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& % (Gradient Magnitude Similarity, GMS) , Z & W HEUEM B8 05 1, Hrr, SSIM HI T~ 5 5 0t £ 9l /2
0 R R L BUE B R A LM R g, GMLS PEAR R 30 2% 5 56 56 15 2 B PR AR D0, 2501 8 R 150 9 5 ik %1
185 5 as G il &z . GMS 9T X an = (20) iR,

2M (2 )M, (x )+ e
S ()=
Mi(x)+Mi(x)+e
Horpr M UM, 53 50 2 TR L, W86 BE IR AE ], e 2 7 140 B A R 8. e Ah , S A 1 2 B0 00 2o 98 X e ¢
H A 4G I 255 SR 0 52 0], 38 158 B m A P@50 1 S BUEF 1 S % 18 h5 .

SR KRB E 0.5, 1.0, 1.5, 2.0, 2.5], base I E H[0.3, 0.4, 0.5, 0.6, 0.7] , % & {14
AT o A HRBR A AR B XS S 5 25 R 1 T AR SUIAE YOLOvSn HEZe A 5| A HSLE B8, I {47
52 56 1 BN AR AR AN R LR o M Al B a8 A0 K, SSIM L GMS B 1A B R [ i e, ik 3R B
000 iR R Ry, AR S R i SRR A R B R Y ) AR D R B AR DL BE R S A FE R — o L Bl base 3
K, SSIM .GMS K Z/INig 8l -, 156 B 4 T vag 45008 B8 e A9, 8 08 A7 280388 [l 38 43 S0 3 5 310 2 R AE

A TUOKE BE K, 2 a B /INBE 40 o Oy 0.5 B, 55 78 8 6% Of 47 55 = 19 SSIML Al GMS , 1B i i mAP@50

(20)
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AR 77.9 %%, 33K U BH 2 555 %) v A4 ) B AR R A A A O R AT DO RIS A L AR T BB R B A & W OB IR A
PSC T 52 o R 2 2,08 2.5 0, KR4 S 80 G R O 47 88 8 SSIM AT GMS , fH mAP@50 % K ] 1
IR e A5 0 Ry 76.0 % R 75.3 %6, X 7% BH G i A s A A s 0 55 R R W00 BT AR 5 1 2 % A ) R A0 R A
B2, DT 52 M 455 280 ) A A0 FN 43 2R M BE o

I, 24 ol 1.5, base 5 0.5 ,mAP@50 ik 3] 78.9% , i SSIM 4 97.8% ,GMS Hy 94.5% , 3% 4 S B 1
SR DR AR 5 v AT 1) 2 R AR T R P A

&1 HSLESHHBMEST
Table 1 Parameter Sensitivity Analysis of HSLE

a base SSIM/ % GMS/% mAP@50/ %
0.3 98.1 94.9 77.6
0.4 98.0 95.1 77.3
0.5 0.5 98.3 95.2 77.9
0.6 98.1 95.2 77.5
0.7 98.2 95.4 77.8
0.3 97.7 94.3 76.7
0.4 97.8 94.6 77.1
1.0 0.5 98.0 94.7 76.9
0.6 98.0 95.0 77.4
0.7 98.1 95.0 77.2
0.3 97.3 93.6 76.1
0.4 97.4 93.9 77.0
1.5 0.5 97.8 94.5 78.9
0.6 98.0 94.7 78.2
0.7 98.2 95.1 77.7
0.3 96.9 93.0 75.4
0.4 97.2 93.6 75.8
2.0 0.5 97.6 93.9 75.2
0.6 97.8 94.5 76.0
0.7 98.0 94.9 75.6
0.3 96.6 92.7 74.8
0.4 97.0 93.1 74.4
2.5 0.5 97.2 93.7 75.1
0.6 97.7 94.4 74.7
0.7 97.9 94.7 75.3

(2) HBIiE RS & 35 E

Sy T B AIE 2R 0 e A A 3 AT D' RS BE 4 i 1A B AR, AR 3G I Drone Vehicle 5 k4R )
ZT AN S TS X 0 AT UL OGBS A S SR RE A O 5 AR 1] oF- 34 T R4 %% I (Radial Average Power Spec-
tral Density, RAPSD)AE Ry it 46 b5 , HoaF 307 12250, % AR T (2o, y ) BEAT (8 B2 46 )

flu,v)=F[I(z,y)] (21)
Horpr F [« ]38 0 BLM AR 4, o Lo 43990 7 A ey 9 K7 RN 5 AR b, PR 4R ) 5803 25 i R
plu,0)=| 1w, 0)| (22)
LA A0 (o, 00 ) B TR 5 3 (o, vo ) FOFR 1) BE 2, B
r(u,v)=(u—u,)+(v—10,) (23)
XF T8 AR ) A3 DX ) S SCH X B A AR R R
Q= {u, ) <<r(u,v)<<r,} (24)
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WA 32 40 % X)L ) RAPSD(k)ﬂﬁS(%JJQ(ZS) Horp | Q| Fe 7% 55 AR ) B9 R IX [ P (40055 i R

RAPSD (k)=

a |2P“’ (25)

TEA SCH % RAPSD (k) H — A6 I OGBS A S Gh AL Bk, Bl 28 7 I — Ak 0% 428 1] 43 2%, BRI S TR O
B 1, 000 AR R K, 8 3 o I A B 8 A T e A DX, At S K, 3R 1200 B T e e AR

K10 s 1 B SE] OB EME (Visible) (E 522140 B (Infrared ) DA K 28 [ 35 I e 450400 i Ak B 5 (9 7] DO
K14 (Adaption HS) ZEMUEE (9 RAPSD 434 o Horfr, 54k 3RIR BT A RE AR TE X N 4 32 Ak 19 F 2 RAPSD , B 5%
DX 358 2 7% 12 0 50 A A ) ) U0 B3 TR o = 4% ol B R G N R R R A, U RR AR e R AR
AR DX 38, 17T g A3 DXl B o i o A 6 320 3 5 TR 2 v e AR AU TR A5 E RS B Rk — 3, ML
Infrared , Visible 75 H iy 451 X 3 5 A T 2 (9 Dy 2335 5 B, SR W A0 & 1 2 e RLGA 21 A5 B, &0 A 38 1
AT b B S, Adaption HS 1 4 78 AR A DX 3 A5 D47 5 RT  S ft A ST 19 4 A7 3, i A v i A DX S5 ¥ 1)
CLAMM AR EE T o XS5 R R W], A 3 N e A9 ) SR I BE A% A OR B R LG R 32 AR A B R I BRI
SER ) e AR A T A 3L Y MR AE AT B A A R S LD A ENA

Mean Log-RAPSD Curves
0.0 1 = Infrared
~ Visible
-2.5 —— Adaption_HS

-10.0 4

Log normalized RAPSD

-12.5 1

-15.0 4

-17.51

0.0 0.2 0.4 0.6 0.8 1.0
Normalized radial frequency

B 10 85 4L A Uk 2 A7 18 3 2 47 B

Figure. 10 Analysis of cross—modal frequency-domain distribution approximation

(3) A[E SN H K B BB RE DA
SRy i — 20 B AIE A N e A e A SO AR SCE e ge IR AR b ] UL OB AE AR B (IO RE i 0 A L JF
35 B A0 A6 1 B AIG L RN A s 9 AR SR M R AR A7 T AR 43 BT, 29 9illiE Sk sample,,, .sample,,, .sampley,, , 75 I
Femh b T = AN LSR5 - Without HS CAN #EAT i 580 ] ) Fixed HS ([ & w5 5 30 4 S 80, & a 1.5,
base 1 0.5) Lk S Adaption HS (TR AR GE 5 [ 1% I 09wy Al ) , 38 2 45 1 7 AR SRS TR LA Tk 4R B iy kS
RS SRR K%
x2 BIMBERAFITE LR

Table 2 Comparative experiments on adaptive high—frequency suppression

Methods mAP@50/ %
Without HS 72.4
Fixed_HS 76.7
Adaption_HS 79.3

ST AT AT, Without HS I GCRE fA m J37 558 55, £1HE P 22 40 48 J30 e 1 N A2, S AE vp 35 S AR AR T 40 A 2, AH

2 F , Fixed _HS I Adaption_HS ¥ 88 A R0 i TC A% = 450 SO, 0 H A 56 30 50 000358 Wb, 365 5% 00 102 95583« 3K 2

g R FW, Bk = 4S80 M mAP@S0 43 B R 72.4% . 76.7% F 79.3%, B L B AL YOLOvSn 43 ) $2 7
2.6% .6.9% F19.5% , B Adaption HS I F Fixed HS, T HEHE T B Y 7 21 40k i 46 0 7 1t
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Figure. 11 Visualization results under different high—frequency suppression strategies

sample,,

sample,,

sampleyy, i i *"ﬁ‘ é
% |

input Without_HS Fixed_HS Adaption_HS

3.1.2  FD #3455 fE i 45 5 A7

R 56 IE F D ASE it B 0 A R K B 1 AN FD B H S A R AE AT AL 25 R AR 12 13 iR, Hov
input 278 JB &, inv, ,var, fll inv, ,var, 73 | /R 00 55 1.2 4> FD B B 5 45 21 f9 3 A 28 AU R G 4k 1 . B 12
Fo i R AT UL SERE AN R f i R AR S I, NPT AR 25 SR W1 LU AN AR FRAE inv, Al inv, B AR B T H
o 2500 0 6 B 4 A B B AE S B A L 2 R var, Bl var, £ g AL FRAE , HE bR R 0 IS A X 5, 25 1]

S5 R FRAF A5 3 M

var,

12 M B FD SR ERE RN

Figure. 12 Visualization of FD module decoupling results in training phase

nv,

input inv, var,

20 Wl AR SO SEAMREAAE S g A EATIEC, OF 3 A0SR FD A 2 BRAY 21 0 B AR R AE , 45 31 1 1A
13IR o ZLMEFR AT SR L0 A H AR BT 7R (1 IX 38k, ZE A [R] FD L2 R, 20 AN A Hp 12 BB 3 AN 28 AR A1 g 107 A 4
T 0] WG REAS W 55, 3% AT B 5 20 A0 R Sr B A 1 A D  H AR S S AT AR A DL SRR R 2 R A K.
SR, B 13 Y inv, A inv, TS RETE B Fi DX DR 457 A8 28000 B, 1 W F D A HR BB 8 DA 21 Ah i A 4 RO R 1 At
AR SURAE
3.1.3 SO Optimization 4 3 /Jx B A7 A4 ] b 48 2 A7

A SCHEF FLIR 208 4E |, L YOLOvSn 1 oy 3k 45 5 B baseline, 4K ¥k #4 & { ik A SPD_Conv AU fix A
GA _Concat ., [Al B £ A SPD_Conv 5 GA _Concat ) = 2 XJ L LAY | 25 40 5% 3 firzn , H ARAE a] 904k 25 5 1]
14 7R o

5 baseline #8 [t , AL Z 1 SPD _Conv AXEE N GA _Concat .71 SPD _Conv #1 GA _Concat X} W #9 & 1] % R
AT 6.49.9.3%6.11.2% , mAP@50 4 S 3T+ 2.6%.3.9%.6.2% . MK 14 0] LI F H , 7 baseline & 14
I R S A ROBE B/ INTE R L) R FE B R S ) H AR AR 5 e A . SPD_Conv AR B RRAE LR B2 (1)
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Figure. 13 Visualization of FD module decoupling results in test phase

input inv, inv, input inv, nv,

%3 SO Optimization ZEHR XF /N B 4R 46 A 201 2 47

Table 3 Effectiveness analysis of the SO Optimization module for small object detection

Methods P/% R/% mAP@50/ %

baseline 50.5 442 54.6
baseline+SPD _Conv 51.8 50.6 57.2
baseline+GA _Concat 52.2 53.5 58.3
baseline+SPD Conv+GA Concat 56.5 55.4 60.8

B B oS (a5 B AL BGEGE (S B, R/ B AR S B AT E S, 1 GA _Concat IR E T FE E B ERES | S8
JZHRRAEXT /N B AR B AL, —H A TG, A A PR B SRR B S R B RS LR XS /N H AR X
m i BB FE 4, IR B e it — 2 D

E 14 FE FLIR #{E% £ # SO Optimization IR G R IF AT ML ER

Fig. 14 Visualization results of the effectiveness verification of the SO Optimization module on the FLIR dataset

baseline+

4 baseline+ baseline+
baseline SPDConv

SPDConv GA _Concat
+GA _Concat

32 HMXE

by 58 IR 2% 5L B 19 A RCHE |, AR SCHE DroneVehicle $4E 48 1 T JR 0 Rl S 56, 45 SR AN R 4 i s o BE AR B
Exp0 B #ER 3R A 8] R H mAP@50 23 51~ 71.2% .66.5% F169.8% , il A HSLE BB 5 , Expl B #E# R .
] RF mAP@50 43 5 $2 T+ 28 81.7% . 74.3% F179.3% , 5 He AR A 43 il 55 10.5% . 7.8 % F1 9.5% o XTI A
FD B, Exp2 iy HE# 5 H [ F mAP@S50 43 24 76.4 %6 .71.8% 1 75.1% , Exp3 il i 51 A SPD_Conv
A GA _Concat, B8 T 78.9% MY HER A1 76.5% [ mAP@50. #F— 5] A HSLE Al FD #J5 , Exp4 (17
AL TF 2 86.3%0 .78.7% F183.2% , Mt Expl 43 B4 TF 4.6 %0 . 4.4% 1 3.9% o M RIEF5] A = A S dE B He )
Exp7 5 Bl e A0 A VL BE , HERR R 3 [ A mAP@50 43 1) 15 3] 88.5% .82.4 % Fl1 87.2% , B HL LAY ExpO 41
FF17.3% .15.9% M 17.4% , % Expd #F— B35 2.2% .3.7% M 4.0% . IRGEFUE I 1 & AN H 5 i A 5
PE A ) TR S B B AR AG I
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Table 4 Ablation experiment on the DroneVehicle dataset

Experiments HSLE FD SO Optimization P/% R/ % mAP@50/ %
Exp0 71.2 66.5 69.8
Expl N 81.7 74.3 79.3
Exp2 NG 76.4 71.8 75.1
Exp3 N, 78.9 69.2 76.5
Exp4 N N/ 86.3 78.7 83.2
Exp5 NG N 82.1 75.4 80.6
Exp6 N NG 84.5 76.9 82.4
Exp7 N/ N/ N/ 88.5 82.4 87.2

3.3 xttbikie
S UL T 4R 7 B I A e A AR SCHE S — SR PR BT R T R LU SE g , S 2B IR 7 Rl EL A AU G A
R AT 7 ——S W [ IBN=Net ™ . ISW "fil CDSD' \G-NAS"* .OA-DG" [PDOC "',
3.3.1 HFAEAEER
VAT B A AN TR 2150 37 5 T Bz ALY BE , A8 30 Bl E DroneVehicle £4ks % 1 (4 val, \val, val, B 347
M, I L mAP@SOAE A3 545 , 45 2R WK 5.
#5 FRGETREIUARENER

Table 5 Results of single-domain generalized object detection in different scenarios

Methods val,/ % val,/ % val,/ % average/ %
YOLOv8n 72.3 68.7 68.2 69.7
SW 78.2 74.1 73.5 75.3
IBN—Net' ™ 76.5 74.9 72.7 74.7
ISW"Y 75.4 70.2 72.3 72.6
CDSD'™® 84.6 81.9 77.2 81.2
G—NAS™ 80.5 79.1 75.8 78.5
OA—DG" 88.6 84.3 81.5 84.8
PDOC™ 83.2 81.6 75.6 80.1
Ours 90.3 85.4 84.9 86.9

A3 BT AT AR ST EEAE 3R LT ANGIE Y 5 E S Y mAP@S0 155 86.9% . AHEL T IEL LA YOLOvVSn
ST 17.2% , HEE T SW L IBN-Net . ISW .CDSD .G-NAS .OA-DG H1 PDOC % J5 % , mAP@50 43 51| $2
FH11.6%.12.2% . 14.3% .5.7% .8.4% .2.1% 1 6.8% . M A IG5k F 78 B M45 437 5 b, 2250 B An AH T
TR T, 5 IAR BE 2% A/ AR SO RS 90.3% B9 mAP@50, % OA-DG#285 1.7% . GERBEEEG T, &
J7 1 B R I 45 R 3l 1K T B 0045 2R 3 AR SO VA AR 1 S N U 85.4 %0 19 mAP@50, 75 8 T OA-DG 1Y
84.3% . fEERX 5T ,PDOC G-NAS 55 J5 7% By A5 M 1 5 F BB B b, i A SO 15k 81 84.9% , 5 iy
Pl 45 2 b e 5 SR 00, U WD 4 5 VR AE S R 7 5T AT B A I AR R Pk
3.3.2 LR A M AR 3 AR 2T

Ry A VAL AR SO 5 A R0 AR B 25 G PERE AR SCEE T DroneVehicle B4 48 7E S B 4L
ANEEIEEE F AT T X LRSS, BV val, (val,  val, I 45, SR 45 B3R 6 o .

N5 H Al B Ak T R Y FE B A SRR AR RIS B B AR SO AT SWUIBN-Net ,ISW .CDSD |
G-NAS .OA-DG #1 PDOC 7 mAP@50 43 5l #EF+ 6.8% .10.7% . 13.7% 4.6% .8.6% .2.9% M 7.2% . TEME
T J% B 7 I, R SO ¥R I B BUEAUR 3. 7ML, FLOPs A 14.1G . BUARMIE T 5 4H YOLOvSn B AT 38 i, {547}
BEMRTHEX ., SR, WHER R F A S FPS 2 36.5, BRAAIKT YOLOV8n 1 47.2,
A T2 = A0 16.7, X R AR SCH RS A D RGN R 85 0 2Ll L, S0Bl T R R A
BAR T, TR B AR AR OR R T B bR i S B, T3 5 B T IR A2 B EL X S MR R A S I G & B .
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Table 6 Comprehensive performance comparison of different single-domain generalization methods

Methods P/% R/% mAP@50/ % Params/M FLOPs/G FPS
YOLOv8n 71.2 66.5 69.8 3.2 8.7 47.2
SwW# 77.8 78.4 80.4 41.3 423.7 16.1
IBN— Net" 80.5 75.0 76.5 34.9 422.2 16.7
ISW 76.5 69.5 73.5 62.9 393.2 14.4
CDSD™ 80.1 73.4 82.6 61.1 437.6 13.6
G—NAS"™ 79.7 75.1 78.6 71.0 149.0 13.6
OA—DG™ 85.1 80.4 84.3 74.6 212.7 10.5
PDOC'™ 84.8 78.2 80.0 87.8 340.6 9.2
Ours 88.5 82.4 87.2 3.7 14.1 36.5

3.3.3 FLIR # ¥ & 2 L1 58 1 i
KR Z AT R BRI AR RE 7 FLIR R 4E 3T B XS He s i 45 R an e 7 firos o 43l i, AR
ST IETE FLIR 8048 48 A ERfR R 7 [0 R A mAP@50 23 ) 4 75.3% .67.8% M1 72.1% , % YOLOvSn 43 Hl4%
THT 24.8% .23.6% M 17.5% o 5 H AT, A SCT5 9 mAP@50 4351 e SW  IBN-Net . ISW .CDSD |
G-NAS .OA-DG FIPDOC $£ %5 16.1% .13.6% .12.5% .11.0% .6.3% .5.0% #15.8% .
£7 AEFEAE FLIR $iE5% o EaERTEE

Table 7 Performance comparison of different methods on the FLIR dataset

Methods P/% R/% mAP@50/ %
YOLOvS8n 50.5 44.2 54.6
Sw'# 69.4 45.1 56.0
IBN— Net"® 65.3 48.4 58.5
ISw' 66.2 54.7 59.6
CDSD" 69.8 58.5 61.1
G—NAS™ 70.5 64.7 65.8
OA—DG™ 72.6 63.5 67.1
PDOC™* 71.2 60.9 66.3
Ours 75.3 67.8 72.1

3.3.4  #m) 4 R T AAL

g TRV b JE S B 4R O vk B RG I SCR , AS SCAE DroneVehicle 244 42 A FLIR $¥i 45 k47 1 Al M4k
P B, B 15 B R o Ho B 15 0956 2 81 2 5 4. 51 43 5116 1 DroneVehicle B8 48 o (9 B 0 452 42 35 Bl 4
AR R X 32K L AN IE 5, 56 551 O FLIR B4l 4 b i nl Al Ak 45 21 .

B15 SR, BUAT X L 7 i BB ZE &6 40 B 3 HAs LA I m R a8 (5 e 5 4 B R RIX
FLIR %4l 45 1t Z2 00 A 5 5t P ATH A7 A B 0 0 ARG, 00 M 8 s 1) SR AE 88 15 8 O AN 0 SR K g B 1) 8 A G T 44 e
X B A7 AR U AT 55, 5 A5 A AN e e 0 /0 ik 2 1R B A T dE DA AR E A el B /0 H AR L 59 S0 H bR Bk
BT R R H bR, LA B A mAP@S50 4543 52 £ 5200

FMHZ T AR SO A B bs L0 8 A5 B RS T AN 0 b o ik (A RB A AG Hh oE 2 5 H A, U2
FEBAEHES NRE R 275 ST 0 T R B /D 536 B R S i 9 A B B v R A ) A T
] 2 308 2o % it 1T WL 5 20 0 22 ) 1) B A5 2 S, 1 i 4SS 856 b DX ) e SRR B

WA SC 7 B AE AT WAL b 2 30 R A A R H bR B R B SRy, X 5 3R 6.7 TR 1 A R g R —
o WA FLIR B4 4 vl WAL 25 5 mT DLk B, S i A0 5 A0 A0 A A8 A A K FLG BE B/ H AR 88 2 i, %
bl 7k 25 5 B RO /NI B bR, AR SCO7 63X 28 H AR LA B AR B R AR T, Ul B TR 20 AR 2 A i
T HEA ERE Mz e rERE
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Fig. 15 Visualization results of different comparison methods
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4 i

Bt 5 35 AR A R R SRR A B % A T AL, AR SCHR HE T — ol R T DL OGP 50 SR AT A A B R R AR
ZLAN HARRLIN J7 vk o % 07 k8 ik HSLE e 5 4 ml DL ol 121 45, 400 dhl o 330 S0 B~ PIE I 1 56 AR 3T XA 22 BE 1
Gl Ihf 78 T MR IZ 51 FD S, 2 2000 8 SURA A R AR 5 O A R AL, fie )=, BT SPD_Conv 45 GA _Con-
cat 3§58 /N FFRFRAE DR B 5 2 ROBERRAE Rl & BE 7, 42 THBE TR BS SR A0 7 5t T ROk I PERE . SC R &5 SRR W,
A SCTTETE mAP@S0 S8 b L AL T x0f e vk SR B T R4 Y B B AR RE ), Al PR R IR A S8R AT
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Zero—Shot Infrared Object Detection via Frequency—Domain Feature
Decoupling of Visible Images

LT Jiale, HUI Bingwei, WANG Kaiyue, ZHANG Jun
(College of Electronic Science, National University of Defense Technology, Changsha 410028, China)

Abstract: Infrared imaging systems are widely used in battlefield reconnaissance, disaster warning,
autonomous driving, and industrial security because of their all-weather sensing capability and robustness
to illumination variations. However, in non—cooperative environments, infrared samples and annotations
are often difficult or costly to obtain, making zero—shot infrared object detection highly challenging.
Traditional domain adaptation and fine-tuning methods usually require target-domain samples, which
limits their applicability in infrared scenarios. Single-domain generalization (SDG), which learns from only
one source domain and does not rely on target-domain data, provides a feasible solution. Existing SDG
methods mainly focus on generic visual feature generalization or cross—modal semantic alignment, but they
rarely exploit the frequency characteristics of infrared imaging and are often insufficient for small-target
detection under cross—modal domain shifts. Moreover, few SDG methods are specifically designed for the
lightweight YOLO architecture required by real-time applications. To address the above challenges, this
paper proposes a zero—shot infrared object detection method based on visible-image frequency-domain
feature decoupling. First, a High-Frequency Suppression and Low-Frequency Enhancement (HSLE)
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module is designed to process visible images in the frequency domain. High—frequency components are
adaptively suppressed to reduce source-domain—specific texture interference, while low—frequency
statistics are perturbed to increase source—domain diversity and to narrow the visible-to—infrared gap
without severely damaging semantic structure. During training, a weight-shared dual-branch backbone is
adopted, where the original visible image is used as the primary branch and the HSLE-enhanced image is
used as the auxiliary branch. A Feature Decoupling (FD) module is embedded in shallow backbone stages
to separate domain—invariant features from domain—private features, so that deeper layers focus more on
cross—spectral common semantics rather than source-style cues. To reduce the loss of weak target
information, conventional downsampling is replaced by Space-to-Depth Convolution (SPD_Conv) ,
which preserves more fine—grained details during feature transformation. In addition, a Guided Attention
Concatenation (GA _Concat) module is introduced in the neck to enhance multi-scale feature fusion by
using shallow detail-rich features to guide deep semantic aggregation. During inference, the auxiliary
branch is removed, and the detector remains a single-branch structure, thereby preserving deployment
efficiency. Experiments are conducted on the DroneVehicle dataset under a strict zero—shot visible-to—
infrared protocol, where only labeled visible images are used for training and infrared images are used only
for validation. To ensure a rigorous evaluation of scene-level generalization, the visible training set and
infrared validation set are constructed with scene—level non-overlap. On the infrared validation set, the
proposed method achieves an mAP@50 of 87.2% , which is 17.4 percentage points higher than YOLOvS8n.
Compared with SW, IBN-Net, ISW, CDSD, G-NAS, OA-DG, and PDOC, the proposed method
improves mAP@50 by 6.8, 10.7, 13.7, 4.6, 8.6, 2.9, and 7.2 percentage points, respectively.
Meanwhile, the detector remains lightweight, with only 3.7 M parameters and 14.1 GFLOPs.To further
evaluate multi-view infrared generalization, experiments are also conducted on the FLIR dataset. The
proposed method achieves an mAP@50 of 72.1%, outperforming YOLOv8n by 17.5 percentage points
and surpassing SW, IBN-Net, ISW, CDSD, G-NAS, OA-DG, and PDOC by 16.1, 13.6, 12.5, 11.0,
6.3, 5.0, and 5.8 percentage points, respectively. Ablation studies verify the effectiveness of HSLE, FD,
and the small-object detection components. Qualitative results further show that the proposed method
reduces missed detections and false alarms in cluttered infrared scenes. These results demonstrate that the
proposed method improves zero—shot visible-to—infrared object detection and small infrared target detection
while maintaining the efficiency of a lightweight one—stage detector.

Key words: Cross—domain generalization; Zero—shot infrared object detection; Frequency—-domain
enhancement; Feature decoupling; Small-object detection

OCIS Codes: 100.4996; 100.2000; 110.2970; 150.1135

CSTR: 32255.14.g2xb20265508.0810001

0810001-18



