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B E L 100190 )

& E: AN EG P AN B AR . B ARIEERYS | SR A A 0 [l i — R B T RURRAE 4 ERURT R Rk
Z W) H BRI X 2% (efficient feature and large receptive field network, EFLF-Net), i i3 i AL 460 J2 4844 FEAR /N
PRI A3 5 7E 3 T 45 Rl 3 04 48 S B DLER FHRRIE 4R BUSR 5 5 A PN 25 B RV RRAIE 2 2 55 B0 R R 80 6 43 M A )
4%, 1A S ) 45 56 B H AR 9 R SCURGABE 15 R FH Wise-ToU $i8 sR B Ak 1 FAHE [l F A2 E M. £F Vis-
Drone2019 #4542 b S50 45 R 3R W], EFLF-Net B IEMERIBI A IR B L& T 5.2%. SeAREREN iR
R S A0 L, O AR AR /N B AR . H bR A B AN 245 5 09 I AL R B4 R AR

EEIE: T APUBFOEE; /N BARK I FRAE4R B 2 REEAR{L; YOLOVS; I T 3UfF B ; B2 57 il 2k eR 8K
FESES . TP391.4 IEFEED: A  XEHS: 1673-4785(2025)04-0813—09

S| AR IR T, KR, THF, F ETENHERIAMKEZHNLT AVMMEEGBREN J). SEREFR,
2025, 20(4): 813-821.

# 5| F1&3: SHEN Zhenyu, ZHU Fenghua, WANG Zhixue, et al. Uav aerial image target detection based on high-efficiency fea-
ture extraction and large receptive field[J]. CAAI transactions on intelligent systems, 2025, 20(4): 813-821.

Uayv aerial image target detection based on high-efficiency feature
extraction and large receptive field

SHEN Zhenyu', ZHU Fenghua®, WANG Zhixue', SHEN Zhen?, XIONG Gang®
(1. School of Rail Transit, Shandong Jiaotong University, Ji’nan 250300, China; 2. National Key Laboratory of MultiModal Artificial
Intelligence Systems, Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China)

Abstract: Aiming at the problems of small targets, target occlusion and complex background in UAV aerial images, a
target detection network based on high-efficiency feature extraction and large receptive field (EFLF-Net) was proposed.
Firstly, the missed detection rate of small targets was reduced by optimizing the detection layer architecture. Then, the
new building blocks were integrated in the backbone network to improve the efficiency of feature extraction. Then, a
content-aware feature recombination module and a large selective kernel network were introduced to enhance the con-
text-aware ability of the neck network for occluded targets. Finally, the Wise-IoU loss function was used to optimize the
bounding box regression stability. Experimental results on the VisDrone2019 dataset show that EFLF-Net improves the
average precision by 5.2% compared with the basic algorithm. Compared with the existing representative target detec-
tion algorithms, the proposed method has better detection effects for UAV aerial images with small targets, mutual oc-
clusion of targets and complex backgrounds.

Keywords: drone aerial images; small target detection; feature extraction; multi-scale variation; YOLOVS; context in-

formation; receptive field; loss function
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HAKRMA, FEHRIMRAZE K, IF H Hir ]
REHA A [ /NI ™ 4, S — 203 T B R
For i B &2 2 R A TE A ML EAR B A A i) €
B, DL TR A2 W 4% (convolutional neural network,
CNN) iy B Al (9 553 © 0o 0 i, Horp,
YOLO(you only look once) % 511! SSD(single shot
multibox detector)!, RetinaNet(retina network)! |
Fast R-CNN(fast region-based convolutional neural
network)® F Faster R-CNN(faster region-based con-
volutional neural network)!”? Z 0 K H LG 2] T
Iz

N DT ANAILATAA R H BRAG I HE 3R o]
RGP R T —Fh 1 SSD U7k, il 45 A A
SBFFE AN [ R R AR R e &R, £ T/ B R
R ARG BE o Lee PV H& HY T —F 32 1) RetinaNet
B, Z A RORE ] A8 5 B A A ResNet-50 £+
TR B RR AR 4 3 )2 RN 22 3 TE v 1) 28 LI )k
RS, DA R e o KB A0 B s T — el
JEF Faster R-CNN [1) 22 )2 WU RHAE @il A B s A il
L, A BVR R AN B R, BT X SR
ZE M2 (region proposal network, RPN) H 4 4t i R
B, IR 2 RESBRER G 07k, ¥k A
AN FRRAE 2 B RRAE HEAT RS, TR e 1/ H AR
FERZFAEE G B R KM, B SEN
T —Fh RS YOLOVSs /) B bR 5 ik, %
FUBUZ 6 1 0 38 TR RS2 BUHUR , IF 51 A%
e RE = WALIN ORI E N = K7 Rl e L S E (15
IKfiE ST, Wang Z5U27E JE 28 W 2% YOLOX-X Ay 5
filh I, ) SAHI(slicing aided hyper inference) 4. 15
XY GREE AT T WAL PR AR 4 1 08 s FERR AR R &
W 2% (path aggregation network, PAN) B B¢, 5] A H
A F w2 AE B )ZFEAE B, JFEs 0 H A ks I
ks e, AL T 30 FEHE [0 U A9 B 2k pR A, AR
PGS I RS B2 o 4 A2 1 FE i iF YOLOvT
B, KB TR R A2 /N B AR R T2 Al A R &
W48 54, IFRT G T — AR Sk, 48 = B AR
PRI GE ) o (H2 XS A A EAN 2, 7E H R
RPN BREEESR . BERN Y sh ol
PRARASE | Y A IR DK A v 1) ) R

EEXE R b ), AR SCHE YOLOv8n 4244 1) S i
b, BRI T R T RUCRR AR 2 ORI A2 B Y
H B A 0 ]9 2% (efficient feature and large receptive
field network, EFLF-Net) 5 %, J7E VisDrone-
2019 Fda4E Bk 707 v A 3k

1 YOLOvS &

FE ATl H AR A 575, YOLOv8!! 5 fi
FEEJE | ERME O A By R S T T Y A A
J A . YOLOvV8 53k 72 YOLO £ 51 H Fn A il
S el o RRAS, SR T — B R T TE ) I 4%
g4, LIS It H br i 831 5E 7 AR A B X BE
J1o AL YOLOvSn 1E A SERIEL L, I fb iz
R e /N H bR . B bR £ R 8 55 2% 0y (),
A Y ) 28 2048 35 ) 2% (Backbone) | £ HE
B2 (Neck) G Sk (Head) 3t 3 #3434 . Back-
bone i % & DarkNet!!*! | ResNet!!) 45 45 FH 1 242
M4, TP B A R B FRIE(S B o Neck SR
FRIE 4 735 W 2% (feature pyramid network, FPN)!!
I PANUS By 5548, LLARATAS [F] RS i FRAE A5 2,
AT B2 1 6 AN R RS B AR 09 45 68 7 . Head W)
B 5T TN H bR 0 251 | A6 RN A R A A B

2 EFLF-Net ¥ %

2.1 EFLF-Net M4 4544
J TR TC AP EIR B bRk N B Aw
e K BE AR ) TR R, AR SCHE M T LA YOLOvVS8n
JHEL ) EFLF-Net H ARG 5512, 0 2% 25 44
Bl 1R, 5, @l AR 2 284, 2 2%
Xt /IN B b G BE ;5 AR 5 7 32T & Rl — A
) CNN 4 AR H 00 00 (5 B A 2%, o 0 2% 4K
57 R AR IORS B 5 b AN, FE S 4 5 A
25 BRI FR1E FE 4 (content-aware reassembly of
features, CARAFE) # He (211 71 R 7l 5k 45 1 4% 9 2%
(large selective kernel network, LSKNet) & £t 221, fi
B DL R 1 ek A7 W AR i o A RRAE R AT R AR R
2, ik D 2% DG T A I A 1) e AH DG Y 5 B) 7
X3 A BE 15 B e, 51 A WIoU(Wise-IoU) 1 25 pRi
B B 7 4R 1Y CloU(Complete-ToU)24, 2 557 1
2 13z Ak e T AR I A e
22 ALK NEZRG

AT X TE A ML B N B bR R g
S, TR A R B AG LR B 5T AT 4 HEER R 160
RZE X160 R E ) P2 /N B ARk Z, DL 5 & 55
PRI ZFE R R INBE 1 o WA, BRI A PS
(20 18 Z =20 18 2 ) Kol 2 (R Rz Sk, DA 42 il 45 70
BRI RO A . RIE S R IR 1Y P3 .
P4, P5 JH#& A P2, P3 Fil P4, 43 55l F T H /N | v,
KRB HAR, VEA S E 2 frs . Ho, # 2(a)
Sy JEUUE I 2 AR A, T 2(b) S A AR R A I 2

2R
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Fig.1 EFLF-Net network structure
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(a) YOLOvSn il 224244 (b) EFLF-Net Kl 224244

B2 KilEZRE3
Fig.2 Detect layer architecture comparison

23 KREBELEFMZ N2

SRR S WNGIN R EIEE L e sV =R Sl
[, 51 A\ LSKNet, 1% W 45 i i+ 2l 285 ) % 2 52 BBy
(AR AIE S BB B, B R0 b BT AN T) B s i s
M S 5 B 225 X8l B2 B 38 1o 23 [A] e FE AL
il SE B, XF Depth-wisel®! ¥ FHUAZ AL B AG R AE HE1 T
TA AN =S [l G o A5 AR A E AR B i A 2 25 3
# AR A AL RE A% 1 A5 N M TR R A 3E R R,
BEXTASTR] H AR 8 RSz B

LSKNet & 51 9 2% i i — 4> ] 1 52 e &
Ak, HA5H N 3 Bizs o 451> LSKNet Hefd 45
KAZEHE (large kernel selection, LK Selection) 1k
FI ATt P 2% (feed-forward network, FFN) F-He 3t

2 AR ZETH . LK Selection FHRAHR I8 55 B 77 5K 7
#0045 S 2 BT (1K) K /0N s FEN 7B U] 470 355 4 AF 1) 3
HIRA MU, B 1122 KESHE
Y§ . GELU ¥4 i% PRELLL K5 2 42 . LSK
R RA% A FRUT 91 23 ) s PR ML 4K, ik
AF| T LSKNet Bt ) LK Selection 73

(" =
/

LSK

3 KREEFEMZREER
Fig.3 A block of LSKNet

2.4 FHI CNN # 2R

A B 28 [0 28 1 [R5 S0 H AR A 4 1153
ML AT 55 Th A8 2] T 7z I H o SR, 25 T8 X/
FI AR s AR o PR R R, A% G 10 9 28 45 1 1
AR IR R PR RE o A DX — PR AR, Fe i T —
MR M SPD-Conv(space-to-depth convolution) FJ#r
) CNN #4 g, BT 8 FL Y 520 45 AR,
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S S 55 20 &

U2 . e 23 (8] IR ¥ (space-to-depth, SPD)
EHAEE LB RZA M, e RG22 R KR
fE &, JF4% Lo R XoF L AT A 80T SR+ . SPD
V2 W AR TR 1) 25 [) A B e 460 ol % B 48 B, 3 o 1
IEERR R TEZEE . IR LERZ R T
2 A 4E L, /b Tl aE 8. @ id | A SPD-Conv
PO B 50 175 B %, i HLAE R 28 31045 T
R R IO B AR RS R DL S A H bR
EALRE ST, SPD-Conv ﬁﬁ%ﬂﬂ@ 4 7N o

% % %\ 4C, \
® S/2
%/ 82

/2
FHIEE (X0 Y SPD

S
KN 1 RYAETR

B4 SPD-Conv #1k
Fig. 4 SPD-Conv module

R T [a] R AE X K/ RS xS x Cy,
R REAE E A

Joo=X[0:8:£,0:S :¢]
Sio=X[1:8:1,0:5 :1]

U0R?)

o =X[t—-1:5:1,0:8 :1]

[ =X[t=1:8 :6,6=1:8 :1]

[ 4 Syt =20} () SPD-Conv T REERIHR, i A
R RS xS xCy 1 JFUIR RRAE X o T 46 R E &
X et 25 [ -2, 13 e BB Xk tT
TR, ZRFEE IR RAE R XD T 4 A TR
TR, Ho A R E R Y 25 [ 4 B2 AR S /2,
EAEFEAI N C o SRJT 4 A TR B 1 10 0 4 i
Pk, 2R/ (8/2,8/2,4C) IR AE L X ¢
S M -IRERZ G, Bl —A WA C Uk
MR L (P KO8 D) BRZ, Kb G, <40, it
— A A B N R (5/2,5/2,C) B FRAE X o
25 HWAEBAMFFEEHKR

N 25 JBHI FRAIE B2 41 (content-aware reassembly
of features, CARAFE) 3t f& [ i 7 Jak 57 P Ak 38
SRR, R R AU S A EORPE R
77 3, AR A AT R0 4 e 4 ik P B 20 B AR X
FE, JF ELXS /N B bR i A I &R B, [ e H
defp iR A . CARAFE 8 A% 00 J5 3 2 3 1ot

J_l_l‘éiél’JlalJ_ IEPRAM AR ) Z 9 1 F 3R
S, I HL A A (SRR 40 (5 85 SR A R ik 1A

mﬁ/\ DU B e i ) R RS AR

CARAFE FE 43 A Fiti | R A A2 AR 3 21

Bidh o M AR KN CxHXWH | RrER
o BF, TN SRR A A 1 x 145 BUKE 38 T H0k
EC,, SRIE HEAT N2 G 5 T I SRR A% 1 T
A8 FH Kencoder X Kencoter F 5 BUZ AR, H: v A3 38 %K
GIE TR TR R @ IR oM | Yoy S 5 < B DI F
] 4 )3 b JBIF I A i o H x o H k2, 1 b SR BE %
B 5 AT A —fR AL 2R, B DR B AR 1Y S8 R
1o FRAE 4 A A R AN i Hh R AT 1B o7 B R A7 ik
55, BEECLLIZ AL E N 0 Y ke X Ky B DX 8, I
FHTRIN Y bR AFEAZ EAT SBUESE, DI i &
WE o 7B A [) 57 L i) — 308 3 A AR 1 =2 A4 [

B ERFERE . e, MR ST M CxoH x oW
FRAE A
2.6 IKEE

FETC AT B AR A I o 453 5% pR 2R RE A5 45
Y TE A 19 5 50 A1 42 B AR, R ST, DA
FOF-fi ASTRAT 55 2Z (B B Pk B br, DT 2 = 455 7
) A I 1 BE RN VZ AR BE 1 o AR SCB1 I R pR B
WiloU v3, H 76 AL B bk AT 55 b Bt % 52
) CloU ¥EA 5 ¥ . WIoU v3 % & T HAs iy IR
RN 22 S0, 3l o 5] AACE S50, o7 DUR 35 2
A ARG 0 3 S R A T IR B, R T VTA B R o
WERAME . A AL S8 07 5, WIoU v3 Xt 11 BLAE i 47
BAR/ANIEAT T ARG A0, A5 B AR AE
WY B S A i, DUREC S5 SR e, A B
T v A AR A RN AT R . S WIoU
v3 DA, AT LA EOO M T I B AR AN [ b S
TR, 8 PR E P ek ik, 9 — 24T
TE AL H BRAS I G 1 AR

SRUNLER-Yi R iR e SRR E = WA K TN i
M T T E A B 2 S LS WIoU v, H
BARREA N

(x=x)"+ (=)
RWIoU:eXp< (;72+H2)* g )
g g

Lyiovnt = Rwou (1 = L)

b Ay Sy FOIAE rpoC SR AR AR, X, ALy, O
SEHE R S AR AR, W, HLH SRy T AE 1L S HE 2
[ (14 5 /N LR TR 1) 08 56 A8 58, oy 29 T A AT
FAHEMI I L

i o A g i T — AR L R AR R BO R
HH T WloU v1, AT sE B T BA g 28R 5l
FHOEBSS (9 WIoU v3, R T W A6 B 3 4 o0
BC S mg, i1 WioU v3 fEPERE FARTT T 12 35 42
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Lwiows = rLwiount

P Lwous HELR RBUE, K H T 3SR H
DAk B B T i R AL, (AR R B U T E
i o B HE, I TE TS H AR By € 7 fE
af6 S B BABRERE ; L, W R ER
B Lo HE RIS BME . 72T AL
Sy B AR AT 55 o, /N AR e R, Y
T TR B HERE . WIoU v3 REfE sh S stk Xt/
PR A AL, LA TR A A6 I E

3 SEE I E 5 X AT

3.1 HiESE

J PEAR T B R AR R, SR BEEE T Vis-
Drone20 19061 % i 42 FE 47 50 01E o 1% 504 45 b Kt
K AISKYEYE P AR, 1 FH JE A HLER AR 15 &
8%, 105 10 Fh B ARZE5) . VisDrone2019 %45 4
AL 10209 FkFRAE R, Hd il 24k 6471 5k A
F, BE4E 548 K A, PSR 3190 5K B Ao
32 TWRHRERSHEE

ARSCHE SRR E W T BIER SN
64 {7 Windows11 £ %4 ; CPU & 13th Gen Intel(R)

Core(TM) i5-13400F, T /E#i % K 2.50 GHz;

GPU 4 NVIDIA GeForce RTX 3090, £ K /N K
24 GB; SB35 4 Python3.8.18, PyTorch2.0.0,
CUDAI11.8, SESHI - ¥ A B R B 9%
Gt —1 BN 640x640, Fii 25— R-F, DI T4k
PR % B I R4l IR (batch-size) A 8, B &
GPU BB 4 )R ia 17 ; I ZRiE IR IR EL (epoch) K
150, 3 5 7E IE A 0 45 RE S U 64 REMLAP i 0 1,
fi] S A TR Y1 5 = A I B AL AR, e ORE 5 5 BRLASE Y
AL 5 A AT R AILAS BE T % (stochastic gradient des-
cent, SGD) AL A%, IR FBH EE T L i 4 2 )
K WIIRF RN 0.01, BN F T BB N
{H 0.000 1, #1455 5 5K 0 24 2 4 B T I el
YRl B T SN ) SR B T R D 45
A Jey i fe /IMA
33 BSHEIER

ARWFFEAE VisDrone2019 s 5 b PPk v 14

RERT, PEH T RSB % P(precision), 4 [1]3% R(recall) .

SEPIHE B (average precision, AP) ., 474 Y (H
(mean average precision, mAP). {15 & (floating
point of operations, FLOPs ) F1£ %{ & ( parameters,
Params) & F8 PR AT LA T, BFE ALY K
B, IR G 2L 2R SRR R . mAPSO FIRZE
IEHEBIE N 0.5 I -F-24pK5 L 248, HAHR A =08

_ Nrp
Nrp + Npp
N
R= TP
Nrp + Ney

1
Ay = L P(R)dR

1L
MmAP = N;A;p

AT Nyp S B TE 6 T A 1F 28 ) 1 R A B
Nip 7 155 U A5 158 b W 70 A A T80 Ay 1 28 1) B
Nex o0 155 TR0 45 5 Hb W 1 R S 003000 Sy £ 28 1% B0 i
Al R ZRIM YRGB, N O BE 4 rh iy 285
B, Moap 9 ITAT 250 00 50KS BE 1 2404

3.4 LBWHERSHH

3.4.1 LSKNet A3t W 414 48 449 %5 vh)

A T WAl LSKNet B TE A [F 7 B 51 AT M
ZEVERE MY SE I, L) YOLOVSn fy SL v b Al | %3t T
W 1R T LSS, B AE 4 T A M AR H A
XA AL e B ELARAVE ] o SEg 4 FPOR R 4 fic
B AT T IR LSK-B 2R 768 T W 48 1 45
44 C2f BEHL S 7R N LSKNet il LSK-S /R 1E
/NEFRRG B LSKNet Bitk, LSK-L F#/R7E K
H 452 )5 % in LSKNet £, LSK-N 27~ 7 20 34
W 265 1) 3 A H A 3t J5 AT US Jin LSK Net A5, 3 i
RSB TR BT AN RIS HRA B 5 LA U] 52 1)
L5 RFIESEE . H bR LA B s AR MR

F£1 LSKNet AR EFTELER

Table 1 LSKNet different position comparison results

R mAP50/% P/% R/% Params/10° FLOPs/10°

YOLOv8n 313 42.6 319 3.00 8.1
LSK-B 31.9 423 321 3.16 8.3
LSK-S 32.7 45.1 325 3.02 8.2
LSK-L 32.0 43.1 323 3.13 8.2
LSK-N 32.0 42.7 32.6 3.17 8.4

T IRACRRILER, T,

S 4E SAT 40, 75 YOLOvSn A5 /s H bk
JZ 5 BN LSKNet 88, 355 il A 84 i d5e /> 19 [+)
B R DUDRG B A5 21 T e K4 T BRI, e B AE /DN
H 5 2 J5 % I LSKNet #EHei] LR G fe AR RE -
342 ZAFExILER

b E— 2 ¥E Al EFLE-Net 892 %t 6 AMLLIA
B HIN B s . B bR PR 55 % B bR A
3, ARWEFELE VisDrone2019 5 FIFE T 5
oAt 32 3 H AR I3 0L A X e SE g, BRI
Faster-RCNN, CenterNet, RetinaNet, CornerNet,
Cascade-RCNN. YOLOv5s. YOLOX-s 1 YOLOvSn,
B REPR B AR 2 s



- 818 BOE R & v M 5520 &
F2 mAPSOXTLE LR
Table 2 Results of mAPS0 compare experiment %
g Fbr2esl o
TN AR AfTE WE muE FE RS M=k BLh BEEE
Faster-RCNN 21.4 15.6 6.7 51.7 29.5 19.0 13.1 7.7 314 20.7 21.7
CenterNet*”) 28.0 11.6 9.0 51.0 36.5 27.9 20.1 19.9 37.7 21.0 26.0
RetinaNet 13.0 7.9 1.4 45.5 199 11.5 6.3 4.2 17.8 11.8 13.9
CornerNet™ 20.4 6.6 4.6 40.9 20.2 20.5 14.0 9.3 24.4 12.1 17.4
Cascade-RCNN 19.9 12.3 8.4 54.1 353 26.4 17.4 9.2 422 19.6 24.5
YOLOvS5s® 39.1 31.8 10.2 73.3 354 31.7 19.5 11.7 38.9 37.0 329
YOLOX-s"* 150 109 4.2 493 24.4 15.7 10.5 6.1 25.6 16.9 17.9
YOLOV8n 33.6 26.4 7.2 75.0 37.1 26.9 19.7 11.7 42.0 33.8 313
LFEF-Net 43.9 34.7 11.5 80.4 41.7 28.0 22.3 13.2 46.6 42.9 36.5
LEG AR T EFLF-Net Bk ey A0 AN H R T EFLF-Net G #A0L T HARGINZ,

TH RY g, R, =4 Wil =%. 1
+FIEEFE 4 A mAPSO {55054 43.9%. 34.7%.
11.5%. 80.4%.41.7%. 28.0%. 22.3%. 13.2%.
46.6% F142.9%, W15 T HBALRR . SIEAERIR
YOLOV8n [) mAP50 {17 %} b, EFLF-Net &%
AT AN HAT S . =R AR =5/ B r
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