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ETF YOLO MBEENZ RELINEirE
0 o] %

EER A RY, FIRIE

VT TR 2A(E DR 2R 5 TR 2B (M 2424 08), Wil A 310018;
PR N TR AR BE, Wil 5 2% 314001

. A LTRSS s B AR H % (infrared target detection algorithm, ITDA) 3+ 4z 5 B 4% o 4 4E 69 32 B fo 4L
BRATR, FRRE, ZEERS, SHRIEFTREREMARRELN LI B AR, 25h 0 B AR MR & R HE A2 IR
AR AE, S4B AR R B KA, BE SRR HEMEN, HHAANLE TS, FREREIK, £H
EEBFTIREEHEER, AL ERFA, ALRET AT YOLO & A& S % RE 5 B AR N 49 A %
(adaptive multi-scale infrared target detection network based on YOLO, AFITDYOLO), % R % i iT % B 454542 B 3
BB RS IIE R 5 R E 49 BATRAR M AL /) o R % RS IEak O MFFM, 8 38 58 A A8 & F 35 P TR &
HAER A X, RAT S RERMERRSNEZR S RE ZHSIERRER MFECony, BT 4 £ REHE KX &% 5,
RAFHE TR R B BARSY = H AR HE—2; REIEE ) a8 CAFM, 833 M % R E) & b 4548 B 69 3 b 3
I, ¥R ERMIEEE, RAGIELRZR ). AT F4E AFITDYOLO 49448, £LAMN TS K IELE SIRST-UAVB Frit
BT AN E AR AEE CTIR Lk /7% %, mAP50 % 5134 2] T 88.9% #= 90.7%, 7tk YOLOVIONn 5 #1422 & T 5.6% #=
6.5%, 5 AR ZARTEIL, AL T EAMNSEERE. ALRB OIS BARSNE L, £5RELI ARG, E
T R FE g, THGRIRE.

KB SN BARARM; MHiEakd: BRELAMLLM; EEHMA: YOLO
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BT RBAMVUF TSR, LA RHR UL, &
K B2 RS2 I 2y T I R B TR A B 2 2%
(convolutional neural network, CNN) 7E#0 384T 55 77 1Y i
WEHT, BT UREE A 2T W LLAh B AR S5 4 it %
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B, SRR SRR R, AT
LA BARRIAG BE , T4 s BRI RIS AS R 45
AT FE TR L 24 ) P10 B ARl 3530 5 B0 1) X 4%
PR R T T AL AME I A PERE, A0 Yang AF AARHE£L5M/N
FAR A AR AR AR T KT B R PConv!™ -5 | AN
P2, M9 TRJERAESRIE, $2TF T LLA N B AR
FE; Zhao SF AFRH T —Fh TR BRI HLHI LM T
DA 3, 3 g b A DO R R AE 4 B 2 45
WEJIE, BERE T BT A B AR R RE
TATE BT s AR AT S5 A5, 2040 B ARk
AR = R RRIE SR I A B AR AE , (R AE AL
HARRERS KRS, 2 RSO PLA s, 22
PEBERRAK, ZESCPRR T, R RE 2224, HisR
BEAR—, ZRERNG R EE R R L m
PRIFR ATAEE . GNP OCEE, (H T 28R E I E T
B — R HPRIFA T, 3 SR X AT s A2 /)y H bR
P PR B A 6 5 K B AR ATE SO AT K, AR SCEFRHZ ]
R —FPEET YOLO 1Y F b 22 RBEZTA H e I
4 AFITDYOLO, H [y [F] A B Azl 0 £ 114 38 FH o4 il
PERE, Z MO R R B LT A B AR BRIT(8 FH 2 )2 4
TEFE UL Je 22 2 RAE Rl S A R i 22 RUOBE 2151 H bRk
MEEST o ASCHYELDTIRANT -

1) $2 ) —FP LT YOLO By [ 3 b 2 ROEEZL4h H bip
Rl 4 AFITDYOLO, i) 22 )2 REAIE S R il 45 1 5
EAN-SARIN =L 7N salll)i =

2) $ H 2 ROBE R AE @l & BL L (multi scale feature
fusion module, MFFM), i i 14 58 4R 1 4 738 th AN 6] 2
FRIEZ RIAROCHE, 32 REERHERLS I 2RIAHE

3) 4 ##E 2 M KR AE $R B B (multi -kernel feature
extraction convolution, MFEConv), i FHEEFR4, 14
KIESZHY, R RVRHESEERE ],

4) W AC LB JT RllA AL E (cross-attention fusion
module, CAFM), 3 15 4 I 19 4% H A [ )2 i o AR 11 F1 1Y
XFHASH., FIHRHER Z B EAME R, P ERa sk
MEFs | gD R R REIE R IR R

2 MXIE

2.1 EGBirENEE

ARG ARSI 7 O T A AE SR MRS 02X
—AZOD TR . RSyl AL S AL B JrE L RRIESRE

BRI RA DR, o0 BAUE R EG A RE, tnE R
HERENZES . HIRBARFEFHITHN . Dalal 55 A KT
FTHAE T HOGHSVM!™Y | % 05 v i JFH v 1) A6 32
HOG i B 7 18], FA R 11 5 H &1 HOG il
R A, BE T SVM B E 2R 88 X 416 1
FRIE M S AT 50 28, SCB HARTT AR . He 55 A4
TP EET SVM RILL AR HOAR By o R4 2% 15 e
SR IN TR, TR A B 8 R R
B RBRIEGIERS , rEIFRICE AR, I 4a 23R
PRBGREE . S K5 i/ NI BEXT LU RE | R TR BE AR i 22 LA
KA 10% 52 BB R 5 BR R WU RIE, SRHIZ2E
SVM #4715 YL 45 45, Felzenszwalb 45 A 7£ HOG 3t
fith I 45 3% F 4 19 A8 (discriminatively trained part
based models, DPM)"", 834 HbRAF 5 o b 201,
SRIGXT R ERAF AT O N2, e X S 5B
ITERE 1Y) H ARSI AY

fege iy Bhrtill gy ik, 4 T HAsik g ge, (H
ZALRE 2=, ARMENE R4 HARRI, [ 220 3R E
S S i SZ B

2.2 EFREZ ML/ Bt EE

ST Sermanet 25 AHE 19 Overfeat 5351 B K
i ONN AU T TR R R ICRAE , W 3 42Tt TR E
RiIRGET) . TSR, FEHETIRE kAR F A
% i Gt AR N ER el

FFE 4> T3 (Feature pyramid networks, FPN) [ #4)
SELLAN BARRIAT 55 A SCAL IR, O U2 BRI 5
ML IR I3, TERL T ol HAn 22 RO IRl Sttty . X1
BUNWLANER, FREEGEE Rk A &R —1
BEMAREE; X TERMLINEbR, FREE N
ZAN B 5y M2 SR UCRIE R O S 2 50k . (RIIE,
TERG 7 B A TR 2R 2051 B AR RRIE (5 2
RILONEEE, FPNME T A L PR, 46 781
GO ARAE LSS R AETE@L A . PANet!” 7£ FPN 1)
Hah LI T BN LR, ARTESPERERS
TSR SCRFAE R RS . BfJS . NAS-FPN' 1 BiFPN'"
P ORI R 2 N RHE RS . 5P 2R RS ik
AIAl, AFPN' ¥R B ARHE_F AT S8, FIAEE
TIHUHIRAE FAFERL G o AR AP 3R 1T RIPERE,
HEREEN THHREERE, A, RITHFREZR
JERHERLG, $2i0 2 RO RRERLG B MFFM, UK
T FPN BT AR S T B LR A kil M fE o
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FEFET CNN LA HERKE I o, Dai 28 A4 T
OSCAR HIRBEMAMLE", Yang % A5 A T EFLNet”
DU E bR 575 S A 1) A, ACM S 44 I J2 40
TR AR GRE S, 11 DNANet™ ! U158 2 B 4Lk 423
FTIXEE . XEET CNN ) 25 L 13 T 210 42
B4, HZ00T 8 i3 6 BUR SR ITDA a1 .
ISNet BRI 25 T RIASTEBAN, e T AR H:AE,
{EBEIN T INGRRT R 48 280 L, A Gl i s
T LB MFEConv, 3 A5 R IR 2 4RI A fiE

MRS EENZERGE, REME BRI
ST B A 50 A T R E T BIR h By S 2R
H5EERIEE, Woo 5 A2 T CBAM™, SZBIZT 41 HAR
WERRERI, B, A RhEE AL Bl R T 4T
NG Rl e A RS S = S (BB Sy 5 W o 1 ]
BRI AME B, AR08 A 1 @l A Bk CAFM,
TE A G0 X % A [) 2 e R PR 2 TR A R AR L, %
BRGS0 ERLT SN | SCEUERURRAE 5
IRHE T LR

3 Frie7E
3.1 AFITDYOLO

AR SCHR L —Fh LT YOLO By [ 38 W 2 REE 41 4h H
B K X 4% AFITDYOLO, i =+ (backbone). %0 #
(neck) FIKZ 3k (head) = ANEBAFALAL, BRI 1
B

AFITDYOLO #E #1254 T C2MFE W 45484y, S8
A REE BRI, %S i 1] MFEConv R e C2f
o Bottleneck™ ™ (AR EEFLZ, HTHETF C2of fE Ay
FROESRIAE ST, WIS sE dak . R IE G RB 5,
h T RIS Sk, R 22 ROBERAE Rl 2815, 42
th MFFM B8, A IR ZRIEHER], iz
I GIERAE 4 I TSR 2 R RHE A G, T T 2
RIEFRHAERE IRIRAE T o R T ilE— 2 LT+ 45 Rl i
AE, WA R TRl G CAFM 4 & A6 DU RS ff B
TERT ISR P3 (R0 BEA) . P4 (PLEE). P5 (R4 3%
) 25 T4 BIER B CAFM, 41 FROR [] R (1

——————————

________________
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h
h
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Fig. 1 The structures of AFITDYOLO
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LLANARR, ABEETE T LLA F ARSI BORG RE S B R

3.2 MFFM

FELTAN BFRRINAE 55 v, 3E 0t 2 RO RRAE A& HL
5l B AR E A AT 52 UE B AR A R AT
HMEMGAR R | IR ELE . B AR RO st A8 Ak = K )
B, ARAL G 2 RO FIE RS MLHI ARG, (G i S
HE IE Fl A R PR A HEA TR S AAR Z RS
WA SR E TR AHSCH: , DRI RR T 25 2 AH SRR 1A
L AR, AR SR T 2 R R A R B
MFFM, BREERANIE 2 iR . B SeRTi ARHAESE 7 13
AE TR 4 R AR R, 1 x 1 R B2 SR SRR B il 12
JERHEI R AFE B — 30, BB AE T T T R
A A SRR X, (8 =43 SO AT AR B4 SR RFAIE .

i T S HLE CBAM i 5 AT & bk )
T IE A DL S A gl E B, 1
Iy B AR I CBAM Xt Xo #EATAb B, 53]
WA IIREY, o 20 K A R A RO SR e B
B IERAE [, [RIA O B B AR R4 Y, B 1k R Ok

ERTNEISE
55 AN b iE st Sigmoid W BB 4 B X6 AR
R REL S, IG5 4 R AR B0 e 5 ARFE X
¥ Xm0k 4 41, H38X,ie1,2,3,4], &
LHRRAE 28 P B AR Conv 2 b B, 722k — A JH T8
TH B RRAE A O I R B RS o i RS 9l i FH TRk 41
PRI TR, B A5 4L AR AR X2 PR (Car), DB
JREL A SR A 7R R R D A R AR AR IE X e (Ys), TR
Tt (1),
X0 = X, -Saftmax{BN [Convm (X'S)]}
Yy = Xpnoe = Cat (X Xy . (1)
LA, AR R R R L AN EUR N £
REFFAE
S =AY SOK R AR IRIR B R AR IE I R A i
GBS E BBk, IR T A, HLAAR
o, E 2 TR, EARIEX ., X I x LS RAR
J&, AT E T —tk BN I 1 Sigmoid pR %L I
W AT A AR X R 7S T (s B w0, , %

roc?

ELA — Y

CxHxW

1

: Branch 3

- ) o)
Conv,, w

X v BN—>Sigmoid

1

1

1

. CxHxW AP ( w, |

: - Sigmoid =

1

| R

! BN—>Sigmoid ("~ )

1

e [ H e { o

1

1

L CoxHXW

GateGen

____________________________________
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B 2 MFFM %44
Fig. 2 The structures of MFFM
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FAASTR] B BRI A BB o 0 X B4 T A 38 07 -2t A
§ AP (average pooling)™" Jf-ifi it Sigmoid 1% pKIF15 5]
A B (Hws , FIFHBI(E PRAL Threshold™, 52k AR
I7] By B AE AR 15 B, w, SRR 18 (. w, 9847 L
B, JAHRE A ME SR EREE R, HHENENT
(a)lfw ,a)',”’) = Threshold (w,,w;),
(w12°w ,w;") = Threshold (w,,w;) . )

i 3 T R LR R B 4 A ()2 9 9 R A O
IR HORFFESE X, , AT 2 SRR 2 BT R A 1
PR Xy, TR TE R 3), HheRmB LR
Fer:

Xy = +w)0Xs,
Xiow = (0} + 5™ )@ X 3)

RO, W SAPESE I HEAT A S AL B, SR IR
FE ] 43 B AR (DSConv)P™ FlTT #5842 i #% GateGen 4b
SRS Xiow » AR CEA T 25 18 SUE B ARE ;s
1 x VSRR R FFIE AR 5 A PR (% 55 R RIE 42 1438 18 — B
REMEM L EL Y, B BA T EEE U
SBYRAE S SRR T 2T AE s AE R AT R A, (il
55 =0 Sk AR RE AL B R ANME R, 1 B RS

2N

B L3R = A0 S T AR A T, IR R AT
AR S (BLA)Y, i3 shS b 38 45 H AR e
DX s T 5 JE 6 R . MFFM 1955 FPN A A 6] J2 6
HARAE A S, RIZTE SRR 5 7% )2 2 [ 4015 R AE
TP, St T 2 RERHMERLA R RR T .

3.3 MFEConv

FET B R 2 W 25 B 2140 B ARREIN J5 2 2 50Ok Al
WEGRL, T Z0E T 204 B bR A (925 [ R AEY . 214k
Yt FAEAEAAEE LR Hbs, HREAR . 2mA
B, driEG RIC A A R . A8 SCEEXT A [R] R
Wit T Z R IE 4R 5 MFECony, HEB 280 40 4] 3
PR

P G B8 67 B (shift modules)!™ Xy A dRAE 4T
TiAb R, X AFEAE BT R 5 10 R AL A RS 7 5
PFERIPEA TS, A FEE s A RRIE I AR
1 MFEConv H', X AL B 5 B RFAIE (5] X, Fe3 18 2 J 1
Sk 6 A, i SAE AR, BRA ML T
] Conv . T EL I F J5 18] Convyey M 7647 % f1 26 7 1)
Conviy 6 MBI R T B Zde e R s g

A CAE B R B BUE W BN Al Sigmoid £k M # T
(SILU)™, T BBUHR W 4).

X\ = X3 = SiLU[BN(X}, * Comv )],

X\? = X2? = SiLU[BN(X), + Conv))],

Xy* = X3 = SiLU[BN(Xg * Comv))] )

kxk
L «FRBREF; BIERCs =C/6; k FmER
MRS, HEUEB B SH R, Bt k fE
W3, TfabsH, V. SRR Irm . T E I
XL X, X5 o 2o K 2245 O il 46 AU
PR PRRIE, 6 73 SOMT B I PHERLS (Car):
X, = Car(X}?, X2, X2, X22, X3, X2 (5)
ik A SRR I K Y, R RE R Th 2 05 n]
OYARRHE, RIS S5O0 62T 40 H AR R ARk n) &,
Wt B A B L AL B (fusion attention
mechanism, FAM) 5| A MFEConv, #F— 1855 £ ] R
MESRIAE ST o BRI, (1 x LB AL BRRHIE X 547
BHIEIA, A FAM i ARRIE Xeam o N3 X 3B FE
Sigmoid BRI Ab PR Xpaw2E B FCAR BE AL E WL 51 A
Softmax sRAL™ AL AL W 5k ARFAE Xean 3K IGHE T8 T
B Ac, THHEITEIE (6).
Ac =Softmax{d-AvgPool(X; O W)
+ (1 =A)MaxPool[X;0(1-W)]}, (6)

K. AvgPool 15 MaxPool 73 A #UMBCE 3tk 2
A EE Ak, A€ [0, 11l 2 & 250, BRA
H0.5; oFRIIARY:, HWiEEE I REEEE, fT
K H BRI SCHR R . 25 A AR Tk LA (7),
ARG R, BGE WAE KRR B AR X A A KTV 3R
T A, R W AR/ N B b X0 AR H 2 ) 5
et sk s i s gn s, AT/ Bhsi e, H
O RBER AT, HTREilg, LAt T #R
el

KV
Ag = Sigmoid( @W) )
VC
K=V =Conv (Xram) - (7)

MFEConv AU fifi R 22 1%8:, Horbry Jynl 2% 2] 4k
ZH, WIRE R 1, FHITEIT .
Y=X;+y[(As®AW)0X,]. (8)
MFEConv H1 (/) S F U4, AT 345 A 1] o AR ]
D5 A3 AR RRAE (3R B BRSPS, ol LAERD
il A RIS, X B bR XA TR R SR AL
C2f J& YOLO &% i (1) sy BURAE S B, 3d i Hf
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CxHxW Y

X;

Cat

6ChrancnXH*W

(1-A)-MaxPool

Sigmoid

_________________________________________

@ Weighted multiplication

@ Residual connection

® Matrix multiplication

Transpose

B 3 MFEConv %&#
Fig. 3 The structures of MFEConv

FEAN R Bottleneck AR (1) H i 1f 4 ik 1] 55 IRARAIE 4
B, Bottleneck BFRIEEZH — 1 3x3EHM X 16
BN, A SCHEH MFEConv £ #t Bottleneck H1 11
PREBRZE, ME B C2MFE, 7EHE TR 17 [R]
BF, SERERRAbGE, BRERIEeR, sk C2f 7ELLAb
Yot T HIGESZ AL . MRS Uk g5 R RS R,

3.4 CAFM

158 BRSNS RY T BT IX et 1 - AR [ A
FECE SRS T EOCHRHERR R, R
A DME IR IR AR T H AR X UM 2@ 1A . Km0, 7E£L4h
HERK v, 304 2804 2 PLkan SE* . CBAM R
REA R RLL AN H AR 09 Jmyil BN 30, Iz kA e
FCEARNEEPHE , JCEARE B bR T Zh S IR Rl & SR
FECHEUN ERIAL . R HARE] . BEXS IR, A
BT T AR A R CAFM, i 38 UL H T
77 CA (cross-interaction attention) F1 3/ 2% ] 5 | ] ¥ i £t
DG (dynamic gating) t#9a%, 1% 4 Fis .

CA BN/ 3 SFFIE (RZFHE 5 IRZRHE) 19
SRR SOOI, W2 RERHESZ B RE ). QHE CA
AR, 2E A0 O3 S AR A 455 2 53 ) A A )
FEMEVR AV, THREITE S 9), A Ve I TR

JFHT T —Pm, s E T Softmax
PRIACAL L, A LS 73 S W T B AU JE B Attention
HEITEW (10), HEERPEIA Vel T ks,
B 1 R AR R B AR

V. =DSConv(X,),Vy = DS Conv(Xy), 9)

VIV,
Attention = So ftmax( %L) eRPMY - (10)

FFE B AR R MAL, S 3 224 AL A
T, BERR AR AR IR 1 x B RUZ R 22 A 1
FROF M TE A3, B8 2R R T 40 2 5 B T
e o CA B A AT 43 SCRAIE BAME AR 42 JR eI i
SEHLEMR I LS B, FRAERSRIT AT
Fi_r = Conv,y, (Attention®Vy) ,
Fr_y = Convy,, (Attention” ®Vy) , (11)
DG Rl &SRB Ay 5 2wl LR R, shAA a6 -
I IS A ER R, SCIMR R YRR, RO/
H AR E I RE S I, FURFFIEX, . Xe 558
NEERFIGERAAE Fron . Foog TRIETEZE R i -
Xeonear = Concat(Xp, Xp, Froop, Frop) - (12)
i N R 5 BB BRI R BT 3, I19]
A Sigmoid PREE N E B NI E e, K[ GRS T
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B 4 CAFM &4
Fig. 4 The structures of CAFM

HRAE A N2 sh AR RS2 BF R RE ) o ¥ B I AE
H—LZE[0,11, sl A4 53 3 ok Lo A6 e e
WEZL R
Y=a0Xg+(1-a)0 X, . (13)
CAFM i i i AL i s ML 22 B ML, X 2245 P ]
HAME BT A G, S 2 ROBE R S AR IR,
AFITDYOLO F0# W 25 F 2140 H bR 22 RO RRAE Al A 5
PRI, AE BB W 4 i A, A SR T Rl A AR
CAFM, RALAI K (5 ARFAE . A A2 A i A
S R v 2 i R T R 2 A R R AR I, it s A
2 R RFIE R i S e B ], R T T I AT
A BRRR I RS B S

4% B

AT SRR . VPSR AR ISR Y, SRS
JRIRAN RIS R B PERERE MR, FFHEAT F ARSI Al #E
e, SEA RSN [, fn REsE AR
HEHETT

4.1 SLWECE

PARE 5PN N T RUFAR SO X AR RUE
ML AN HARRRAE T, (AR A 2475 5 T I sh
BlmgE, e AML €S EdE4E SIRST-UAVB"™ 541 4h
WP B A% Sk SEHA T YA AT N ZE R B 48 CTIR™,
CTIR 4 & 3T B A A B = T, AR B K 2 Fh

MW RSN RAER) 11938 SRLTHMNER, K 8~14,
Ho B bR A 34078 i 5 45 (car). 31035417 A
(pedestrian), 16524 55 A7 4 A (cyclist), 2404 /3t
R4 (bus) F1 1886 WK 4 (truck), KL AMEIE T HAR
ki %, HIREEE K/NUE HR, SIRST-UAVB,
H1 3000 TR X JC ABLFN A LA UG R, X SR
G ALEE 1742 4~ 525 (bird) 1 2955 S TEAML (UAV), &
—AEZRWEE AR TR ZTT . RAKMIE 24 S E S
RS Bbrrm . ROEAR B2 S5k, o
ROBE EAm i b o Bl i 2L AR ANl 5 s o
AR S FHREE P RIS 111 5R R VT A ARG i) o e
mAPS50 K mAPys K VPAL AL H An o7 & HEffPE, S8E
Params 1} % B b F6 45, 1% 048 55 & FLOPs fif & ¥
AT R, B AL FRMER FPS i A s A .
X (14) Fi7n, mAPS0 J&487F ToU BI{E R 0.5 B3 15 5]
(R YA B Y, mAP9S J&— T B 45 A A 54,
‘BAE IoU M 0.5 £ 0.95 IEREIN, Lh0.05 hPK, BE
AN FE T YRGS . TP R EIER], FP R
BIERF], FN MESBI, n RkpE i n o
TP

T TP+FP’
TP

“TP+FN’
1
AP:mem&
0

R

1 n
AP = — EAP;. 14

i=1

YNGR o N T IIEA SCHR 1 Y7 P57 LR 2542 15
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BRIk IRE ), fEAE 2 R HARM CTIR k17
Wk, [WRA T HE—B 000 AaE R, s
JAE g B R E /NG SIRST-UAVB Bl 5 |-t ik
%k, WIS BE 4 3 6:2:2 1Y He 1l R 20 A Il 2k 8
DA FNRAIESE . A SCSLER i ] RTX 3090 GPU |1
PyTorch #E4%, TEVIZRBTEL, KM SGD fE RS, %)
R %R 0.01, TCMEBE A 80, HARMSEUI B
ko B ABEGRSF R 640 pixelx640 pixel . batchsize K/)s
A 40, epochs A 500,

4.2 jHELSELG

BT IS EA A% AFITDYOLO [ 8l e, i
FH CTIR J% SIRST-UAVB WiIAMEAE , XA T
THASZIS o A PR UE T Bl ST I AR B R b, RS
T HABTFE S8, TLRERmE 1 P, Hrp
B A 1 B A LUK R RN R R 26 28 R . AR SCRE B

=2
w

YOLOv10n RHEZk . i3 | hsCgn g Lml A, 5f—4i5c
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Fig. 5 Infrared data sample illustration
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BRI B2

Table 1 The ablation results for each module

Module+ CTIR/% SIRST-UAVB/%
Params/M FPS/FLOPs
MFFM MFEConv CAFM P R mAPS0 mAP95 P R mAPS50 mAP95
2.71 119/8.4 79.2 75.2 84.2 59.2 91.2 74.6 83.3 55.1
v 2.69 122/8.4 83.8 77.9 88.3 63.3 91.8 75.9 84.7 56.5
v 2.32 127/7.5 82.5 77.4 87.7 62.7 92.5 76.7 85.5 57.2
v 2.79 119/8.8 82.6 78.8 87.3 61.3 93.3 76.9 86.9 57.8
v v 2.32 124/8.0 84.3 79.2 88.7 63.8 93.2 77.8 87.6 58.1
' ' \ 2.56 122/8.2 84.7 80.4 90.7 64.2 93.7 77.8 88.9 58.8
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Fig. 6 Compare visualization results
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B, i 2 AT LA 30 MFECony 1946 BUZ I
FETFBCA T HE DA PR RERG 45, [RIHS B BE R
SRR FIPE T S, BRI R . X T
MFEConv #8484, R 6 D75 Il A& FUAZ #4714
AT 3 A7 M G RS EGE RS RG i, (RASIIRS
JE R IR 25 . MFEConv 38 8 i S 25 0B Bk 3 i Jk
ZH, JFHMHETH 6 MUBREMBINERUZ, S
ZEHURAZ B RS . R 2 TLUE T, WEBRZEL
wHN 6, BREKEL=3MENT, TEREDYERER
(] i S5 R e A AR R AR RO, I HL % S R R 4%
SR, ASCREGPREK R 3, HRR ML 5P
e fE.

4.4.2 5EFEEN I

N T LT R A R, i BEAH TR 52560 34
B, FEASCHVBARAR I, A SO R 5 A 32 R
JE 2 IR R A T . SEERES R 3 R, AT L
Filh, AFITDYOLO o M B2 T 52 90 i 4 B2 H A%
KA (1~6 47), Hirh FR-CNN' Sy 28 $HLfg — B 6 )
B, mAPS0 AR T 84.0%, HHZSHUE K, Kk
. 7 YOLO &5&E i+, YOLOvIIn™', YOLOvI2n™
Rk, Wb TR SEGE, AR T 2
PRI PERE, D-FINE-N"" | DEIM™ 23T Transformer
SRR A B bR DAY, A NI 05 BRI 2R
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Table 2 Comparison of MFEConv with other convolutions

CTIR/% SIRST-UAVB/%
Model Params/M FPS/FLOPs
R mAP50 mAP95 P R mAP50 mAP95
Conv 2.71 119/8.4 79.2 75.2 84.2 59.2 91.2 74.6 83.3 55.1
AKConv 2.69 126/7.8 80.2 74.7 83.6 58.8 91.1 74.3 81.4 54.9
DSConv 2.32 133/7.4 77.9 75.4 83.9 59.0 89.7 74.8 82.6 54.7
LSKConv 2.72 117/8.4 79.7 76.7 85.2 60.2 90.3 75.6 83.9 55.6
PConv 2.32 129/7.6 82.9 77.9 86.5 61.3 92.6 76.8 85.7 57.6
MFEConv(3),s 2.38 121/7.7 81.2 77.5 86.9 62.1 92.3 76.7 84.6 56.3
MFEConv(3),5 2.32 127/7.5 81.2 77.3 86.3 61.6 92.2 76.7 84.3 56.1
MFEConv(6),., 2.5 112/8.6 83.2 77.7 87.7 62.9 92.8 77.3 86.1 57.6
MFEConv(6),-s 241 118/8.0 82.9 77.3 87.8 63.1 92.6 76.6 85.6 57.2
MFEConv(6),.5 2.32 127/7.5 83.1 77.4 87.7 62.7 92.5 76.7 85.5 57.2
%3 HABAMIK
Table 3 Comparison results with mainstream models
CTIR/% SIRST-UAVB/%
Model Params/M FPS/FLOPs
R mAP50 mAP95 P R mAPS50 mAP95

FR-CNN 41.38 56/18.3 80.3 76.2 83.9 58.8 87.2 74.8 83.5 55.1
YOLOv10s 7.21 95/24.4 82.7 76.5 85.1 59.2 91.3 75.2 83.7 55.3
YOLOv10m 15.43 83/64 82.9 77 85.3 59.4 91.1 75.1 84.1 55.6
YOLOv10n 2.71 119/8.4 79.2 75.2 84.2 59.2 91.2 74.6 833 55.1
YOLOv11n 2.63 133/6.6 82.9 78.9 87.7 62.7 91 76.9 84.9 57.4
YOLOv12n 2.61 141/6.0 77.3 75.5 81.3 58.2 86.3 71.5 80.4 54.1
D-FINE-N 3.97 76/7.0 80.2 77.8 86.6 62.1 91.7 78.1 86.4 57.5
DEIM-N 5.35 81/7.03 82.5 78.2 86.5 62.3 91.3 78.3 86.3 57.2
AFITDYOLO 2.56 122/8.2 84.7 80.4 90.7 64.2 93.7 77.7 88.9 58.8
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Table 4 Generalization experiment results/%

Dataset Model P R mAP50 mAP95
YOLOv10n 91.1 69.2 77.8 49.2
YOLOv12n 90.3 68.5 76.5 48.9
HIT-UAV
DEIM-N 92.1 73.2 82.5 51.3
AFITDYOLO 91.7 74.7 83.7 52.3
YOLOv10n 89.0 83.7 87.4 56.3
YOLOv12n 89.2 82.9 86.8 55.7
IRSTD-1k
DEIM-N 90.3 83.3 89.8 58.3
AFITDYOLO 90.7 83.9 90.9 58.8
:i: N
5 2.:. 11’%

AR SCHEH BT YOLO 1 A& I 22 RZLTAM H bk
M2 AFITDYOLO, TERARSEER N ML M Hem 7oA
TN, AFRELLA DARRRIG . A SCih 2R
BERFAE Bl G AR MFFM, 38 11 2iE FPN R [R] 2R AE
Z I AARSCE , a0 TR 2 RO RRIE Al 1) 2k BE
ARICGA BT R G B MFEConv, I HZT4MA
G0 BEr ikt U MNOSEEBER . BRI
ZH ., AT E R IR EEE CAFM, il AN [
JE R BT LS B, R ARG R, JERRTC
KA el B RS  E—2RaR BOR R E A B T o

LILREW, ARSONENT BRI ERmIE, BR T
RAFRORIRG RE | R e Az ARe s, JFHAAE
YysiERES T

& Sk
TEAEE . BETEBTRHIIEE . 00T, SCRMBat S5, ie30H
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Abstract

Objective Infrared target detection plays an indispensable role in numerous critical domains, such as security surveillance, autonomous
driving, and military reconnaissance, owing to its unique perceptual capability under complex environments (e.g., low-light conditions and
severe weather). However, infrared images inherently suffer from low contrast, blurred details, and significant noise interference, which
often lead to ambiguous target edges, missing texture features, and other challenges during the detection process. Existing deep learning-
based infrared target detection algorithms (ITDA) exhibit inadequate performance in feature extraction and processing for infrared images,
resulting in relatively high rates of missed detection and false detection. Moreover, our systematic analysis of infrared target detection tasks
reveals that algorithms tailored for small infrared targets rely heavily on high-sensitivity feature extraction to capture subtle characteristics.
Nevertheless, as the scale of detected targets increases, these algorithms tend to encounter overfitting to local textures and elevated false
detection rates, thereby degrading overall performance. In practical applications, detection environments are dynamically changing with
targets of varying scales; thus, multi-scale detection capability is critical to ensuring algorithms maintain high reliability and adaptability in
complex real-world scenarios. Unfortunately, most state-of-the-art algorithms are optimized for single-scale targets, making it challenging
to simultaneously satisfy the requirements of high-precision localization for small targets and effective semantic understanding for large
targets.

Methods To address the above issues, this paper proposes an adaptive multi-scale infrared target detection network based on YOLO
(AFITDYOLO). This network is designed to receive infrared target images of different scales and employs a multi-layer feature extraction
module and a multi-layer feature fusion module to enhance its multi-scale infrared target detection capability. Firstly, a multi-scale feature
fusion module (MFFM) is proposed. This module enhances the correlation between features of different layers in the feature pyramid
network (FPN), coordinates deep semantic features with shallow spatial detail features more effectively, and thereby improves the
representational ability of multi-scale feature fusion. Secondly, a multi-kernel feature extraction convolution (MFEConv) is constructed. By
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utilizing heterogeneous convolution groups, MFEConv expands the receptive field and strengthens the model's feature extraction
capability. Additionally, a cross-attention fusion module (CAFM) is designed. Through the comparative interaction of feature maps output
by different layers in the detection network, CAFM leverages the complementary information among these feature maps to suppress
infrared noise in images and further enhance feature representation capability.

Results and Discussions To validate the effectiveness of the proposed method in improving detection performance, extensive training
and evaluation are conducted on the CTIR dataset, which comprises road pedestrians and vehicles with multi-scale infrared targets. To
further verify the adaptability of the method, additional experiments are performed on the SIRST-UAVB dataset—a single-frame UAV bird
dataset characterized by more complex backgrounds and smaller target scales. Experimental results on these two datasets demonstrate that
AFITDYOLO achieves mean average precision at 50% intersection over union (mAP50) of 88.9% and 90.7%, respectively, representing
significant improvements of 5.6% and 6.5% compared with YOLOv10n. In terms of lightweight optimization, the proposed method
achieves higher inference speed (measured in frames per second, FPS) while utilizing fewer model parameters (params) and floating-point
operations (FLOPs). When compared with current mainstream methods, AFITDYOLO exhibits the highest detection accuracy, the lowest
parameter count and FLOPs, and the fastest inference speed, demonstrating distinct advantages. Additionally, to evaluate the generalization
ability of the proposed method, cross-dataset experiments are carried out on the HIT-UAV dataset (a high-altitude UAV infrared thermal
imaging dataset) and the IRSTD-1k dataset (a classic infrared small target dataset). Experimental results indicate that while the precision
(P) value of AFITDYOLO is slightly inferior to that of DEIM-N, it outperforms all other mainstream methods in all remaining evaluation
metrics. These findings confirm that the proposed method achieves improved detection accuracy on the infrared datasets used in the
generalization experiments, validating its strong generalization capability and further demonstrating its feasibility for cross-scenario
deployment. Overall, the proposed method simultaneously achieves enhanced detection accuracy and lightweight optimization of the
detection model, fully meeting the requirements of real-time detection applications.

Conclusions The AFITDYOLO network proposed in this paper, which is an adaptive multi-scale infrared target detection network based
on YOLO, enhances the detection accuracy of infrared targets of different scales under various backgrounds with a relatively small number
of parameters. The proposed MFFM enhances the model's representational ability in multi-scale feature fusion by improving the correlation
between features of different layers in FPN. Additionally, the lightweight convolution module MFEConv is designed to achieve an efficient
and larger receptive field with minimal parameters by leveraging the target distribution characteristics of infrared images. Furthermore, the
CAFM is introduced to highlight important feature information, filter out irrelevant background information, and suppress noise through
the comparative interaction of feature maps output by different layers, thereby further boosting the model's feature representation
capability. Experimental results demonstrate that the proposed method outperforms current mainstream algorithms, exhibiting excellent
detection accuracy, lightweight performance, and generalization ability, along with cross-scenario deployment capabilities.
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