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Abstract: To address the problem of insufficient detection accuracy of aircraft targets in optical remote
sensing images due to complex backgrounds, small targets, and similar appearances among aircraft, an air-

craft target detection algorithm was proposed in this paper based on the YOLOv8n model that integrated
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the global information and the dual-domain attention mechanism in optical remote sensing images. Firstly,
the SPPF _Global module was designed to provide a global feature overview through the global maximum
pooling layer, which helped the model better distinguish objects from the background in complex environ-
ments. Secondly, a dual-domain attention mechanism was proposed to improve the attention to important
areas such as wing shape and other distinctive structures through the information guidance of space domain
and channel domain, and enhanced the ability to distinguish the nuances of different aircraft models. Final-
ly, the parallel path downsampling method and the Powerful-IoU loss function was introduced, and the
adaptive penalty factor was used to accelerate the convergence of the model, which improved the recogni-
tion ability of the model for small target aircraft and the regression efficiency of the prediction frame. The
experimental results show that compared with the original YOLOvS8n, the accuracy rate, recall rate,
mAP50 and MAP50-95 of the proposed model on the open data set MAR20 are increased by 3.3%,
2.6%, 3.2% and 2. 6% respectively. On the NWPU VHR-10 dataset, the parameters are increased by
5%, 5.1%, 2.5% and 0. 3% respectively, while the number of parameters and the calculation amount
are decreased by 6. 6% and 3. 7% respectively, which proves the efficiency and superiority of the proposed
model, and effectively improves the application value of the aircraft target detection algorithm in optical re-
mote sensing images.
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A fd ] () SPPF #% 8t , SPPF_Global # ¥t 7¢
mAPS0 &+ T 1%, £ mAP50-95 L #& 7 T
0. 8%, 47 5k $2 v T A5 R0 A G RS BB . kA, SP-
PF _Global £ ¥t 78 Z: ¥ it Fl T8 i J7 1 5 SPPF
BEHRAH I, DR T BAR A9 BE R #E KO o i A 2R
AL 5 SPPF UM Y, RFFTE 0. 88 ms, X
F W] SPPF _Global £5 He 76 {7 +5 % I 14 #E 8K 1Y
(] B, 2y i T 7 AR A P e o R L A
Wi A i) 4 H AL B SPPE _Global #5535 1
H1 T g P R RN TR A B R FE . ik A5 IR SR
W' SPPF _Global B8 1A &M, & 26 -4 1L
TS FE () [R) IS B TE TR T A o A L R e R
R EMR ML H bR A D AT 55 4R 08 T — S 20w

P e

F1 AEZEEFE LR EREXT L

Tab.1 Comparison of performance of different spatial pyramid pooling modules

Module Precision Recall mAP50 mAP50-95  Parameters/M  FLOPs/B  Latency/ms
SPP 78.3% 77.2% 83.2% 62.2% 3.01 8.1 0. 89
SPPF 81.0% 78.7% 84.6% 63.2% 3.01 8.1 0.88
ASPP 81.5% 77.4% 84.5% 63.2% 3.83 8.7 0.91
RFB 81. 1% 77.0% 84.0% 62.8% 3.18 8.2 0.89
SPPCSPC 81.3% 78. 1% 84.2% 63. 1% 4.62 9.4 0.97
SimCSPSPPF 81.0% 78.1% 84.9% 63.4% 3.36 8.4 0.90
SPPF _Global 82.2% 78.5% 85.6% 64.0% 3.06 8.0 0.88

3.5 AEAFEANHEHNER

T PFAl DDA AR R 557 /N FIORS B 5 T
AR, 78 MAR20 Bdla £ 1 AT 1505, 5 HoAl
1 & J1 MLl Convolutional Block Attention Mod-
ule ' (CBAM) , Coordinate Attention *' (CA) ,

Channel prior convolutional attention"”” (CPCA),
Deformable Large Kernel Attention™ (DLKA) ,
Efficient Multi-Scale Attention™ (EMA) , Large
Separable Kernel Attention™ (LSKA) , Shuffle
Attention”™ (SA) , A Simple, Parameter-Free At
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tention Module'” (SimAM) , Triplet Attention ™
(TA)ILOFP AT THERERT LE , R 2 A R R )
B B P BE X L 2

MR A LUE 7R R4S YOLOvVSn A A |-
A DDA 8 He 22 J5 A58 B () RS o 5 7 ] 2R
mAP50 M mAP50-95 4> Bl #& & 17 0.7%,0. 8%,
1.3%,0.9% . i #] DDA 5 83 2o 23 (8] 35 i
I E B 5 S, A RO AR T TR R X &R
LA R AR B A 2R A FHRE 7L BRAR TR AE R
6] CALIY S 2Z ] A 52 0 28 (A5 T R 02, s
DDA 5, B8 i) 2 80 i i B hE R B [A]
T4 N8 L 3k 22 B DDA 78 $2 1B 59 1 B 14 [+

B B A N BRI AR . 5 A T 2 AL AT
PERE L #E, DDA BB B0 1T 5 A 3. K
TR I SImAM J5 #5558 f)RS i e de L (1R R
BT AR R R 3 U B A AR R B o
T AR e B R O KLY X I8, (H AT B2 Al o —
LA /N AL 4 BE 5 AL LAY B AR AT
FHOR AL . DLKA (85 B g = F DDA {H 2 1
e B TR AR AN T B R A7 PR S e A
B 5T R .

PRI, 25 2 PE ARG A B 5 A R R /N AR 3
2 ) DDA 525 AR A HoAth i 22 LT, 5
i H AR R B AL BRI AT 55 .

R2 AREBANH RS

Tab.2 Comparison of performance of different attention mechanisms

Model Precision Recall mAP50 mAP50-95  Parameters/M  FLOPs/B  Latency/ms
YOLOv8n 81.0% 78. 7% 84.6% 63.2% 3.01 8.1 0. 88
+CBAM 80.7% 79.0% 84.6% 63.1% 3.08 8.2 0. 89

+CA 81.0% 78.4% 84.8% 63.6% 3.02 8.1 0. 95

+CPCA 81.5% 78.8% 85.0% 63.6% 3.14 8.3 1.21
+DLKA 82.4% 78.9% 86.0% 64.2% 4.64 9.4 0. 90
+EMA 81.9% 76.5% 84.6% 63.3% 3.02 8.2 0. 90
+LSKA 80.6% 78.0% 84.8% 63.5% 3.08 8.2 0. 89

+SA 80.6% 77.7% 84.8% 63.4% 3.01 8.1 0.89
+SimAM 82.7% 77.3% 85.1% 63.6% 3.01 8.1 0.89

+TA 80.4% 79.1% 85.1% 63.7% 3.01 8.1 0. 90

+DDA 81.7% 79.5% 85.9% 64.1% 3.01 8.0 0. 88

3.6 HELEI

R T BRI SC T AR A A A R S R R 2
A ZE , A SCHE MAR20 S48 4 1 R T — 411
il 52 5,

Horp/” R 15 YOLOvSn HI A % 4 Bk
CXTRIRBA AL, S g5 R 3%k 3
fr s o

F 2% 88 T, SR B SPPF_Global B3 J5

#3 HEhLI
Tab.3 Ablation experiments
SPPF _ o mAP mAP Parameters FLOPs Latency
Global DDA  PDS PloU  Precision Recall - =005 M /B Jms
X X X X 81.0% 78.7%  84.6%  63.2% 3.01 8.1 0.88
N X X X 82.2% 78.5%  85.6%  64.0% 3. 06 8.0 0.88
X NG X X 81.7% 79.5%  85.9%  64.1% 3.01 8.1 0.88
X X NG X 83.1% 78.5%  86.0%  64.6% 2.74 7.8 1.04
NG NG X X 82.6% 79.7%  86.5%  64.6% 3.06 8.0 0.89
NG NG N X 82.7% 80.8%  87.0%  65.6% 2.81 7.8 1.06
NG N NG NG 84.3% 81.3%  87.8%  65.8% 2.81 7.8 1.06
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Kt .mAP50 Ml mAP50-954r 938w 17 1.2%,
1% F10.8% . iX W] SPPF_Global £ He g i 45
580 b B e A TR % ARG T o A D TR AR O
SR AL AT Ok T A v AR T

S B B DDA AR B Al 58 42 8 G R
J# (B & 5 SPPF _Global 45 & J5 , B 8 Y & A 1
REHE — 015 3 7T, X B SPPF _Global £k
DDA & AL B A BAME e/ 4 A B
g 254 M 4 s 15 B Ak B A 1 3 S ALl L 48
o ARG E b A R o e R R

fifi F PDS # B 2t i YOLOvVSn B F R FE
R B R 51 G 3R B 4 1R s S i T
0. 16 ms (1% 3 2 A (7] 500 % 2 B A T 2 800
Fliz S A R0 el st T RS /N H AR 0 ) e

3

F3 A AR B A% T G b A R 40 5 B TR R
WIS EE . K PDS Bidk 5] A SPPF _Global #5281
DDA & i WL AL A iR R f5 | 450 80 1 0 o %
H R mAP50 Fl mAP50-95 %5 J5 4k A6 % 43 51 42
B1.7%,2.1%,2.4%,2. 4%,

K I PIoU 15 2 45 2 eR B 6 i 22 R A3 (]
MR E T 1.6%,0.5% , mAP50 Fl mAP50-
957r MR E T 0.8%,0. 2% , Ui W] PloU e W% #5 Bl
TN AE B0 A A e

L SRA UL S R T R AR ok i S
A AR JRORE B 2R A 9 R mA PS50 Fll mAP50-95 43
W T 3.3%,2.6%,3.2%,2.6% , S5 &M
BRI BIEAL 6. 6% ,3. 7% , B hn i e % %
JER R AL E BR A I Y 5K .

) Precision ] Rgcall Map50 ) mAP50-95
0.81 0.8 0.8 0.6/
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Fig. 6 Training curve

6(a)~6(d)F3 il Ay A5 R Bl 3 7 i A 1 o
A 13 . mAP50 Fl mAP50-95 (4 Il 45 th £& |, GE 7%
T3 T b U8 00 28] 4 S A RO
3.7 XfLE LI

SR T E AR S R R R A O A i R
B & C AL B bR R AT 55 b S E M AR SCHE
MAR20 % 4% 4£ | 5 Faster R-CNN"™', RT-DE-
TR™ , Gold-YOLO-n"" , YOLOv5n"™ , YO-
LOv5s, YOLOv6n™ , YOLOv7-tiny"* Al YO-
LOv8n At 8 i AL HE AT ME REXT Hb , X L 25 SRk 4
JEos , H o R B A, T R R os IR A

M Al LR B, AR SO AE mAPS0 Al
mAP50-95 X P W 45 br b R AR, X R W
A SCRERVAE AL B bR A AT 55 b 0KS o M &
PEES A RGP R . BARTENE 0 A 4 [l % [

MK T RT-DETR, {H J& RT-DETR 7 2 K & (1)
TR R , N8 S0 8 B R K Y 4 B8
BRI AT DA o A2 T AR SORERFE (R B3
P B8 14 [R) ERE, 78 9 U5 T 8 14 3R 8] 7 1 3R B 1S
R R AL . FEA AR T TE , YOLOVSn i R 1
/N, AE GRS B RH G IR, a3k 1 W) B SR /N T A8
RUTT R 275 4 R R (0 2 DABRARS B AR
I, A SO Y 7 S ARG P RS TR R T B
T RO

ZE LTk AR SCR B M RE e fE . ANUTERS
JE TN e e T A A i LR 4R A A 1 %
T B R PR I A B A O o 1 SRR RR AL
AR R AT 55 b 5 A 55 e 14 552 FH M R S R

K 7~ 843 B 7R T AN [a) B U 7E &2 J% R B
B/ H AR BB T i o] Ak 45 5L A AL S



3094 err K TR

32 %

R4 MAR20HIREX L LW
Tab.4 Comparative experiments on MARZ20 dataset

Model Precision Recall mAP50 mAP50-95  Parameters/M  FLOPs/B  Latency/ms
Faster R-CNN 66.1% 61.1% 80.9% 58.7% 41.75 91.23 8.74
RT-DETR 87.7% 83.4% 83.0% 61.9% 19.9 57.0 4.34
Gold-YOLO-n 78.2% 75.7% 81.8% 59.8% 5. 61 12.07 1.35
YOLOv5n 80.6% 75.4% 81.9% 59.6% 1.79 4.2 0.72
YOLOvV5s 82.6% 79.5% 85.9% 63.5% 7.06 15.9 1.53
YOLOv6n 79.7% 74.3% 81.9% 59.4% 4.63 11.35 0.99
YOLOv7-tiny 79.9% 75.5% 82.5% 59.5% 6.06 13.2 0.85
YOLOv8n 81.0% 78. 7% 84.6% 63.2% 3.01 8.1 0. 88
Ours 84.3% 81.3%  87.8% 65.8% 2.81 7.8 1.06

FH R 5 B RE R s R B W T H 7 i) o il LA AE T i 5 AL A X 2> KL H bR o A Fe T Al AR

% M, RT-DETR #1 Gold-YOLO-n f 4K 7¢ X ¥
PRI T AR I T RALE bR BT AR
TE G 0 40T B — 26 T8 O Y 7 5 R R R
K R H AR 5 YOLOVSs Al YOLOV7-tiny i 4%
WA 2 B 5 A 5509 52 B B Z %/ H AR
38 P, YOLOV7-tiny A (SCK: 3t 1ap L /9 R HLIR
PR N H A, T L BT T R R A A 1
Bl % T/ B AR BRI RE ) %55 3 YOLOv6n il
YOLOvSn W 78 & % 35 5% F1 /1 H b5 3R 58 T 4F &

(a) Label

(e) YOLOV6n 6] YOLOV7 -tiny

T, AR SO TR AN ASC R B o b R B T R Y £
BOIFHEAT T IR 32 AR AR 2 26 07 T 3 B
WE, EEREEAET AR T SP-
PF _Global #3 , 5 5if 1 468 B Xof K A [ 4515 &0 £4
PR RE 1, T B2 8 1 % 52 2% 5 S R SR BT Ak

I3 A KU B ) AL B TR AL X G X
SR A AR BE 0, B T ek TROL AL Y A 3R ) o
Moo IFAT T RAEREHIE — 20 oo T BOR A N
SERE 1, 5 Bl /I F b S G A 0 5 A

(2) Y0L0V8n (h) Ours

7 BZRIREE T O [FIB R  n] Ak 25

Fig.7 Visualization results of different models in complex environments
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Fig. 8 Visualization results of different models with small targets
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M BE OB . KT B R OH [ 3 mAPS0 Al
mAP50-95 73 ik #] T 91.1%,87.2%,90.2%,
54.4% B IF A R+ T 5%,5.1%,2.5%,

0.3% o Horp el it J5 85 ALY 4 B3 mAP50 ik
F R R PR R, A ] R R A A RE S 3 5
WL B H bR, B R mAPS0 #n B AR 4
A9 ToU A T~ B A7 o 8 0RS i B, 3 P 1~ 46 A%
14 12 T 3% W Atk i A R A A A G T o A R L B
157 B W A i LR SR AR B AR 5 SRR
HPERE LA R T GE
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Tab.5 Comparative experiments on NWPU VHR-10 dataset

Model Precision Recall mAPS0 mAP50-95  Parameters/M  FLOPs/B  Latency/ms
RT-DETR 87.6% 86.3% 88.9% 56. 1% 19.88 57.0 4.34
Gold-YOLO 89.9% 79.0% 86.0% 48.2% 5.61 12.06 2.07
YOLOvV5n 90. 2% 78.6% 86.1% 46.8% 1.77 4.2 1.20
YOLOVS5s 92.5% 85.3% 89.6% 51.6% 7.04 15.8 1.79
YOLOv6n 85.2% 80.9% 85.6% 47.7% 4.63 11. 34 1.55
YOLOvV7-tiny 87.2% 87.0% 89.4% 49.5% 6.03 13.1 2.29
YOLOv8n 86.1% 82.1% 87.7% 54.1% 3.01 8.1 0.87
Ours 91.1% 87.2% 90.2% 54.4% 2.80 7.8 1.05

i 2 ) 4 St [ 3 WY ke 2 i R Y A % K9 4
Rz AL RE ST A R R I . LA ket e
TR A T A A%k A R e B R Ty e B A L AR

R T A R B A B | S R R R TR
PR i R BE A [] I, 8280 14 52 2% B AL 3 8 RS
SRR R B, Bk e RE B A B SE GR A Sy
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