPs

YOLOvSm  73.5 68.9 70. 1 21.2 49.0
YOLOX-s 69. 3 60. 2 67.3 9.0 26. 8
SDSDet * — — 67.5 1.8 11.3
Scik[32] — — 50.0 5.4 —
RN 74.7 72.3 72.9 6.6 29.0
I 3% 4 WAL, BT A S BT B2 580 7R S BB A
6. 64ME’JHHT mAP ik F| 72. 9%, N [F BB B
b LA I T BRI AR 1 R AR 5

‘J‘?‘Eﬂﬁﬂéﬁéﬁﬁf 3 1Y 5 i AR AR LL , 0 A B A
4G K BE IR BT B 1 A Rk

Y — 20 B P 5 S A T A e S B
ARz AP fE NWPU VHR-10 %45 % F 47
B 5 TPH-YOLOv5™ | SSD™ |
YOLOvS8I* | YOLOv7™ | FMSSD®* ( Feature-
Merged Single Shot MultiBox Detector) 1 YOLO-
DCTI® (You Only Look Once-Dynamic Convolu-
tional Temporal Interpolation) # 47 %} kb 3L 56 , 25
WS PR, R x "RIR A B IR SCH AR

45

Retinanet™® |
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%5 TEWMEEE NWPU VHR 10 SEE FHRBER

AP/ %
Bk mAP/ %
AL A fith e [Z3287] I 3K 3% fii$2877] i H " W 3 R ]

TPH-YOLOv5 99.0 85.1 99.1 97.8 88.0 66. 0 98.5 93.2 80. 1 76.9 88.4
SSD 99.9 90. 8 98.0 99.1 85.0 89.0 98.5 93.2 85.7 88.3 92.7
Retinanet 99.9 79.3 85.3 92.0 94.1 93.7 94. 6 97.4 89.7 75.9 90. 8
YOLOvSI 99.4 88. 6 92.0 97.3 97.7 97.1 99.5 96. 2 89. 8 89. 2 94. 7
YOLOv7 99.5 89.7 96. 6 98. 8 94.7 92.7 99.5 93.2 85.0 91.2 94.1
FMSSD * 99.7 89.9 90. 3 98.2 86.0 96. 8 99. 6 75.6 80. 1 88. 2 90. 4
YOLO-DCTT % 99.6 93.0 96. 8 99.5 90. 9 95.0 99. 2 91.5 98.9 90. 3 95.5
TR B 99.3 93.5 94.9 99. 3 98.3 98. 3 99.5 95.7 92.3 94.3 96.5

B 32 5 45 B Al %0, FMSSD {8 1 23 1 4 1 DL %
ZVATIZM GRS —k A ANRFIEE B EF X
5 G BOM R E REE H AR R, s b
mAP H 75. 6% .M ERI% mAP Hy 86. 0%, Ju H &Y
H bR RO 5 8% 32 B A UG FL B s YOLO-DCTI % i}
DCTT Z544 & 75 fif 58 23 25 F0 10 5 4T 55 A6 DOKG B2 3k
) 95. 5% H MR A A 5 B BUL S Z M E B
LR, FrigE e NWPU VHR-10 £ 4 -
KEN T 96. 5 %0 B B A G RS B

3 o A6 EE S5 T B4R S 7E DOTA K
a5 NWPU VHR-10 ¥4 48 &6 W AT 55 o, 33k
2 e A RS

3 ZhiE

Z 0y 3CRA AT R HLE Y E R R B bR A
MR T —MEa GRS A g2
Gy SR B T e A5 R AR B HR 2%, 5 X i
TR 5 v i AE AR /N B bR R T HE L, 5N T A
4 A T FARI Sk DS 5 % /N RUBE W 1A 1) B RE T
TEA R R W] LA RTE DOTA £l &£ Bt al 1
77. 7% mAP, £ NWPU VHR-10 ¥ #% 4 35 %)
T 96.5% 1% mAP, J& 38 5 1A v e, i
— P PR TR R A, R 45 0 1k B A AR ] R 245 gk
1T 4 T 40 5 B8 2 805 U 6. 64M, H 7
DOTA 4% Fi mAP R FEAE 72. 900, B F L
T[] A (7 L At A 00 4SS Y, e B R R S R R
.
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