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stage fusion module, GCFM), i@l it GhostConv 22 L AR EMAILaR A% Z, RERVBALAKEH IR S R ALK
AERRIRAE A Hok, MIEZ AN S RE X EA 3 (efficient multi-scale interaction module, EMIM), @i %5 4 & X Z3%4L
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AR, FETUREE2E 2T 0y B AR ISR i e S T
£L AN HARKE I Y % ' . YOLO (You only look once)” %
GNVEE A Hom B o . R BOERRAEAY , ERIE T 5
WG BE R IS T 3. YOLOV3Y k51 A £ R Tl
DAL, 658 XN BARAEAIEE ST ; YOLOVS™ it
PEACRAIE & FIE L5 5 B E DR HEN L], P27 7 2 R
EARMAG I G- H 0 s YOLOVSN' E— 25 SR RIS Sk
5 Anchor-Free i, #3453 28R B HAT: 55 43 25 b 3L
PEFE TR DURG B SRR e v, IRl FE ORI R b B 1Y)
[l B 2 AR RS, S A ACEAHE . 2R,
T T AMLLLAME R BRI AR R | 5 R s &
=, NGB, LR R 2 ROERHIE
FEHEET) . REASSIBT UIZRa R ME S A A
SR B S5y A AAAE — SR, XEDAENS B S A A e
JE 22 [) 3R 3 BAE -

R IR, SR E TG . R TIHL
. RRE LA S 2 4EFEXT YOLO BRI AT 1 ekt
Ding % $2 iy CEDP-YOLO it 58 2419 [ K S 4
FIEMBIARIN S, ARBERTE T AN 5T Bk IS
FEo SR, ZOTIE BRI SE N T —f%, AFT
FREHE . Cao Y 2T YOLO-TSL, did 5| A=
FEER SIHLH (triplet attention) &5 Slim-Neck Z5f4), 7EF%
RSB R TRME R . SR, HE S I
EET M RumfEH, Kk AZRERG R, 3
HIZ/N BRI AL i i RE v e B . Wang 4517 J
T LFIR-YOLO, it 5| ARTH 5k 52454k (dilation-wise
residual, DWR) 53 1 -5 [0] v 2 S /L (content-guided
attention, CGA), 7EZLAMAMY P T T 4517 A
RRAGRE . SR, ZOTEAUER XN B AR iR sz By, R
X2 REEFHER G4t SEFEh KB ERIT
K, HARIZERACKR, XELLHE TREIRSZ RIS TC AL
5. Luo ZU I T IR-YOLO, £11#%it/N Bk
DRI PLA IR0 2% pR R, 22 T H ARl R 2 B0 ks
[, AHJCAFIERLA AU AL S8 FPN 4548, Bz 5 RUE
SIASAETRENS, 2 RE BREES ST A%
BA . ik BAsIHE) & th Bl S s, kil —oPk 2% .
X125 BHAE 2 BT YOLOVSn Akt )7k, i i 1
/N BAREINZ IS | BiFormer VEE HLHI, BAR7E HIT-
UAV HE4E FEUS T — @42 T, (R A J B I 25 4
i, AR TR RE

WA J7 AR oA B SR A S B 2 R i AR A 3

PRSP, JCHAERRTZLAMNER T BAR R 2 M | 5
THRA G e, Bz —FREREA AR I R RE,
N A S AHERERE ) B AR I AEAE o SR FIRJRIFR
ARSI —Fh LT Gl YOLOvSn (1 £ RUELTAM H bk
M5 YOLO-MITD, 5 76l 1 4514 F AL S5 1 R A 1k
eI E AT T, SRR 2 L1 5h
HARRIGE ) 5 B 5z AR . A SCFE 2 DTak e
DA LA 48

1) £ T M4 iz A GhostConv B b UK H |
WAL IR ARG, Hd GCFM B, 75
I S TR = A TR [ B 4R R R R R A R

2) TEFRAEFLA B B o) A e 3 2 ROBE i 2 0 AL
(efficient multi-scale attention, EMA), 18 i 54 fE 228 1 1
SRS W) 58 T R OCHK, A B EMA 1) EMIM B,
PRI E I 5T HAnn B B ERE RIS

3) B3 T A N 2 [ REAE il (adaptive spatial
feature fusion, ASFF) [ (2t 4 Il sk ASFFH, Xk A A
[F] 2 0 PRI A T S AR, A RO i 2 B Ry
TERRAERE ST, ZEff/ N BFRIN T RAE SN B R

4) ¥y 3E [ 35 0 H bR SRR (ATFL), B2
&, A SNSRI AR, ST XEREAS OGBS s
Fe ek

2 YOLO-MITD #ME £

2 5 B9 YOLOvS n X 25 (5] 1 fif s, Bk O &
F YOLO ¥ £ R 21 41 H 5 K I 5 3% (YOLO-based
algorithm for multi-scale infrared target detection, YOLO-
MITD), %5505 i3 % 11 GCFM Bk | EMIM fx B &
ASFFH f3e , R M 15 19 ATFL 52k sR g, 9 IE
ZRR TN B T —Fh ks B . RSB T
ZALRE I RILTA B RE A

2.1 GCFM #&k

EH M2 M4 (Convolutional neural network, CNN)
1 BARREAE 55 e T B R, SRR R R A
TAEERRGEIUR, SEEASHE SR ERERE
BT, BRI TR EAZ R & R ERE L kT
AL BE S THRAOR , ARG A GhostConv 2L AE
R HR 0 JE AR 8 e R A SR, ARy
fEFRIRAET), FINRRIES R SRR
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Fig. 1 YOLO-MITD network structure
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Fig. 2 GhostConv module structure
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Fig. 3 GCFM module structure
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AT I TE A RS, 2 ) {5 5L A A X A B
CBAM B! 5% i 8 5 28 [ AR /Y B AT,
HABAHE AT 5 Triplet Attention'™ W7 = R 5K f e 5 45
1B, WREZEMER. Hit, ACGIARRE RE
EE P EMAY, g EMIM Bk, Hgh kg s 4
FR o

WG EME, HEARSHPUH T

B RS HCx HX WIRRHEE X AE A, B9
W A O 510k G 4, BRI ST AT H
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1) 1314337 ;33 /KPR 27 1) (1) —4E 42 )R P-4
AL A B AR B 2 R C R, A A Ix 1B RLE
GroupNorm #5AFE A BT [ BBURR B 25 [ RRAE 8], SE3E T 38
T ] 52 (B (5 B 28 B .

2) 3x353 3 RHIF N 1 8933 EFREEZS 0] 43
P, PEBURTES AL B S, PR TS E S
T TERRAE A I

PR 3 S i 1 4 ) B R 4R B (b < G, C/G,H, W), Fifi
JE & AT 4k 2/ Ak, FFiE Lt Softmax PRELR

=
/El\
E3

IS AR A, Hrp b FORHR) (batch

size)o AUH 5 I A FRAE & 1 72 T R vk (HikD
) SEIR R R ERME, S FEICTE IS SE B (1 R4k
SAERE, THEEAREERITEOC x Hx W)=,

SEL G B 3k 2h 245 R AL e 1
KA

G =min(F,C), (7

[ FREBEN T BN 32); C 24 ARHIE & Y38
R, MC<FIF, G=C, Wifgsm i i s i SUE R
UM MC> Fiy, G=F, MmMRHITEE 240 5
PREE R RIE IR AR T o 2% Sl A IRHE MG AL LR UE 8558
BRI R R, ARl TR

AR 30K EMA e A C2f 45 44 Y 45 1> Bottleneck
I B K o5, FHK Bottleneck-EMA A8t (H: 25 44 1
K5 FraR), BRI R EMIM B (R AR 45 kg %] 6 B
7N)o B Bottleneck LR B JFAT (1 5% 25 He 24 .
TR Z IR E I VR 33 BRI 3G AP
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o ZBTTHRFE C2f 544 A 10 250 IRk S8R 251542,
AR T B E RS SR IEE . e, @ giA

Intput | CxHxW
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Fig. 4 EMA attention mechanism structure
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Fig. 5 Bottleneck-EMA module structure
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Fig. 6 EMIM module structure
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BIZGAEAE R, ST RERHERL S, T s A 1
Xt 22 RS EARMIRHGE 1 o HOR FHRRRAE sp 230 7 ik,
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A
[asrra)
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B 7 ASFFH #3454
Fig. 7 ASFFH module structure

ASFFH M TAEJREEAT 70 R DA = A0 8R

1) FFAE E 45

X T 241 H AR ZHARFE IR, 8 A2 G AR
T 3 2 [B] 43 HER SRS — 2 5 R GO R R
HApASkut, & 5 DU BV i A RRIE (5] 9 38 18
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Fi TRHERY 2548 5E ek S 1H L —Bhk
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b XPROREE K ZREEAUSTESS 2008 6 Ak
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tj

L AEEA . A,
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FIF /N EFREARFREE T B35 SO 57, S £
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2.4 MKEHMML

TELLAN HARKTINAT: 55, 3l W AP A2 APl )
LR S A D T HAB S S, AN, BT R
EUR BRIy, N ZRad R BRI AR A 5 22 OGRS SR AIE
A EFRREIE, B, BIEAE LS5 H 2 maI AT 5%
HERTE B L B2 ROBE RS SR LIS SRR IE R TR, 27
R PRI R RS BT X, BRI A R R 4R
S THLA G 3 S A AT BT SRR, B G
BB A B bR X2 > R, {55 Focal Loss 483
REPRTIR A (1-p ) it T 5 i A AR, (B[ &
SRy ToTRAE WA [ REAR (4 2 R 22 5 ik (15 9
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I8 O B AR SR (ATFL), High A 08 3 R A EE AL
il BE A% B 47 i i e S I AN )t [R)BT I 2R AR
FEMEFNISIGEJE .

ATFL P40 AR 3 43 B AL il 2h 25 08 3 46
PN ] RO B A N o - P 1 O = N =
R, ATFL A N E BIEE (2 5328) ARER
BE OHEST2%) PRZS,  FEXRTES 5343 Bt S0 AS 5] A e o] S g <
X TR EAR A (p> 0.5), RO LK 152k
P A7 BT s X TAREE A (p<0.5), N
18 B VEPE RS KA AT B, DT sAsf B [
o HAERATF

—(1=p) "™ log(p), p>05

e {-%ﬂ—n)mmbgwa,
K. p AR THIEM P BEER; ARHTE
AT A B DX ] A ) 5 B A S 4kl g A, mT DLk
— 2 HEME T AR ) I SRR A, AR
W o HAE BB 1.5, Do AT U S0 B 455 1 10 4
FPFEIME, B THURE NS, [RIEREAS M B R s
RIFESOR 280 ) S 3 EE R, Hit A

, (10)
p <05

R 1 S
e =o.05m;p,.+0.95pk, (11)

A YRR, PR I ZRA AT 2
MBS, po SRR U s T B 5

YRR B A5 B (P T 1) B, —In(p)ig
WA T 0, M TITSHE G 0h 5 23 S BEA B BEAI ] 5 2%
PRI E (5 A (Pe 43T 0) B —In(po) #43E FIE TS5,
PR A REAKCE , B VIR

T

AN B S R SRR A TR AR B I 2R T
R 38 7 T R S PR S A% B R R RS TR RE B9 4
BEJS, 5 ET RO LS, DASIEA SR
AT IL A s Ak, SR BERHB R pREOT REXT L SC
PASIEA ST A0 Ok R B 28E s 13, XF A bnks
INEERAEAT P IT , e2l  A [) Bi SR J e AR Y
Mz AL

3.1 HiE&E

R T VARG A SO I 5 B AR LT A H AR K (A R,
AT HIT-UAV® Bl EJEATHUE . HIT-UAV &

HHTE A ) Sk 5 . AR T AL IR
BARRIEEEE, REGSE G 154, B,
PG 2 EIREE, FEFII AL RS G P o IR
A

HIT-UAV 5 4E 2L 2898 sk Jo AMLLLAMIHARIE
Iy HEEEIA N 640 pixelx512 pixel, 45 3CHE 7:2:1 (4 Hu)4s
HR AN . BSR4, HIIZheE . Rk
SRS B 2029 5. 579 5KF1 290 sk Ao Kl
R FERHBEDLIIRE , BORE 2 7 5 RS =5
I oA, USSR iz AR

Ak, B B RS 2 R EN L
FEPERRIE . BRI, /NGRS R 70%; s
R EAR 208 28%; RS HARIAH XA, X
o7 A AR B 2 2%, XA EE T /INELE KRS H BR
RIS R, BB AT RE6 EASE Y 1) 22 R 36 I 55 2% >

ab
He JJo

3.2 N EFRR

ASCiE L 5 A HEAR R VAL EGE,  RIBCRL ARG i %
(precision, P). 3 [0l 3 (recall, R). VK & (mAPS0,
mAP50-95), ¥ & i & (FLOPs) A1 2 5 & (Params).
TR TR AT

P= 100% , 12
Tp+Fp < 100% (12)
TP
R= —— x100° 1
TP+ FN < 100%: (13)
1 n
AP=-"AP, 14
" ni:l . ( )

A H . TP (true positive) J& 5 8% 1F A LU (1) I S REA
FP (false positive) f& 45 8 55 12 P 4 IE R A T 28R A
FN (false negative) J&-F5# #5152 L Ay £ 2 ) 1IEJpE A
FEIREE P FROR TN A TE S A REAS v SE B A TE S Y L 9] 5
113 R FRos I B EAEAS H IE AN A L E AR AR Y
il

mAP50 J& ToU BI{E K 0.5 BT HARZE ST 4
WIPKERE ;T mAP50-95 7R 7E ToU B{ELA 0.5 %) 0.95
A KR 0.05 TG T, 4 mAP [19°F ("™, FLOPs
Fl Params LR (AR THIRIAY 24, FLOPs ZUE A,
HERE SR T TS P/ . Params /)N, RI4%
X AR A T R ARG, W TE ) TR i #s
SRR E AR
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3.3 SCIATRIE

A I B ] Ubuntu 22.04.3 ¥4 R 45, CPU N
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T 1.9%, BEZE LT 2.8%, KRBH GCFM 78 R4
FUBL RIS, AREA RO sR 2 RERMERIARE ST, et
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Y, FHT YOLOv8n, mAP50 4% T 2.6%, mAP50-
95§ 1 2.5%, AEWHHRILE T 3.5%, {H FLOPs 3§
22 G, BEE® 1373 M, A LIFE H ASFFH Bk fig
AR THAINAS B2 (H 23 IRl i e

55 T AT 26 8 8 YOLOVSn 4 451 26 2R 0% 4
ATFL 1% pi%k, #HILT YOLOv8n, ZM & A RS
BRI AT T, mAP50 Fl mAP50-95 Y45
T 3.0%, KOG RIS G T 42% F14.0%, i
B ATFL 3l i sh SR s N Zad B rp AR, A RUE i T
FHIAFAir )

S NATHRNTE YOLOVSn F:4it I il GCFM+EMIM
ik, A LT YOLOvV8n, mAP50 Fl mAPS50-95 43 i 42
&1 3.5% F 2.6%, KAl 38 F0 A [l R A o G B T
3.3% 1 4.8%. HESRE MG EMIM £, mAP50
Fl mAPS50-95 B AT REAL, [HUZKEHH R KIESE R, A
BRSBTS B N HLE e e AR R, A7)
PRI A M BE

9% L4772 /R #F YOLOv8n+GCFM+EMIM LAy I
— 5] A\ ASFFH Kzl sk, T o8 BRI 2544 . AH LT
YOLOv8n, MARITHA R 0.6 G, SEEISN 0.888 M,
{3 mAP50 4215 T 4.4%, mAP50-95 #2551 3.2%, kit
R T 6.9%, fon 22 Rl SRS HRSH Sk X AR R
HE PR T HAT A EH .

%5 )\17 2 757E YOLOv8n+GCFM+EMIM LAy I i
— 5| AT ATFL $it 2k iR %k, i 457/ T ASFFH
Kl sk o H 4R YOLOv8n+GCFM+EMIM £ R AH Lt
T RS AN, (AEMRERETH A R,
RS R T 5, 8% 2.0%, nTLAEW, &4
ASFFH Al Sk (TG 00N, KERE4R FHA B, B0k T H

21 HakRps

Table 1 Ablation experiment results

Model P/% R/% mAP50/% mAP50-95/% FLOPs/G Params/M
YOLOv8n 84.1 75.0 80.6 53.0 8.1 3.007
+GCFM 80.4 77.8 82.4 54.9 6.5 2.522
+EMIM 83.9 81.4 84.8 56.4 8.1 3.007
+ASFFH 87.6 77.6 83.2 55.5 10.3 4.380
+ATFL 88.3 79.4 83.6 56.0 8.1 3.007
+GCFM+EMIM 87.4 79.8 84.1 55.6 6.5 2.522
+GCFM+EMIM+ASFFH 91.0 75.5 85.0 56.2 8.7 3.895
+GCFM+EMIM+ATFL 89.4 79.1 84.2 55.7 6.5 2.522
+GCFM+EMIM+ASFFH+ATFL 89.7 83.3 86.7 57.3 8.7 3.895
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Bk,

IR AR A DS, RS R . H Il
mAP50 F1 mAP50-95 73 51l ik 2] 89.7% . 83.3%. 86.7%
F157.3%, LA YOLOv8n tAL 546 T 5.6% . 8.3%.
6.1% 1 4.3%. Sl | A ARAEBE I B AME S PhlR]
M, FEORSA TR SRR AR A TR S T ARG I R A 4
[L0E 751 = X B 1 SR € R T v o

3.5 ¥fEbscid

AT S UEAS OB A B P R, AR SCHE
HIT-UAV %42 % 5 RT-DETR-1", YOLO-SRMX"”
FI'YOLO % %1 ) YOLOv8n, YOLOv8s., YOLOvIOn,
YOLOv10s, YOLOvlln, YOLOvI2n #i %I g 47 T %}
SCE, SEERMYAERANGE 2 R,

e 2 AT 0L, AR SCHE I 7 A AT S R 1Y RT-
DETR-1. YOLO-SRMX, mAP50 %3 4% 7+ T 6.6% #i
3.9%, MEHAVREA, EEMREEAITEH, 5
YOLOv8n, YOLOvIOn, YOLOvlln, YOLOvI2n % 3
Wit YOLO 2 AU AH L, B SRR S 450 Al FLOPs 3

AW R, ARSI T R BE B[R] i fRA A 1
RSB N DL IR A5 R UL IA SCHE A R
AP ARSI RE S [R]IHTS PRSP R R i 2

3.6 sk iR #xtEL LI

it — 2 B UE AR SCEE ) ATFL #E£1 51 H sz il 41:
FSHRARCE, ASCRTE T RBO L SEE . FRATTRE
BT o038 U2k (binary cross entropy, BCE). Focal
Loss™ | Varifocal Loss™ LA X AR M S5 A E T HY
ATFL #EATXF L, B 7E 53 Hr A [a] 48 2% ok 2007 A 328 )
AV S MEZ FEAS S AT R PR RE 22 5%, SCde s ) an
%3 PR,

v, BCE J& YOLOV8 v BRINAH I 43 JE 451 2K b
B, ARX A A AT AR s Focal Loss i i3 [& 5
{2 (A% e = o7 N EN e L D ey = 7N
M &7 ; Varifocal Loss £F Focal Loss F:Ail 5| AJEXTHR
INECR R, E— 2D X IERE A () SRR

i # 3 i I, Focal Loss 5 Varifocal Loss #1%{ BCE
TE mAPS0 54 RS IR AT, RPN

22 HLEBLER

Table 2 Comparative experiment results

Model P/% R/% mMAPS50 /% mMAP50-95/% FLOPs/G Params/M
RT-DETR-I 82.2 71.3 75.6 47.1 102.9 31.272
YOLO-SRMX 82.0 78.0 82.8 50.0 10.0 11.400
YOLOv8n 84.1 75.0 80.6 53.0 8.1 3.007
YOLOV8s 85.9 78.0 83.5 56.5 28.4 11.127
YOLOv10n 89.6 76.0 83.0 55.8 8.2 2.696
YOLOv10s 86.1 76.6 83.3 54.8 24.5 8.039
YOLOv11n 87.4 74.8 82.5 54.3 6.3 2.583
YOLOv12n 84.1 76.6 81.7 54.1 6.0 2.520
Ours 89.7 83.3 86.7 573 8.7 3.895
%3 BERBHALFRRLE
Table 3 Comparative experiment results of loss functions

Loss A P/% R/% MAP50 /% MAP50-95/%

BCE - 84.1 75.0 80.6 53.0

Focal loss - 85.5 79.3 82.3 53.8

Varifocal loss - 83.9 76.2 82.4 54.4

ATFL 1.2 85.7 74.8 80.9 54.0

ATFL 1.5 88.3 79.4 83.6 56.0

ATFL 1.7 87.3 76.5 83.4 54.8

ATFL 2.0 85.0 76.9 83.3 54.4
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4 KA TTLAR 1, YOLOvVSn BEIXS T/ AR, HE243%
SRR EARSE IR B L T, AR —E TR AR,
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I LR SEE, BIE T AR SO R ]
i1k, AR HF 2R A h R A S, S5
B

3.8 JZL ML

Ryt — 2 AEASCHE H Y YOLO-MITD Bk AEAN ]
Y Pz AR Shoetk, ARSCfE CTIR 4™ 5
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CTIR $di 46 = ZEF X R Ze R Mg 5, s LR 2
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B 8 T

Fig. 8 Visualization comparison
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SCEEE RN 4 556 5 iR . #E CTIR $dia4E I,
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2.5%, mAP50-95 LTt T 3.0%, A FREKE#R WY
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T} 6.7%, mAP50 Fl mAP50-95 73 42 T} 6.5% F1 2.5%,

IR /N H As B B o 0 B RE ) 5 EAR R I
iRz
%4 CTIR ##BEFIRLERI%
Table 4 CTIR dataset experimental results/%
Model P R mAP50 mAP50-95
YOLOv8n 77.9 77.0 82.9 57.0
Ours 81.9 77.2 85.4 60.0
%5 SIRST #4EE £ R/%
Table 5 SIRSTdataset experimental results/%
Model P R mAP50 mAP50-95
YOLOv8n 85.0 48.8 60.7 31.7
QOurs 85.1 55.5 67.2 34.2
ST SRR LR YOLO-MITD 7E{F- 38 (2 4

AIRTHE T, TR RIRY LD AN R A 13 R4 1Y

Foll— Stk S e, R RRIOES ST (L
4 2 #
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ZRBR . WL BARRE Z R PR, ASCHR
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FER AU BRI 2 B 1) ]I S 25 B A DG 2
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$ETF 6.1%, A 10 5AEH R 535K F] 83.3% F 89.7%,
[ AR TR - A4 0 0.6 G, S 7E 3.895 M,
TR B SRR AT 2 B 2 (B3R 8 T 3CAF Pl . 545 B
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YOLO-MITD: a multi-scale infrared
target detection algorithm
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Yang Jun®’, Xu Congyuan?, Wang Jiaxu®?

1 College of Artificial Intelligence, Jiaxing University, Jiaxing, Zhejiang 314001, China;
2School of Information Science and Engineering(School of Cyber Science and Technology), Zhejiang Sci-Tech University, Hangzhou, Zhejiang
310018, China

Abstract

Objective Unmanned aerial vehicle (UAV) infrared target detection faces significant challenges including limited computational
resources, strong background interference, and multi-scale target variations. Infrared imaging, compared with visible light imaging,
provides all-day and all-weather working capabilities with strong anti-interference performance. However, due to flight altitude and sensor
limitations, UAV-acquired infrared images commonly suffer from low spatial resolution, poor signal-to-noise ratio, and large target scale
spans. In long-distance shooting conditions, targets often exhibit multi-scale distributions, with small targets of several pixels and medium-
to-large targets covering tens of pixels coexisting in the same scene. Traditional detection methods tend to produce high false positive rates
and severe missed detection in complex backgrounds. To address these issues, this paper proposes a multi-scale infrared target detection
algorithm based on YOLO, named YOLO-MITD. The algorithm aims to achieve high detection accuracy while maintaining low
computational complexity, making it suitable for deployment on resource-constrained UAV platforms.

Methods The proposed YOLO-MITD algorithm introduces four core modules to enhance detection performance. First, the ghost-
enhanced cross-stage fusion module (GCFM) is designed by replacing standard convolutions in the original C2f module with GhostConv
lightweight convolutions. GhostConv adopts a two-stage feature generation mechanism that uses standard convolution to extract essential
features and then applies cheap transformations through depthwise separable convolution to generate phantom features, which significantly
reduces model parameters while enhancing multi-scale feature extraction capabilities. The theoretical acceleration ratio approximately
equals the redundancy factor s. Second, the efficient multi-scale interaction module (EMIM) incorporates the efficient multi-scale attention
(EMA) mechanism into each bottleneck of the C2f structure. EMA adopts a "feature grouping plus cross-spatial learning" strategy to
achieve one-time joint recalibration of channel and spatial information without dimensionality reduction in the channel dimension. The
feature grouping number G is dynamically adjusted based on the channel count C, ensuring efficient feature representation while
controlling computational complexity. Third, the adaptive spatial feature fusion head (ASFFH) is developed based on the adaptive spatial
feature fusion (ASFF) mechanism, which consists of three steps: feature rescaling through interpolation or strided convolution to align
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spatial resolutions, adaptive fusion through softmax-normalized spatial weights learned by the network, and consistency guarantee to
automatically suppress gradients from conflicting regions. This module dynamically allocates fusion weights for multi-scale features and
suppresses feature conflicts, effectively improving scale consistency in target detection. Fourth, the adaptive threshold focal loss (ATFL)
function is constructed with a piecewise weighting mechanism that dynamically adjusts the loss curvature. For high-confidence samples
(p, > 0.5), exponential decay mechanism compresses loss weights to low levels; for low-confidence samples (p, < 0.5), explosive growth
mechanism amplifies loss weights to accelerate gradient backpropagation. The threshold parameter lambda is adaptively adjusted based on
the exponential moving average of prediction confidence across training batches, thereby alleviating class imbalance issues during training.

Results and Discussions Extensive experiments were conducted on the HIT-UAV dataset, which is the first publicly available UAV
infrared thermal imaging target detection dataset for high-altitude scenes. The dataset contains 2898 UAV infrared aerial images covering
multiple real-world scenarios including schools, parking lots, roads, and playgrounds, under both daytime and nighttime conditions.
Notably, the target size distribution exhibits significant diversity, with small targets accounting for approximately 70%, medium targets
about 28%, and large targets only 2% of the dataset. The proposed YOLO-MITD algorithm achieved an mAP50 of 86.7%, representing a
6.1% improvement over the baseline YOLOv8n. The precision and recall reached 89.7% and 83.3%, respectively, with increases of 5.6%
and 8.3% compared to YOLOv8n. Despite these significant performance gains, the computational overhead increased by only 0.6 GFLOPs
and the parameter count was controlled at 3.895 M, achieving an excellent balance between accuracy and complexity. Ablation
experiments demonstrated the effectiveness of each module: GCFM reduced parameters by 0.485 M and FLOPs by 6.5 G while improving
mAP50 by 1.8 percentage points; EMIM improved mAP50 by 4.2 percentage points with the most significant accuracy enhancement;
ASFFH enhanced mAP50 by 2.6% but increased FLOPs by 2.2 G; ATFL improved mAP50 by 3.0% without increasing model complexity.
The complete model combining all four modules achieved optimal performance, verifying the complementary and synergistic nature of the
modules. Comparative experiments against mainstream models including RT-DETR-1, YOLO-SRMX, YOLOv8n, YOLOv8s, YOLOv10n,
YOLOv10s, YOLOvlln, and YOLOv12n showed that YOLO-MITD achieves superior detection performance while maintaining
lightweight characteristics. Specifically, compared with RT-DETR-1 and YOLO-SRMX, mAP50 improved by 6.6% and 3.9%,
respectively. Cross-scene generalization experiments on the CTIR and SIRST datasets further validated the algorithm's robustness, with
mAP50 reaching 85.4% and 67.2%, respectively, significantly outperforming existing methods. Visualization results demonstrated that the
proposed method reduces missed and false detections, particularly in complex backgrounds and for targets with incomplete contours.

Conclusions This paper presents an improved YOLOv8n-based algorithm for multi-scale infrared target detection in UAV applications.
The GCFM module achieves lightweight feature extraction through GhostConv by replacing standard convolutions with cheap operations,
maintaining feature expressiveness while reducing computational burden. The EMIM module enhances feature representation via the EMA
attention mechanism, which captures both channel and spatial dependencies through cross-dimensional interaction without dimensionality
reduction. The ASFFH module improves multi-scale fusion through adaptive weight allocation, effectively resolving feature pyramid
inconsistencies and suppressing gradient conflicts. The ATFL loss function optimizes the training process through dynamic threshold
adjustment, applying different modulation strategies to samples based on confidence levels and alleviating class imbalance issues. The
experimental results demonstrate that the proposed algorithm strikes an excellent balance between detection accuracy and model
complexity, with strong cross-scene generalization capability. The method achieves state-of-the-art performance on multiple infrared
datasets while maintaining low computational requirements, making it well-suited for real-time infrared target detection tasks on resource-
constrained UAV platforms. Future work will focus on hardware deployment optimization, model quantization and pruning techniques, and
further improvements to real-time performance and energy efficiency to adapt to more demanding engineering application requirements.
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