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Infrared aircraft detection algorithm based on adaptive
weighted fusion of global-local context
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Abstract: Objective An infrared aircraft target detection algorithm based on adaptive weighted fusion of global-local con-
text (AWFGLC) is proposed to address the challenge of insufficient target feature extraction due to the small imaging area
and weak radiation intensity in long-range infrared aircraft target detection. The global context focuses on the overall distri-

bution of the target, providing the detection algorithm with global information regarding targets in images with strong radia-

Wr#s B #A:2024-06-03; 18 [E] B #1 : 2024-08-28 ; i ED 2% H #7 : 2024-09-04

# BISVEE XNl 1g19741011@163.com

E&TE : FERFIE R ([2022]20) ; 55 4 8 S4B AURMIFITH (21A520012)

Supported by : National Scholarship Fund for Overseas Study ([2022]20) ; Key Research Projects of Higher Education Institutions in Henan Prov-
ince(21A520012)



%ams, XM, 3L, EE
$30% /E 38 /2025 £3 A ETF&B—RBiELETXBEERMNEAERLII AN E %

tion intensity and clear contours. In contrast, the local context emphasizes the local details of the target and the surround-
ing background information, offering the detection algorithm local information regarding targets with weak radiation inten-
sity and blurred contours. Therefore, the global context and local context should be combined in accordance with the target
characteristics in practical applications. Method Based on the global-local context adaptive weighted fusion mechanism,
the input feature map is randomly divided and reorganized along the channel dimensions, resulting in two separate feature
maps. Compared with global and local context modeling for input feature maps based on a specific arrangement or simply
dividing the input feature map into two feature maps, the arrangement of the input feature map during iterative training can
be diversely changed by randomly reorganizing it with different random numbers in each training round. Global and local
context modeling can help the detection algorithm learn additional diversified and comprehensive features by combining fea-
ture maps with different arrangements. The global and local context modeling of different combinations of feature maps can
enable learning of additional diverse and comprehensive features through the detection algorithm. Moreover, the complex-
ity of contextual modeling is reduced by half by dividing the input feature maps equally in the channel dimension and per-
forming global and local contextual modeling to reduce the complexity of contextual modeling of input feature maps. A fea-
ture map is subjected to global context modeling using self-attention to realize the following: establish the dependencies
between each pixel in the feature map and other pixels, demonstrate the correlation between the target and background fea-
tures, emphasize the more salient features of the target, and enable the detection algorithm to perceive the global features
of the target effectively. The other feature map is divided into windows, and maximum and average pooling are performed
within each window to highlight the local features of the target. The pooled feature map is then subjected to local contextual
modeling using self-attention to establish the correlation between the target and its surrounding neighborhoods, which fur-
ther enhances the weaker parts of the target features and allows the detection algorithm to perceive the local features of the
target effectively. According to the target characteristics, the global and local context feature maps are adaptively weighted
and channel spliced using an adaptive weighted fusion strategy of learnable parameters, updating the learnable parameters
along with the optimizer under the guidance of loss function reduction of the target detection algorithm. Subsequently, fea-
ture maps containing more complete target information are obtained using convolution, batch normalization, and activation
functions to enhance the detection the capability of the algorithm to discriminate between target and background. The
mechanism of global-local context-adaptive weighted fusion is incorporated into the YOLOv7 feature extraction network,
and the context modeling is performed on the downsampled 4-fold feature maps and the downsampled 32-fold feature maps
to maximize the physical information in the shallow feature maps and the semantic information in the deeper feature maps,
improving the capability of the model to extract infrared aircraft target features. Result Experimental results show that the
proposed AWFGLC mechanism outperforms the contextual mechanisms such as global context, position attention, and
local Transformer in terms of detection accuracy under the condition of increasing the number of parameters and computa-
tion in the homemade infrared aircraft dataset. The proposed AWFGLC mechanism tends to learn the global features of the
target. Compared with the YOLOv7 detection algorithm, which has the second-best performance, the proposed AWFGLC-
YOLO algorithm improves the mAP50 and mAP50:95 by 1. 4% and 4. 4%, respectively. In the publicly available dataset
of weak aircraft target detection and tracking in infrared images in the ground/air context, the proposed AWFGLC mecha-
nism learns the local features of the target. Compared to the YOLOv8 detection algorithm, which exhibits the second-best
performance, the proposed AWFGLC-YOLO algorithm improves mAP50 and mAP50:95 by 3. 0% and 4. 0%, respectively.
Conclusion The infrared aircraft detection algorithm proposed in this paper is superior to classical target detection algo-
rithms, effectively achieving infrared aircraft target detection.
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i DR T R A O SRR DGR . Z1Ah A A Y
ik AR £ B CHIL L ETHHLRIIC ANLAE , 24204k
AR ] 2 2 T R S H AR B I, HARTE U
235 HUR TR A O A A AU AR SPREIESS , A BT B4 AR A vk

0 35l

T

2141 AR il 5

H

711



712

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 3,Mar. 2025

Jok T o MR IZL AN AL H PR AL, S 32040 KL
HARR I PERERS2E . HFIT, 20410 AL H ARA i 3= 22
AT E AR ERG B S ) A 8 05 12, (EDRG 1 S A6
AN T A0 R0, AV SR — LR M e g e,
WMESE I TCRE R J1 o TRIBEF ] IR B AR R
G 0 i 22 3 R A ), B SR ORI B ARRRAE 3227 )
FFRIRNGE ST, e MRRELAN H bR A I ) (8 1) A7 0GR A%
TRIE 57 2] FUBRAS I 73k 325843 by 5 e 8 DI 8 3
[ B2 4G 1 48 5 41 R-CNN (region-based convolutional
neural network ) 2 51 S F T [5] 51 (14 BB B A il 553
41 YOLO (you only look once) % %1 . SSD (single shot
multibox detector) R 5155 . AH LI BER 2, BRI B
ARG I 530 A ) 3 32 B ik A A ) 5 A g SR
(PRl 2% ,2021)

YOLO %457 (Redmon Fl Farhadi, 2018 ; Wang
45 2021a; Wang 5%, 2023 ; Ge %5 ,2021) 1 3 4) H b
{14 A A S 0 AT [ 0, 5K o 381 it P A 000 7 = e
o A 32 vy ELRS IR B2 PR, A EEHAL YOLO & 41
KM, YOLOVS Fl YOLOVT 704G I A% 28 554 i 22
(] A5 B 4 1Y 7 L DRI 22 B OE N B fE
YOLOVS Fl YOLOv7 -5 HARAE 55 AH 45 5 A figk phe 52
Pl B0 C P 8 45, 20245 BEIIE 45 ,2024) o Zhou 55 A
(2022) LA 73 Hi A4 F AL [ETAR AR A I S5 O A
IFAE YOLOVS HYRFAE R 19 25 h 45 45 3 W % TR 38
JRlRR R 25 1) 4 7 B M A AS R AN 22 SRS B 45 4, il
(ER Rl Rz 4 2 S HEAR NI RSB B =l =R 7
FRAE R FRR . Wang 28 A (2019) 78 YOLOVS (1 45
TR IR 26 v fii FH 3 U0 SR AR VR R I B R AR I 1Y
RN, I 4 46 1 He ks YOLOVS 25 J2 % Hh A T
FELREAH N, B G b R 5 950 22 T 45 I TR J2 I 2% v 21 411
KHLI O EAE B RS N R E N RE T . T A
A (2024) 15 YOLOVS [ FFAE$1 B 2540 A B T 305
B AN Inception 4514, $& m A M L AE A0 50T
X EARFHE R $EIBE T o AN, ERFAE Rl R0 45 vh
SR PRI B0 A R 5 B RO il 5 A R] 2 4%, AT 42
R 5k 3 H AR FEAE AR R o Zhao 558 A (2023)
{ifi | MobileViT (mobile vision Transformer) W & VE ~
YOLOVT B 47 AIE & I P00 26 ok e I A ) 5 vk &2 A
FAE FRAE Bl A B 4% b i H CARAFE (content-aware
reassembly of features ) 24 I >R A J7 5k 0 22 M
B HARFRAE A B . Hu 55 A (2023) 78 YOLOVT AR
i LB (14K B8 LU 20 IO R E | A 0 5 vk S A3k H b

TERA S5 B o TRTIN, foff FHMEAE AR 42 41 450 2% e £R
AT 00 265 14 553 0 A A §14) 2 >, 98 A 00 555 0
HAREI32KAE T . 5KEMESE AN (2024) 85 YOLOVT K
TR PR LeakyReLU (leaky rectified linear unit ) 3 4
4 SiLU (sigmoid liner unit) , DT 32 AR I 2505 1
W SIGH B SRR At . it Ah, H T 1/ B iRk
DU, 3 A A /s H A o

FRTTE MG S R R AR TR
HRHERLE RS FRAE BEHESCE 5 0 ek
AR BRSO A B SO AG DN B39, O BT LT H
PR A )R B SCFE R SR, 78 B ARK AT 55 rh il
A BTG BAR T X HER 5755, TS T+
DAL H AR A ISR o IR ZE 45 A (2021) 51 A
4 Jay bR SO i AR B AT 42 Sy bR SO
AR, DT o 56 DN 53 72 BB 0 B - IX 43 H s 55 5t
Hou 55 A (2022) 4 i 42 sy R 3CfE BER A ROk i
e G 2 114 4 Jeg SRR RE 7, 98 s A I B X TE AR
[ HIHES T 2050 A bR 51 AR RERIIRE S . B4R
AR N (2023) F 22 U SRR G 7 AR A X i
22 RS RAE I P PE AR 2 PUFIE Ry 25 8] B
SCAE B AR THR R H bR 2 1] AL & R RO RE
Zhang 55 A (2021) F A [R] K/ AOAFAE B R S 5 |
T SCAE R DT HG 5 S5 A S 25 ) G PE . DA
EORFERI AR R SCHLHZ A A AR5 55 b Al
X Z IR & AR AR %~ ) HARRY b F 3¢
TR L I ARSI B X H RS AR T SRR A9 ) 1)
REJT o SR, 42 Jm) bR SCHLHI R 2 2k T EIR 42 )
(R B AT AL, AT 98t H AR Ry 45 8L, % s A HG
JE 4B 4 ) A BE D 5 o TR AR BT SR
(Yang % ,2024;; Jamali % ,2023) 0] D457 H AR5 3
Jo L& S 8 A DG, 85 H B AR AE B 55 B8 4, i
RGN A5k B T T H b A BT Sy R A5 R L DA T 3 5
Xf H R R BB ARAE RO ICRE T o A S B I FH A 4
JR AR FR b SCAE A R R I AR I AR R R AT BT
e

2 P NS 7 VR LB S o o R T
R 3C A A N INAL A (adaptive weighted fusion of
global-local context, AWFGLC) MLl # YOLOv7 £ 4}
CHLEARR I . A SCEETTERAN T < DB XS AL
HERALE B AR T R — R BT SCA
TN SIASC R AL AR Shy G D0 Bk 42 AL 5y 5 2 11 B
PRRFIEAR B 5 2) B 2 s — a8 b S0 8 A il



$30% /E 38 /2025 £3 A

Rems, XN, SILiE, EE
ETL£B—BE LT X BEN MRS B IN CHlLG S %

A WL B YOLOVT $RAE 32 UM 28 R [R) J2 4%, 7653
I JZ AR P P G B A BRI 2 A TP i
A E L AR AWFGLC-YOLO B, 3 1% 1 T41 4h
RINSE sl

1 £F—RB8EtTXRENMNMS
P

A JR— Ry AR LR SCH & BIA LA e 5 H
BRAFAE , B A I 5k Xt F AR Ak A IR RE T, -4
s HAR SR AHIBIRE S . 2R bR SCHEERR L
T SCHE R R P R 84 7 EEAR Bl F AR ) AN TR R AT
TE2E 5 , AR ARSI IR, Rl R P 10 S0 o 42 )y
S N (= S N [ IV i B S ol " /A Y ]
LA iy A RPALE P 7300 0 48 P R4 T B ML o 2 5 %0 )
(G N R S 1 I B o (T B Y ol o ol O
5 5 — NIRRT 8 R F BEA TG, BE S AR
WAL BT H N FRVEA T SR AR bR SO e 5 s ] HE 4
FEEJRITR LR SCRRAE IR o T AT 27 2] 250000 A 3 B
IAUHE NS R 5 45 BT SCfE B AR B SUE R,
FE FAR AR IR, B A I 500 AR i 4 JU ) 2%
XL CHLHARIRAE SR IGGE S . 2R—JRi BT
SC A E SRR S LA B4 R AR AN 1 BT

e JRy—JRyER L ST S A Rl AL A ) B A

HxWxC

I EH 55y
F, Hx Wx (CI2) F, Hx W x(CP)

LR HERS H5y
B )
RS

Ly L
F, F,

SiLU(BN(Conv()))

HxWxC
B A Ja— Rl b 30 H IS A Rl BIL

Fig. 1 Adaptive weighted fusion mechanism of

o

global-local context

TR A A S R AR R S
BRI EB T SCHEEBCRI A kA 5 AN ThREFA T, HAK
wmF:

1) A ET 38R HES =X i A RRAE P81 o
B MK A RRAE BT 4 S AN RRIE R i T )R B R
SCEEBCR R R bR SO ZE R AR 2R, I 25
FUGE A AR R BEALE A TREMLEE 24, rT LA £
Pt 502 B ACRRAE B I HES 7 2, XA TR HE S 4
B FRIE R AT 45 T SCHVSR R 1 T SO
AT LLHS Bl I 530k 2% o] 1 B8 Z2 A4k B 4 1T Y RRAE
BEAN , Rt/ INX i A RRIE ] T SO S 44 3 X
i AR PR S G A B A T 350 0F 4 i AT 4 )R |
SRR EB R SCEAR R ACRRAE
F e R™ "V e F e 18 2 B b 47 AL B 4145 51
HEFRAEE F e R™ "¢, Bl , 703 18 48 B X} Fr it
ﬁﬁkuﬁﬁzﬁk F() c RHXWX(C/Z) %I] F1 c RHXWX(C/Z), ﬂnlgl 2
JiR o

HxWx(CR) F,
2 iE ] 5505

Fig. 2 Channel reorganisation and segmentation

HxWx(CR) F,

Bl ML 4 2 BRI (8] F e R T R R

Sl R E RS TRL I BT ELS 100 B R 5 AT

10 T FHE 3 R0 53 e 308 T PFRE A P 1 1 3 A
YR A3 2P HR IR 4R B AR I . Bl

F L = f(F %, %5, 0%, 00, %, ])

(1)

Fo,F, = (F'[%5,%, %, "x]) (2)

Ao, £ FoR % i A CRRAIE 1 A R b AT

s f Fe X P ERRAE P EAT R 3 o o, s i A

(RSN Repe i FI= IS
)M R SRR F P R R R

’
[x37x]9 Xyttt

713



714

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 3,Mar. 2025

5HAR R S RIS C R AR 42 R SR
TEE F,, 48 A R 5 Py R AR i 3 TR
BARIT B Fo (WYEFE AR 48 (C/2) x (H x W) -
I RS M B B By FE F . HEEAR softmax PRI
(R A A X I K, 5 30U G R B R B 6 3 5
JIN AT 2Rk A Hhe F S B0 B3 4 FOBR LAY d
PEATARTL, d S A 4, A F S P
M55 B FY AR, SR 5 BEAT softmax FR4F , 45 R 5 FiAH
Tt 4 i 5 FOMRIIE 19 8] A 145
Ho BRI

Fg? F(l;9 FS :fLincar(FO), le;ncar(FO)o vain('ar(FO) (3)
q k"
F,= softmax(M)Fg (4)
Jd
FH, [ PSRRI 5 softmax 78 G PREL

F, Hx Wx(Cl2)
pool h xw x (CI2)

Qr==

F, Hx W= (C/2)
att' h < w x (C/2)

K3 AxJr () AR s

Fig. 3 Global (local) self-attention modelling

3) A BESE H AR R EBARAE , LK/ K3 R b x
w X (CI2) T AE F O 8h K X5 8 i A 4E N
h X w x (C/2) i patch, W& 4 Fi 7% o £ patch
HEAT e IO A AN P-4t Ak ok 5 H H bR XY (2 25
TR RHE , 9745 2] e Kb AL FRAE 8] pool,,, T3
AL FFE B pool.,, % pool’,. 5 pool, HE 47 [ A
IS E AL FRIE E pool’ s T RILRE Ky

pool',. = fr " (patch’) (5)
pool',, = f£"** (patch') (6)
pool’ = pool, D pool,, (7)

Ao, f o FoR RN R BN kX ks B
BUREAT P24 5 £t FoR R/ BRI
ko ks B9 BREAT e R AL 5 © 275 R M AR
pool' KR i A Jry R AL AFAIE &

TES i e B M AL R AIE (5] pool’ B AT HITE )

K4 @ klsr

Fig. 4 Window segmentation

RO R A RAE B R ME R S HA R R S 2]
Y SCHR A, 15 2 5L T AL Y JR 7 b SCRAAE (8] au',
PN TRERFAE 27 ~J 19 45 500 2 M e B As SO 488
W ave’ T AT R T SCHFAEE F e R7V,
W 5 B o AN T A RO S R
), B Ay

pool!, pool!, pool! =

o o . (8)
quincar ( pOOIL )7 le;ncar ( pOOlL )7 fﬁil]cal‘ ( pOOlL )
q k!
att’ = softmax( poolipool. ) pool., (9)
F, =f ([att', att’ -+, att']) (10)

T, [ RN e TEZS (MR AT AL

patch’ h xw x (C/2)

|
[ i j

pool’  h>wx(Cl2)

AL j

pool’  hxwx(C/2)

\Y

/]
N pool' hxw x(C/2)

Jey H R T
att' hxwx (C/2)

( Z3 [ A ]

l
HxWx(CR)F,

5 FET AR LR SCHL]

Fig. 5 Pooling-based local context mechanism

4) il AT 27 2] 00 LI RIS SRS X4 422 g
LR SCRIE F, 5 R ER R SCF AT & AL
AT E PR AT B S, A AR A e — 1k



$30% /E 38 /2025 £3 A

Rems, XN, SILiE, EE
ETL£B—BE LT X BEN MRS B IN CHlLG S %

FHE PREICRAR AL & 4 Ry Rl R i L SOf5 B
TEEIF,, TnE 6 i .

T IS A W A A AT AR HiE 2151
AL H AR B R R S AT F, o H AR R 2 R LS
S S PR , Y H bRREAE R b i 16 T 22 5G4
)l N A U o il N N1 G
G0 B3k B b R T E s I Ak PR BT O 9 ) H AR R
fiE 32 Bkt HAR A el ae 0 . BRI S 4
Jay bR SRR R R SRR AT 2 2 A S 5003 )i e
N o F B, AE H ARG S5V 451 2% oR Bl e /NME 4R
T BEE AR T SECE B, BB RR
BUNW =[w,w,, - w,w, |, S HBUS 848 BT
SCRAE AR R E R SCRAE R - TR IE R S 15 3 3R
GREE F,, AR

Fo (%5 &0, xl,00, 2] ]) =

Wx[a X xS:a X x]7“.7B X xi7 '“>ﬂ X x(;] (11>

Ko  F N A L&
Fig. 6 Adaptive weighted fusion

RO TR B A R AR B SCRAIE

PSS W)
X =w, XaXx, +w, XaXx +---+
wiXBXxi-l-"'-l-wiXBXxC:

w, X[a X %, 0 X x,,+,BXx,,BXx,](12)

#tIH—14k (batch normalization, BN) JZ i 3 X 58
B FRE 0 IH — Ak, (575 2R 5 A & R 23 A B
IS E , DT B ARG 302 B R e 5, BAA
F.-wn

[Fi) s, 368 3 98 R el 5 A 000 572 R A% 4 2 A
) Bl v ARG AR Ak, I A ) B B S Y
SUAFER BN

Fr=vyx +6 (13)

Fr
F, = e (14)

et
A JR—JRp R S 8 N INA A Y e EE
AR
F, = SiLU(BN(Comv(f.(a x F,,Bx F,))))(15)

A, £ FOR I BHE 5 Conv FR BN LK
B 1 < 1 B UZ s BN Rt 3 —14k; SiILU 32w
PTG PREL w RN B A TR I ;0 FRBAFE
TEE 7 2% 57 S Fom BN |2 T AT 22 2] S8 e R
BN JZH i IENIfE S5

2 ETE£R—BRHLETXBHEMMKY
A HLHE B LI XU E £

ASCLLYOLOVT Jy SERHHESE , 07 48 Hh B9 42 )
— Jay#B bR SCH S B IAL A AL Bt T LLA R
BTN AWFGLC-YOLO , B AR Z5 4 2 &1 7 BT .
FLAMAY YOLOVT H b K 452 5 e by 3 52 ¢ R ik 412 B
W28 RRAE Rl G 1) 2 FNAGIN Sk 3 8R40 4 . RN SR
B 4% Hh e A 25 BB B (conv batch normalization
SiLU, CBS) . §" & iR 8% )22 3 A7 I 45 -1 (extended effi-
cient layer aggregation networks-1, ELAN-1) Fl 5 At
A6 B (maxpooling and conv batch normalization
SiLU,MP-C3) 3 ¥ 02H alo FRAERE & R AR R &
W2 2540, et A T T 5 F ) A 5 SO AN TR
RO BVRAEAS BEATREG , Hoh o Kl Sk (1] Rep-
Conv 7E T RAEN 845 (16 % 32 A% U AR A 18] I 47
EE SN TR NN S s R ERE SN

AR SOREA Jry— JRyEB 1T SC A A A L
Fil A2 YOLOVT FRAEFZIR M 25 vh , X 71 SRAE: 4 45 1045
TEFEUFD R SRAE 32 5 Y RRAE AT BT SO, 585
FI P Z AR B rp B Py L5 S AR 2 R E b i
S B $ R U B X LT A0 L H R AE B S X
RE T, T B 341 DX 3 H AR A 5%

NIRAEEE T F IS NIA ) 4 R — Rl bR SCHL
il AWFGLC RE % 4 = H A5 5 7 57 19 40 il BB 1 I 5¢
Y BRARFAE , 2 i RRAE i B 25 1Y 4 4% T SRR AR
Bl AN 8 B o 181 8 (a) R AR E 15, 151 8(h) Fer
iy AN B 42 Jry— Ry BB b SO IS A RS AL
ANFHEE, KB 8 (c) Fm 4z bR SCa s, [ 8 (d) il
Pl 8 (e) 73l 2 7n B 113 43 5 1t AR e A P A R 38
T SCE BRI 18] 8(f) Ran 4 Ja— R B SCH
T IIAR Rl HL A RRAE R N 8 (b) AT LA Y,
283 R AE B MR 28 i 4 )2 RO AR RS IS TR AE S
L TIANE S o i R i O i N = B ) I S e I
AWFGLC H5 ik & i [ A 5 AE f3 55 HL i B /D o

715



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 3,Mar. 2025

MaxPool

;..

|SPPCSPC| = CBS I CBS l CBS l———-{MaxPocl}—-[ Concat H CBS I CBS ’—
RS [Toncat CBS
L1
[ CBS l= Conv BN | SILU | Vi d-diig o
AR

.................

BN H ADD |—-| SILU I

|RepConv - Conv

R

: Pl
e | '
P | : |ELAN-1|= I CBS ‘-ﬁ CBS I CBS )—l—-’ CBS I CBS ’_l
] |
H -S|
| '
H [
¥d '
H Pl

| [

BS

] ke | — Concat (— CBS EBHETHR
ap: | -ens ‘EL.-\N-:[=‘ CBS W CBS w CBS CBS CBS
ﬁ ----- CB 5 --------- | MP-C3 |= Coneat T RERZ oot 5
i Wi B | cBs | CBS el [ cps |
B [
W cps
o ; re--
> | RER AR | Bk
o | e z
ELAN-1 I CcBS l—- Coneat MP-C3 }
MP-C3 : [UpSampling ‘
ELAN-1 |— CBS
MP-C3 ELAN-2 Concat ! i
ELAN-1 . I CBS l— Coneat ELAN-2 ; §
MP-C3 ‘ [UpSampling MP-C3 5 E
AWFGLC ; CBS Concat i i
ELAN-1 I SPPCSPC -,— MP-C'3

K7 AWFGLC-YOLO M4 4544 4]
Fig. 7 AWFGLC-YOLO network structure diagram

AWFGLC X}y A4 AIE 18 3 17 38 18 5 20 5 3 5315 2]
PSRRI, IF R P ASREAE 1B HEA AN [a] (9 4R AiE £ B
B, E 8(e) AT LAE H, T4 R bR SCRHIE [#]
REAS K2 Wt F bR 5 42 ey EHER h HAB TS SRR sk
B, 2 15 B BFr b B i G (B a4 )
AFIT X0 B 51 5. B2 1T SRR E
P 55 L P ) 48 A5 3R s =2 ] ) DG B M B R ) A
559, A SR RHE ) CHLHLE . LRI 8(d) FIIET 8 (e)
ATRAE T2 T Ak 1) R b T SRR BTRRAIE 1A
REfE 2 e H BRARe A 5 S B SRR A 1 A 5GPk, BRI
CHLAL B RPAEAS 3 1 3808, 33 A B TR 50 T 4
U B AR R BB REE . EI 8 (D AT LA, A3k
A il SR RE UK S B RIAE B AR
T SCHAE RIS 5 CHLLE RRAE A9 Jey 3BT SCRFAE
BT A RCR G N AR & CHL B AR A8 B A
(AR 1]

3 ZW5HH

3.1 KRR

2R SC S SR HH A R A 5T . CPU 25 2R Intel
(R) Core(TM)i7-8700KCPU@3. 70 GHz, iz TN 17 A
32 GB. GPU 5>k NVIDIA 3090 Ti, .17 K/ Ky
24 GB, B 5L - #RA4E R 52 i Windows10, 2 T
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Fig. 8 Enhanced effectiveness of targeted features ((a) original image ; (b)input feature map ;

(¢) global context modeling feature map; (d) window segmentation and pooled feature maps ;

(e) local context modeling feature map ; (f) global-local contextual feature map based on adaptive weighting)

(lateral-attitude-fuselage, LAF) | fil] [7] & 4% (lateral-
attitude-tailflame , LAT) . J5 [0l L & (backward-attitude-
fuselage, BWF) Fl J5 1] B 4 (backward-attitude-
tailflame, BWT) o F5£1 40 KHLEHE £+ IR 10% A9 L
I BEATL] 53 BB A AR, AR R B S
TR FE R 8 2 1 ) 3 IR S kAR
3.2.1 LEBH

TER A YN LR, 3 Adam BEFLES T 575
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MIBILRE 0. 5,
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o A B9 B D mAP50: 95 (mean average
precision 50:95) 145 i fE A AR HEATH 38 , PESRAAL
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HILLAD RHLBE S T4 R— R dk R SCH &
A5 B AL SE BT[] T2 > AR 42 R4k o
3.2.2 ANJELLE R SCHLH X E

L YOLOVT Ay JE v AG I 30 05, 7 LR AIE i 1L
28 AAE T RAERFIE IR 3245 T RAERRIE I (0 0 8
SIS 4 R R 3C (global context, GC) (Cao &5,
2019) H&E T B EE 89 B SCHL (position
attention, PA) (Fu %% ,2019) 3£ F J5j & Transformer %)

0 20 40 60 80 100
epoch

Ko 7EA ML CHLEEE S T2 ) SRR 4
Fig. 9 Variation curves of learnable parameters in

homemade infrared aircraft dataset

R 3e#Li] (local Transformer, LT) (Liu 25, 2021) F
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MF 1 AT LLIEZ R AH X T YOLOvT, YOLOVT +
GC Hl YOLOV7 + LT i mAP50 43 %] F [ 2. 1% Fl
0. 9%, mAP50:95 73l F % 1. 2% F10. 6%, YOLOv7 +
PA ) mAP50 #2755 0. 3%, mAP50: 95 $2 75 1. 2%, 1E
YOLOv7 J:hith b 88042 sy — s 1R SC H & B AL
A HLH AWFGLC J5 , 76 S50 FvE S5 it 40 5]
B 3. 6% 1. 7% 5 AF TS AT YOLOVT,
mAPS50 Fl mAP50: 95 5 45 73 il £& /& 1. 4% F1 4. 3%,
X E W AWFGLC BB % A 2% 4 4 A FRTE & Hh 42 Jm
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F1 AR ETTHEIE LRI
Table 1 Comparative experiments with

different contextual mechanisms

ik mAPS0/% mAPS00s/%, | oram: FLOPs
MG

YOLOvT 96.4 61.4 356 1054
YOLOV7+GC 94.3 60.2 362 1059
YOLOV7+PA 96.7 62.6 371 106.1
YOLOV7+LT 95.5 60.8 37.9 1067
AWFGLC-YOLO  97.8 65.7 369 107.2
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(Muhammad # Yeasin, 2020) 3¢ 7] fil b & fR 2 242 )
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FETR MRS PG R ] X8R 0 S PR AR . ELART
T L0 X IR AR O 1Y) X8, 33 4 DX B0 AR
TRUTIN %) B AR A A 5 L DX IR R R AR AR A ST Y
DX, 33048 DX I ABE TR TR0 A7 5K T iR R (e X el 3
71 A TR F O T 114 DX 33, 35K 4 XSl el A 78 3 0 ) B
BRAE /DN 3 T L X S B /R B A L S ST A Xk, 3k 2
DX 3t A 7 S0 £ 5 R /)

FEE 10 (a) Hr HILEF i 5 i B 5 ) L 4 B
S AR AT RS B D B AL a9k = 2R
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2& ep 43 S FH GO PA (LT J5 , A LR YOLOVT #5548
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BRI (e Xg) . WE10() AT LLE H, M 7E
YOLOvT HFAEfi B 4 v it A HE T 3 3 7 JnAL 42 =)
—Jar B R SCHL G AR SO S vE Y H bR S
JE AR (4Tt X e .
3.2.3  N[EIRGIN B AT L S

W AR AR 5 R G SRS F G D 57 Ceen-
terNet ( Duan %5, 2019) | 3T i SR AE A4 X7 B AG:
%1% Sparse R-CNN (Sun %, 2021) . =5 &50As: 0 ) 4%
Efficientdet (Tan 2% ,2020) .2 THr2 [ 302 B 19

() Jsanlalg

(d) YOLOVI+PA  (¢) YOLOVI+LT () AWFGLC-YOLO
K10 FET Eigen-CAM ] ¥4k &)
Fig. 10 Eigen-CAM based visualization of thermal maps
((a)original image ; (b)YOLOv7; (¢)YOLOv7+GC;
(d)YOLOv7+PA; (e) YOLOV7+LT; () AWFGLC-YOLO)

I3 Autoassign (Zhu % ,2020) . YOLOF (Chen % ,
2021) | % F Transformer () & ] % 75 Deformable
DETR (deformable detection Transformer) (Zhu % ,
2021) 3t F % 45 0] X 43 45 i 19 & I 5 7% DDQ
(dense distinct query) (Zhang 5% , 2023) . YOLOVS .
YOLOv7 (Wang %, 2023) Fi1 YOLOv8 (Reis % , 2024 )
G MR TR S, W 2 F s .

M 2 0] LA H, Efficientdet Al YOLOF [

x2 BRILDNCHBBE ENAREEILE
Table 2 Comparison of different algorithms in

homemade infrared aircraft dataset

Ik mAP50/% mgASI/);O: Pa/rﬁm‘ FL/gPS
CenterNet 92.4 59.1 204 142
Autoassign 94.1 60.5 79.1 360
Efficientdet 73.7 459 183 464
Sparse R-CNN 90.8 597 1059 646
YOLOF 80.6 49.3 23 412
Deformable DETR ~ 93.8 59.2 40.1 274
DDQ 97.2 65.3 472 2039
YOLOVS 94.4 63.7 139 164
YOLOV7 96.4 61.4 356 105.4
YOLOVS 96.0 62.3 250 79.1
AWFGLC-YOLO 97.8 65.7 369 1072
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SRS

(c) Autoassign

(d) DDQ
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I ARG AR CHLEER G TR 45

Fig. 11

Detection results of different algorithms in homemade infrared aircraft dataset

((a) Deformable DETR; (b) Sparse R-CNNj; (e) Autoassign; (d) DDQ;(e) AWFGLC-YOLO)
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Fig. 12 Training loss curves for homemade infrared aircraft

dataset with different algorithms
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Fig. 13 Variation curves of learnable parameters in

public infrared small target dataset

R3 RXFLIMNERBEE LHARREEE
Table 3 Comparison of different algorithms in

public infrared small target dataset

. mAP50:  Param. FLOPs
WIRFS mAP50/% 95/% e s
CenterNet 79.6 50.8 20.4 14.2
Autoassign 80.0 51.7 79.1 36.0
Efficientdet 64.2 48.07 183 46.4
Sparse R-CNN 76.4 50.2 105.9 64.6
YOLOF 54.2 20.4 423 412
Deformable DETR 81.5 522 40.1 274
DDQ 87.3 60.4 472 2039
YOLOv5 84.7 57.4 13.9 16.4
YOLOv7 85.3 56.7 356 1054
YOLOv8 85.7 57.2 250  79.1
AWFGLC-YOLO 88.7 61.2 369  107.2
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Fig. 14  Training loss curves for the public dataset with

different algorithms
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Fig. 15 Detection results of different algorithms in public infrared small target dataset

((a) original images; (b) Deformable DETR; (¢) Sparse R-CNN; (d) Autoassign; (e) DDQ; (f) AWFGLC-YOLO)
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