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1.10. RASGD fifbds, #HEAR/NEEHE R 18, %k
WL E O 200, WG 2T RBEE N 0.01, AUEE
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BFHEAT S0, T B e R 40 T 2 416x 41615 3R 5 %
AR g, [mEE, ARSERA T L AR B
AR 5 Mosaic a8 58 Jr X o 78 U A8 4 rp fiff
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FEB G AR S bl R BE AL L A] . AR . @B,
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i IABER 0.5 B ML 4 5k BMGHEA T A 3 N 964

4.2 EMIER
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B X T UAREAE, FRATRHH IoU H{E R 0.5 /Y
mAP PG P4 ik ik RE . [RIRS, b T A
PP A SCEE 5 e /N B RS sl ae 7y, 3
fiT#E AI-TOD 4l 5 4551 % H ToU [ {H 0.5—0.95

mE 1, R2PR . BEKERER/NGHENT,
7 190 288 A8 B 8RR B B A
x1 HBREK/NEHIZNE(UA)

Table 1 The impact of convolution kernel sizes (UA)

B mAP AT HEREVEHI 1%
13 BEEBHSH aa mAr Ak i
Ghost module 92.60 87.0 98.20
S TS [ 0 2 B S B0 AR ST 33 92.65 87.75 97.55
F TR IR PR IR 25 (52, ol 0 2 AR A5 A 3 A SR 5%5 93.15 88.22 98.08
Z B, TE YOLOV3 fill 5 LKGNet £ iy B 2% | 53 5] 77 9375 89.12 98.38
WE BB KN, 5, 7, OV HEFRK, 4E 9%9 93.34 88.77 97.91
*2 HBRZKMHIFIE(AI-TOD)
Table 2 The impact of convolution kernel sizes (AI-TOD)
1%
Tk mAP Al BR ST SH sp VE PE WM
Ghost module 7.13 13.71 3.18 4.77 12.01 6.69 12.31 3.15 1.21
3x3 6.95 13.98 3.15 458 12.29 5.62 11.52 3.19 1.32
5%5 7.25 13.50 3.55 4.80 12.54 5.96 12.73 3.50 1.45
X7 742 14.01 3.63 481 12.84 6.33 12.56 3.75 1.49
9x9 735 14.23 351 471 12.39 6.62 12.02 3.77 1.51

44 AEFEMITLEL S

BE—, KA SCHR A DA-LKGNet—-YOLO 44
% 5 Faster-RCNN. RetinaNet (Lin ¢, 2020) .
RFBNet (Deng &5 2017) . RefineDet (Zhang &
2018a) . SSD. FSSD (Li%, 2017). YOLOv3 L
K YOLOV7 (Wang %5, 2023) #EAT T XF 0. il
W LaARXT Ok S I B SR LR RS
B —3K.

BRI R L3, K4PR, AR
9 DA-LKGNet-YOLO 5375 75 UA B0di 46 b A 5%
YOLOV3 $&Ft 1 5.31%. 5 HAth S i iy H Ak il 55
P S T IR PE R I 25 5 . oo TR AW
HARKE M, DA-LKGNet-YOLO 5 YOLOv7 & A%
£ 0.37% 2200 . X0l T A TN
ZJZRFIERA B BIFPN, R 7E M HmA T
XU R e, YR T AR R, T B
Jel RS e M, DA A PR A2 0N H AR g 5 T
T A ARG

WK TR, YOLOvV3 S vAAE7E B b 1 146 1
o, TR B A A RGO ) A ) A R I AT A
S TEE. BIES (a) B H, SRR
KRB S RGBS s amiE. FtE8 (a) 1

RHLZEEMG Y, yolov3 55K 5 RALSCHLA L) 3 3
PUN R Rl X T BARE R 22058 T 3
ORI , SIS P S, H BSO8R
fEFE R T8, 78 £ T ML A= AL AT LK
W 28 2 ST AF 9 2 ) o7 B EA T VEAS 300 A 1R
S M R T PR 46 ) 5 5 T 3 1 T AR A Y
S8R, IO 24 XoF 5 A T B ARRAE (1438 TE BB ORI, R

RARFHRIRI AR I BE J) . AnEl 8 (b) YRR
KM RS A 25 R r 7R, DA-LKGNet-YOLO fig
A7 50RO

#3 FREEEMEEL(UA)

Table 3 A comparison of different models (UA)
1%

Vb Backbone ~ mAP 5% KHL
Faster—-RCNN

ResNet50  91.03 87.15 94.92

RetinaNet ResNet50  92.76 90.34 95.19
RFBNet VGG 91.59 85.81 97.37
RefineDet VGG 88.80 78.92 98.68
SSD VGG 88.69 84.99 92.39
FSSD VGG 9295 877 982
YOLOv3 Darknet53  90.90 83.00 98.81
YOLOv7 — 96.77 93.88 99.67

DA-LKGNet-YOLO(A ) DA-LKGNet 96.21 93.51 98.91
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R4 TRRBHFEEST L (AI-TOD)
Table 4 A comparison of different models (AI-TOD)

1%

itk Backbone mAP Al BR ST SH SP VE PE WM

Faster—RCNN ResNet50 11.15 20.66 3.85 20.18 19.00 8.9 11.86 4.49 0.30

RetinaNet ResNet50 4.67 0.01 6.60 1.83 20.85 0.06 5.66 1.77 0.53

RFBNet VGG 7.65 14.35 0.92 18.21 13.42 0.02 10.94 3.38 0.01

RefineDet VGG 7.48 10.77 1.76 12.28 15.65 3.20 11.32 3.98 0.94

SSD VGG 6.98 14.50 3.11 10.89 13.05 1.90 7.84 3.12 1.44

FSSD VGG 8.15 15.21 3.25 7.79 18.11 3.09 12.42 4.32 1.01

YOLOv3 Darknet53 6.01 10.58 3.80 4.88 11.66 3.92 9.53 3.31 0.40

YOLOv7 — 11.7 22.11 8.21 18.37 20.64 6.23 12.94 498 0.17

DA-LKGNet-YOLO (4 3) DA-LKGNet 9.51 16.11 6.42 7.97 15.32 7.01 14.17 6.81 2.27

cicci,(ao:gér ca ioa&aurab .88 0.Bicar 0. s4ca [eX a:r 683 ar 0,77 O.¢ -
cacar car _car 0.73 fcaca i car 0.87).84
T ¢'|mw$
c AT
car car.0.6ar 0.79car 0.74¢ar car_Ocar 0,84.r 0.697.0.73 | ar 531 car 0.87).86:acar 0.car 0.87)¢gr 0.87:ar 0.87:.0.75
[ waaaa %aaw 238 3
o AN
Google earth
(a) YOLOv3 (b) DA-LKGNet-YOLO
B8 A Sy s 5 AR B A U 45 SR e (UA)
Fig. 8 A comparison of detection results between the proposed method and the base method (UA)
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W (ST). My (SH) ., Jigikits (SP) X LXK
HARZE T A SO B by, ABRAS SCHR Hh iy vk
R (VE). N (PE). K% (WM) X34
AR /N E ARSI L SR IR e g, X IR IR
T ARSI IEAE /N BAR RS A 350k

e 9 fr, 78 AI-TOD B8 4E |-, YOLOv3
AR B TR SR AT O, [ O A A
TG B AR B W R AR T AR SR A T . Bl
WE 9 (a) REM R, [F o455
PR, A DB A I B AR, ER
BT SRR O A . X2 i T /N B AR R
T YOLOv3 JC K o IR B bR 9 B RRAE . T 2
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L VE H bR Y 00 SORGE G B A, i £k
T YOLOV3 H A BBs . XTI 9 (a) Hrfd[al i,
DA-LKGNet-YOLO REW A &4 fif ke, FFAEEI9 (b)
TS E AR
45 FAEFENEZESH

J T VAN AL A, TR FARXT
TR/ N BN 1, TR AR B K AR 1
s BIREL (GFLOPs) . 2% (Parameters) .
T2 A . Fe S RS IRE AT HAD
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IR, SR LR AR T B[R] 43K B T e K
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Fig.9 A comparison of detection results between the proposed method and the base method (AI-TOD)

RS ERESW

Table 5 Complexity analysis

Jiik GFLOPs 2 i ] /ms

Faster—-RCNN 46.84 43781193 142

RetinaNet 26.01 36371327 73

RFBNet 74.56 44335262 28

RefineDet 98.31 35685692 40

SSD 67.37 36821726 94

FSSD 11825 42441822 41

YOLOv3 155.3 61529119 15

YOLOv? 106.5 37622682 12

DA-LKGNet-YOLO (A3X) 79.8 35802241 20
5 3 W
5.1 JHEALIG

N T BAEAR SR I IE I VERE 1R E M 4%

s 0n

=1 3
(b) DA-LKGNet-YOLO

YOLOv3 y3Eath 2 b, 4353 a2 I bt 2k o
B BRI EE BRI R E 4
PR A T A S 5 . RIS T B A X/ H
ARSI ) A R, FRATTOH TR 2 B 4 e AN TR R
HRNIEAT S, A3 G A SO O AN A R
BB ARSI K . X T UA SO 4, FeAi Dk
A HARFR BN T 322 322—96* FI K T 9614 E s
MHEMR Z AR /N Bbs . F BARRR B x,
FEG % B9 mAP,, mAP,, mAP,, %I AI-TOD
B, FATVE A Hbs i g 22—, 8—167,
16>—32° FI K F 32° 8 Z MK I HE AR 2 1w AL 40 Ky
We/NBAR . NERR . P ERR B, g
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511 EFMES NLHILREK R

L) SCAS I R R R A A R,
TEFEHE R 24 YOLOV3 By LA 2 F AT A2 Le i
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KRR, A ML R AL, LRSS Y
MRS R ANR 6, RTPR, H base fRFRHE
HERI4S YOLOV3 . K JEUR 0 5k pR Bt o 1 AT
PR %L (GloU) J&5, X T UABUEER, P4

TCUE WY R 1 2% 32 B B T3 TH R 28 X5 T/ B A
RS 01 E o
%6 LKGNetiHpiLm
Table 6 Ablation analysis of LKGNet (UA)

JEmAP 4 92.31%, #&% T 1.41%. % AI-TOD %% 1%
e, mAPH7.04%, &1 1.03%, XUEW] GloU ik mAP Car Airplane
1515k BRIl 5 T U MR T L BE R (3 base 9090 8300 98]
;{Qf%{/ﬁméﬁ YOLOv3 B/‘J33$Imé% Darknet—53*§ base+LLKGNet 93.75 89.12 98.38
Tﬁ%%:lzlijtﬁjﬁ,% Hj E/‘J LKGNet E , *{j{m *%:J-EE UA ﬁ base+GloU 92.31 87.80 96.82
Ji8E 371 0.85% . 75 AITOD $CHAE [ 45T} 1.41%. base+LKGNet+GloU 94.17 89.82 98.51
%7 LKGNet HREKL (AI-TOD)
Table 7 Ablation analysis of LKGNet (AI-TOD)
1%
YIRS mAP Al BR ST SH SP VE PE WM
base 6.01 10.58 3.80 4.88 11.66 3.92 9.53 3.31 0.40
base+LKGNet 7.42 14.01 3.63 4.81 12.84 6.33 12.56 3.75 1.49
base+GloU 7.04 13.20 455 5.58 11.29 4.62 11.02 5.10 0.98
base+LKGNet+GloU 7.95 14.21 4.92 4.99 13.27 6.63 12.36 5.67 1.61

8. RIGIH TIZBHXARR RS H A% ks
M. 78 UABHRAE b, 3R R A B ARAG i 25
RN T 24% . 2.6%. 3%, 1E AI-TOD
Bl AR L, 480 RUBE (0 B bR i 25 34 4 s T
0.7% . 2.1%. 1.7% F12.9%. XUEBH T AP H X /)N
H il v je A — s 4 Tt

%8 LKGNet% REXL(UA)
Table 8 Multiscale analysis of LKGNet (UA)

1%
Ik mAP, mAP, mAP,
base 89.7 93.1 94.1
base+LKGNet 90.4 94.6 96.4
base+GloU 91.5 94.1 95.1
base+LKGNet+GloU 92.1 95.7 97.1
®9 LKGNet% REXL(AI-TOD)
Table 9 Multiscale analysis of LKGNet (AI-TOD)
1%
Jrik mAP, mAP,  mAP,  mAP,
base 2.2 6.1 8.4 9.7
base+DA 2.6 7.9 8.9 11.5
base+BiFPN 2.4 7.2 9.7 11.9
DA-LKGNet-YOLO 2.9 8.2 10.1 12.6

) FEAIE 4 7 2 P 28 B () A 0, AR SCHE el =
T W25 11 YOLOv3 9 it 1 754731 il 52 56 A1/ H b
SEEG . Hod base {8 fd FH LKGNet 31 R 2% Fl GloU
B YOLO & ¥, base+DA s in A 1 & S 0LH A9
W24, base+BiFPN 375 U A AR ] ¢ 41F 4 7
PRI 45

WMFE10Fr~, 75 UABESE I, DABLHX]F
B RGN R PR TR W, R AR mAP 4
T+0.93%, PR JE A O REAE Al A A H FPN B 4
BiFPN #5255 M REFE AR mAP T+ T 1.45%.
T filA DA 55 F BIFPN BB S, 3 {K mAP 32 5
2.04%, FHAONEA —E RGP, R 115801
T DA BEHLA BiFPN B AE AI-TOD %48 4 b n ke
R . TERLS B S , A7 iy A RS i
BEET, FIRFERA . A K43 RN R
B EASHRTE T 1.81%. 1.14% F10.66%., | iR525K;
25 PSR WI VR B 0 HL 78RR 4 BT A8 v B T A A%
(IFE S =75 5 Hh A PR AR/ N H AR RIS SUE B .

£ 10 DA 5BiFPNERESEIE (UA)
Table 10 Ablation analysis of DA and BiFPN (UA)

512 WEFE NS AN @ FFIE € F 5 K
LRIRIR

T B UE T kR A LR AL 5 AR

1%
Tk mAP Car Airplane
base 94.17 89.82 98.51
base+DA 95.10 91.92 98.28
base+BiFPN 95.62 92.54 98.70
DA-LKGNet-YOLO 96.21 93.51 98.91
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F 12, RBGI TZBEIRA RS BiRrY
Kl 7KV 78 UA$G98 46 b, 380 UBE A B An A D
GERI AT AR T 2.7% ., 1.4% . 2.1%. 16 Al-  /NEARKGIYEREA — e 8Tt

%11 DA 5BiFPNERIELE (AI-TOD)
Table 11  Ablation analysis of DA and BiFPN (AI-TOD)

TOD XCi4E b, 4 Fh KRS AY H ARG I 45 50 ) 48
T05%. 1.7%. 2.3% f2.8%. iXiFB T A%t

1%
VRS mAP Al BR ST SH SP VE PE WM
base 7.95 14.21 4.92 4.99 13.27 6.63 12.36 5.67 1.61
base+DA 8.95 15.33 6.76 5.56 15.95 5.94 14.01 6.32 1.77
base+BiFPN 9.23 16.09 6.01 7.22 13.92 7.99 13.93 6.76 1.98
DA-LKGNet-YOLO 9.51 16.11 6.42 7.97 15.32 7.01 14.17 6.81 227

%12 DA 5BiFPNiHAISEH (UA)
Table 12 Multiscale analysis of DA and BiFPN (UA)

BT IR YOLOV3 #5785 A BY LKGNet f5
Bl GloU #55 B 4 8 0% 78 YNl 2k iy $90 1s E A T lie 8,

— — — — " FE AR R AR R /N i 48 2K i il v SR LA 2R

e o1 957 97.1] £ UA Z0dE 45 |, flG DA BB HI BiFPN A2 3 (1)

base+DA 92.8 96.6 97.1 DA-LKGNet-YOLO #5 % [+ 58 % 35 47 b 405 H A

base+BiFPN 93.9 96.2 98.7 HIR AR . 18 AI-TOD %042 4E | . DA-LKGNet—
DA-LKGNet-YOLO 94.8 97.1 99.2

%13 DA 5BiFPNiRESEE (AI-TOD)
Table 13 Multiscale analysis of DA and BiFPN (AI-TOD)

YOLO #8455 T BRI ZRISUIE L . 35 14
JEIR T B — R DL R i A R A R 2 e 4 |
FYINZRI ] o ks LA R 20 A 5, DA-LKGNet—

% YOLOBEEIZE UA FI AI-TOD ¥4 4 |- 43 5/ T
ik mAP,  mAP, AP, AR 16.1% Fil 12.5% BV 1]
base 2.9 8.2 10.1 12.6
base+DA 3.1 9.5 119 141 14 LR E
base+BiFPN 32 9.8 112 14.7 Table 14 Training time
DA-LKGNet-YOLO 3.4 9.9 124 154 Is
Itk UA AI-TOD

5.2 YIZRHK S E base 436 33642
lzl 10 %i? T (ﬁ Emgg%\ ':F' —éﬂ*ﬁﬁ% u&%@} base+LKGNet+GloU 327 25231
DA-LKGNet-YOLO 381 29436
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Fig. 10 Training loss
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Fig. 11 Visualization of the learnt feature maps (UA)

Au W | BN A L T
e c.‘:ﬁ:"'—‘:“"

‘m.mw !

(a) JI&l

(a) Original image

(b) KIFIMDA
(b) Without DA

TP EIE BT

8 & i
PEET Y T

(¢) ¥INDA
(¢) With DA

B2 RHEE AT (AT-TOD)
Fig. 12 Visualization of the learnt feature maps (AI-TOD)
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Fig. 13 Visualization of feature maps learnt by different fusion structures (UA)
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Fig. 14  Visualization of feature maps learnt by different fusion structures (AI-TOD)
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Abstract: Given imaging characteristics and limitations in spatial resolution, feature extraction for small targets is difficult, which

increases the hardship of small-target detection. Existing deep learning target detection network architectures are mostly based on natural

images and insufficient for the research on and exploration of small targets in remote sensing images. To overcome these issues, this study

proposes a remote sensing image small-target detection algorithm that combines a dual attention mechanism and a bidirectional feature

pyramid.

This work provides innovative contributions. (1) To solve the problems of small-target occupation in remote sensing images and the

usually huge parameter size, we introduce the LKG bottleneck and generalized intersection over union loss function into YOLOvV3 and
propose the LKGNet-YOLO network. (2) To resolve the noise disturbance issue and the drawback of feature fusion, we introduce the DA-
LKGNet bottleneck and bidirectional feature pyramid network into LKGNet-YOLO and propose the DA-LKGNet-YOLO network.

The remote sensing image dataset (UA) released by the University of Chinese Academy of Sciences in 2014 and the AI-TOD dataset
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released by Wuhan University in 2021 is used for experiments to validate the effectiveness of the proposed method in remote sensing image
small-target detection. Experimental results demonstrate that the proposed method achieves a mean average precision (mAP) of 96.21% at a
threshold of 0.5 on the UA dataset. On the AI-TOD dataset, the mAPy5 45 is 9.51% at thresholds ranging from 0.5 to 0.95. Compared with
YOLOV3, RFBNet, SSD, FSSD, RetinaNet, and RefineDet, the proposed method has an mAP accuracy that is 3.45%—7.52% and 1.36%—
4.84% higher, indicating a considerable performance improvement. Meanwhile, its detection level on small-scale targets is better than that of
Faster-RCNN and YOLOv7 algorithms. Compared with the original YOLOvV3, our method reduces the number of floating-point operations
per second by 48% and the number of parameters by 42%.

A small-target detection method for remote sensing images is proposed in this study. Its contribution lies in the utilization of the
YOLOv3 model with LKGNet as the backbone network, along with the design of a dual attention mechanism and a bidirectional feature
pyramid network, resulting in a lightweight DA-LKGNet-YOLO model. This model can effectively extract small-sized objects in complex
remote sensing images. The experimental results confirm the effectiveness of the proposed method.

Key words: remote sensing image, small target detection, deep learning, YOLOV3, attention mechanism, feature pyramid
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