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Remote Sensing Image Target Detection Based on Hybrid Attention and Dynamic Sampling

CAI Qing, WANG Jing-Yu, LIANG Hong-Tao
(School of Information Science and Technology, Qingdao University of Science & Technology, Qingdao 266061, China)

Abstract: Ineffective object recognition models occur in remote sensing images through complex background
interference and dense target integration. To this end, this study improves the YOLOvVS5s object o"utfi‘ut model. First, a
mixed attention menu is utilized to improve the convolutional attention model (CBAM)iand add.it to backbone networks.
Accordingly, the extracted features of the model contain local and global inforrhation to enhance the model’s ability to
identify targets in complex backgrounds. Then the study uses the ultra-light sampler DySample to reduce model
parameters and improve model performance. Finally, the study employs the EloU loss function to improve the positioning
level of the target to be detected. Experimental verification of RSOD and DIOR data sets shows that the improved
YOLOVSs has a 7.8% higher accuracy than the original model in detecting targets in remote sensing images, meeting the
real-time detection requirements of targets in remote sensing images. In addition, the improved model retains the
advantages it has in comparisbn to other object recognition models.

Key words: machine learning; loss function; remote sensing image; target detection; attention mechanism
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RN
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Horb, X ORRAFE G RFAE, XON RUG RAERFIE, S 9 RAE
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FEHE S ol Bt O 5 R .G HIAN:
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W
1
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-
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2g

H i S N sH| _
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YN &= N T
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K 4 DySample L RAELEH

1.3 RS Bk

PEVR B 257 SRR v | 45 2R bR 50RO S B 1Y
YEF. YOLOVSs (#1452 & 1] 43 9 43 540 0%, B A FE AR
R UL iy FERE AR R IX 3 0 43, HLHh R R 40 45 K pR A
T B4 Bh BCE Loss KSZHLH, HARMR:

&
—NxZ)%a—?xy=Q
BCE Loss = n;,l) ¥ @)
—,nglogxn, y=1
o, x, RIRH Sigmoid B ERA A TRIN B 15 FE 8 H
PR, N NFEA R, y RIONFEA I E SR,
H FRA I (1) 451 2% pR 2 — R A ToU H52K eR 4, L
¥% IoU Loss~ GloU Loss+ CloU Loss %5.
1) IoU Loss
ToU ZFEHAZ 2R, BEME 2R 7~ THUl Ao AS U AE N b 25 HE
IR, ToU Loss Wi H AT
(ANB)

IoU Loss=1-1oU =1- AUB)

®)

b, A B 453 K UHE A Sl

2) GloU Loss e

GloU Loss §I N AN AIbR 25 HE () 5/ S e
1%, BHE GloU RENS ASGE A XL, ARAR AL X d8
ST, W BE NRREHE, BTN AIASIIAME, C
K UAE 4 FIFRZEHE B 5 /NIMEFTE, M| GIoU Loss
A R
|c-BU B

IC]

GIoU R Lh I ZRAE S DU HE FN bR 25 HE 75 AN AH 52 Bf
WEEHEAT T 25, (H R EAT AR FIARZEHE B BB, TovE X
SR D HEFNFRZEAE 2 8] ()AL B % &R,

3) CloU Loss

CloU Loss PA¥9 YOLOvSs 7E I 2k it F8 % 1
R BRAL, B T AR WUE N R 25 AE 1Y) 78 6 [T R 41, 3835 &
B 7 rpt o5 BE BRI B8 B, A5 A S B 0 i 1 HL RS
AR 4 R HE 5 HE 2 (] AR AULRE E . CloU Loss 1)
TEAKXWT:

GloU Loss = 1-GloU =1-10oU + )
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p*(b,b%)
CloU Loss =1-CloU =1-1o U+— +av (10)
c?
4 ot 2
V= = arctan:—g—arctan ;Z—V) (11)
-y (12)
(1-IoU)+v

R (103K (12) 1, w, hoy BIAREAS IIAE f) 55 A1
e, we, R R S A bR R HE B4 58 R . b R IHE
(R0 AR, BN SRR AEHE (K H 0 s AR, 2 AREE
PIHE S/ NIMERFETE I M G BE 1, o AU R AL, v T
TR L.

4) EloU Loss

N Tt 2B B v RS0 T R U PRI AR e I RO,
AW A AR T = 1 EloU Loss. EloU Loss It 5

AAUWF: '

pl(bsbe) ‘+ P (W, wE)

EloU Loss =1 —IoU + . 5
W c

C

N (i;hgt) (13)

EloU T CloU 56t B YR LR IT, 43~ FAk

(158 40 R, SEONHERA N ROR 3 A LA [ 3R 2 TR 1) 22

Ft, TEAREH CloU Loss 5 B[R, A5 45 il I AE 1A% 25

HE FF) B 1 22 5 foe /N Ak, AT 7E B BRI SR [F] B 25 B
K U [ 72 A7 R

2 SERIME SRR
2.1 ERIMESSHITE
ARIAE Windows 11 &5t Python iR 3.9 1FH
NRHT SIS ISR, ARG B 1 pR.
£1 SHouRE L C

kA g ! (s
CPU W Intel Core i7-13650HX
GPU ' NIVDIA RTX 4070 (8 GB)
BT 32GB
IREE 2 S35 PyTorch 2.0.1

CUDARRA CUDA 11.7

F YIS HL AR batch-size N 4, ERK
H epoch 24 100, YIZk EHE 4N R T 640x640, 3 &
WILEE BB N 0.937, WIGh5 > R BE N 0.01, B
SR IE £ N SGD.
22 KHUES

A% B RSODP A 4271 DIOR 448 4 7
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B Sy SRR Ao R .

RSOD ##lE 4t KL AR IS 4 A
ZI 3 936 FKA FRZEARVER B LK 40 k15 5B 4
J, BARESA 6950 ANbRiE SEB, A SCSL IR 7:2:1
BEALERI Y, 23550 FVE DI ZRI6AIE LA Bt 2.

DIOR J&—AN T H Fnfar A0 EHE 2 51 i Aodis 4,
Ho &4 23463 ks P e BN, 3t 20 AR
1) H FRFP IS 192 472 bRy SLAp], ASCERUILH 5862
Tk FEIIZE, 5863 Tk FHIEIALE, 11738 ?&W’E@Jﬁ%
2.3 TEMNIERR

1) K HE 2 (Erecision P)

Hit 1 28 SR A3 SR TN g TE AR AR S ol E (1)
PEALLZE. 1A R

Precision =

TP
(14)
TP+FP

HoH, TP (ture positive) N E IE, BISEFR A E4 4 2 i
NIEIREAR B . FP (false positive) AR IE, BISZFr N
BRI 73 T 9 1E B REA K

2) A B2 (Recall, R)

A1 Z5E L SERR 9 IE FIRE A s 7y S T 1E
PIREA L. a0 A SRR

Recall = rp (15)
TP+FN
H A, FN (false negative) N, ED*ETijFf[]%Ez’\%
ﬁ@ﬁﬁmﬁxﬁi \

3) ¥k EZ‘i’J {# (mean average precision, mAP)
YR P AP o 4% 25 B AR TR G
HASFIGE A

N

ZAP,,
mAP = -2 (16)
o, AP, RN n 28 BRI 3 Sk i 2, HAUE

ST Precision-Recall vRH5 A bRk AT 78 o5 16 THT AR
X2 Hbrar 2K, %200 BRI 0 5K L AP,
SEHMEmAPRIR. IoU ZEUBIME N 0.5 B )~ 3HE B 45
{HERRAMAP@0.5; loU RI{E 5T AIEL 0.5+ 0.55. 0.61 -\
N

0.95 IS X I mAPH, mAP = ) AP, INBUF- {1351
0

mAP@0.5:95. $LAb, 9T 96 UF SOk A JE ALY 1K/
THE S ANHEL I ], Z54 FIRBRERE, A SIS
i (params) 17 8B A 1 K/ 7 Sis B 2L (FLOPs)
i ALY I 5 A B HEFE I E (inference time) SKPEAl
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R R,

3 SEEGEE AT
3.1 JHRASEIG

N7 %AE CBAM-MLCA 2. DySample %+ /2
DL R AR R B EToU X T ciodh i B (1 P R s, A1
£ RSOD ##a 4k bidhA7 7R H S 2R 5K, 2553
Wi 2 fizs. 24 YOLOvSs ¥ i1 CBAM-MLCA 25,
P S K05 params $2T1 1.74M, #5780 55 Z4 R th AT T

PEF, mAP@O.5HE T 0.8%, MIREE Fh % H AR5 Y
KA B2 R 3258 1 1.8%, HEFER 3N T 0.7 ms.
Vi BRI 1 CBAM-MLCA JZ fg W41 m i AR X T 4%
ORI NE RNV PRPE Y - RSyl it Y it i
DySample JZ &, B8 2505 F T ZF2 B 6 BT T BE,
mAP@O.5$E 7 1 1.7%, [FFHHEFLES (a9 /> 7 0.1 ms,
X TR A IR v 2 HR BN A s B A2 EloU 4t
SIS N, AAAS 22 BEAR AT Ay Adr IUDKS B2, 7] B 99 /b
HAT (1) N A2

X L

£ 2 HUHBALAE RSOD HR4E b H I RS it ; =
CBAM-MLCA DySample EloU Params (M) GFLOPs P (%) R (%) mAP@0.5 (%) Inference time (ms)
— — — 7.20 16.5 94.6 9.0 95.3 6.8
N — — 8.94 17.7 929 93.8 97.1 75
— N — 7.04 15.9 94.5 96.1 96.0 6.7
— — Y 7.01 15.4 95.7 94.4 96.3 6.9
v ol — 8.03_ 17.3 91.7 96.3 97.2 7.8
N — V L 826 16.8 93.5 96.7 97.0 75
— v g V" 6.50 15.6 95.6 94.7 9.5 6.8
N N ! \ 7.47 16.9 95.5 96.4 98.1 7.1

2 [ i ek CBAM-MLCA. DySample. EloU J7,
RER AR ALREHERE P 4251 0.9%, AR R 5 4.4%,
RIEN A, mAP@O.5HR T 2.8%, S48 f 5 4k
FRPEA /IR B T, SR IR0 0 0.3 ms. Pt B A
RS T2 K G H b an i T 0K P8 A A B S P R
FET, [N AL ) S5 R, 52 A DA S HE B N 1) 2 A7
B .

T kSOG4 BRI, JE R BN . SRR
e 453 PR et = H A A, W TR maP,
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K3 ANERLITT E RSOD i 4L 1) 1 e
AP (%
R aircraft oiltank : ozzerpass playground mAP (%) APs (%) Params (M)
YOLOVS-S 96.02 98.38 86.92 100 97.36 45.6 11.2
YOLOv7 97.36 98.42 84.62 100 95.10 41.7 36.90
ARST-YOLOvV7 96.82 97.91 86.45 99.68 97.30 42.9 78.80
YOLOX-S 96.37 98.19 83.78 100 94.58 40.2 8.93
CWAF-YOLOX 97.01 98.42 90.39 100 97.75 453 9.94
YOLOVS5s 95.74 98.18 80.32 99.28 95.30 37.3 7.20
GC-YOLOvVS 95.37 97.56 82.61 100 92.30 41.0 11.37
Faster R-CNN 81.78 97.69 93.28 100 93.19 11.6 136.71
IF-RCNN 84.49 95.78 92.61 99 89.64 37.7 145.48
M2Det 88.11 97.87 94.01 100 95.00 14.7 \ 86.50
FCOS 93.95 98.81 85.06 100 94.45 “314 = . 51.0
Ours 98.60 98.49 95.91 99.40 ‘981\}‘ ‘ . ?5'.1 7.47
)5 =
# 4 RFEKIJTVEAE DIOR W%E@\iﬁa (%)
, il
B airplane chimney harbor oxcrpa-s‘s J ship storagetank vehicle windmill mAP APs
YOLOVS-S 91.24 85.92 70.15\‘ 69.01 93.61 80.49 77.27 84.74 76.49 13.7
YOLOV7 90.57 . 78.3‘1«,. s 5 65.64 61.84 91.04 79.98 56.03 82.03 72.76 11.7
ARST-YOLOvV7 ‘91.56 N §2.81 71.34 65.21 91.85 82.12 73.46 84.81 75.31 12.6
YOLOX-S \,“ \88 49 s 76.83 63.19 58.59 89.82 72.93 52.74 78.79 70.91 11.2
CWAF-YOLOX .8452 81.67 70.56 59.73 89.23 78.71 77.21 81.23 73.98 13.6
YOLOvVS5s 86.55 77.91 59.46 57.98 89.30 75.24 52.23 75.10 69.23 11.9
GC-YOLOV5 90.23 70.39 56.89 57.82 87.49 76.48 53.89 75.67 69.52 10.5
Faster R-CNN 58.29 76.27 54.80 53.52 27.13 33.91 17.04 59.65 57.94 1.3
IF-RCNN 68.47 78.45 69.42 67.21 84.67 65.39 55.37 70.49 70.25 8.2
M2Det 72.25 77.49 55.06 51.59 52.34 44.43 28.17 65.66 59.94 4.1
FCOS 87.91 80.44 62.68 58.94 87.09 73.02 49.01 80.35 71.57 11.8
Ours 94.52 92.44 71.05 68.47 94.24 86.05 78.81 83.91 77.18 12.7
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