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/N BARKS I J5 VA AT KR EAr WS . BB — 28R B TR RN K 2l (W B30k, An A% A 1D 5 BE MLTE AE (Facet Kernel and
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A4 7 32 3k T A AE 21 45 HE 715 (Box—to-Box Regression, B2BR) B /7% . £ M2MR A9 ik, i F 40 70/
HARRSE/N GOZBOM i3 38 5R R 5 BARR R W X 5 A8 15 RO, T30 1 75 5@ R 28y
Ay SRR AE X 4 BE 1, LI Boyang % B MY T % B ik B UE 2 1 M 4% (Dense Nested Attention Network,
DNANet) , il 2 %5 5 1% 2 F1 25 8] 4 38 Al A R W iR A AR 42 B . WU Xin 97 U-Net & T i A — A/l
U-Net, 42 i i £ % U-Net(U-Net in U-Net, UTUNet) ¥ 45 L SZ 8L H AR B 2 G M 2 R E% 5 . 1F B2BR i)
J7 i, 28 JF 1 (Intersection over Union, ToU)AE S VAl i1 5 HE [8] )08 B (Y B2 5 46 A, F0 X0 30 A A o7 5 A8
A A Ry SRR B e A A B ) 7 S AE R Bt mTRE S A ToU B A9 2 35 B s, S R F 20 40/ B AR e Bl e .
I, YANG Bo %8 N4 H 3 58 R AF 2% 2J W 2% (Enhancing Feature Learning Network, EFLNet) , i i 9 —
Ak v W — K 5 3 40 5 B (Normalized Gaussian Wasserstein Distance, NWD) B ToU 15 4 35 i 5 B35 45 , %05
A G T 3 E B U (R R, DTS B2 T 1 21 40N B B B A I P RE

ZE LTRSS W Tk BOARAE B 4 5 s b R Mk e A AR O R TG o DA R TRl 1) W
SR R R 0 AR TR B L X 2 AR v Y BN AR T A T AR T AR A A AN P S e S B H AR
RS B 5 2) 40 360 B o A 2% 1 A TR 23 g AR v RS IDRG BBE ,  BSOR R 5 2 B R R 0 0 A ) A BR A T
Oz W H

KT G AR G b 2 T B B N AR [l R A ST N B R TR T s B I R B 2 2 (Weakly
Supervised Deep Learning, WSDL) J5 % , i3 2 J5 2% 3 3 B o5 A 3 A Bl 08 J8 A5 20F 47 09 265 D0 225, DA A AR s 72
WA . 2024 4F , YING Xinyi Z872 32 7 B 5 W B 5 25 984k (Label Evolution with Single Point Supervision,
LESPS)HEZL , FE I 25 B B 2k A8 v, 3 g 22 A 390000 o507 2 J P #E AR 25 . 2023 4F, L1 Boyang 55 4 17— Fif
BT 545 R B % J5 (Monte Carlo Line Clustering, MCLC) iy 5 2, FA AR R YA Ph ETS . X 26 5 T 55 I
B 7R LS M2MR B 36 454, 38 TH 040/ B AR A 09 P BE L 10 LESPS+DNANet ' fl MCLC+
DNANet™ o SR, Ph 5 B 1 0T o5 475 98 R WORS 8 1) F sh A v, 5 S0K I0ORS B3 0 3% A, i FL B0 9 5
M2MR 5 00 T & MY 5 T AREZM M S HOIF 8 . K 0 S BORUR RH3E I 1 F2 66 75 5K
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IR M R AR TR AR 9 R B G T AN B AR I AT R A R R R R 1 B AR R

B L 3R (] R, AR SCHE T — 3 T X [0 9 A A% i G 21 A0/ B AR A D 19 % (Point—to—Point Regression
Lightweight Network, PPRL-Net) , { | ] 5 s bR 3 R0 0 F0 00 558 8 50 20 v A B2 0 H A A I o (B A5 08 2
J& 4 1 PPRL-Net #2040/ B br A I #2452 5 2 %) 44 71 5 (Point-to-Point Regression, P2PR) {55, & R
FH A bR T R AT N 5, 38 3 [0 5 o 30 B P 300 A b 2 8 o S AR 32 R AT N A i A, iy HL S T
[N =Y A AR AN R 7Y Sl 3= % i R e e N =R 2 ) W

AR FZEN AR LT =5 D3R T T 5 B Y % 5 R PPRL-Net, i 1 44 £1.5b
ZIN B A ) A A Ay T ALY ORI DA 55, AN AN BE i s BSOHE A 1 R0 L T L RE AT A B AL 25 4, 52 B H s 4G
HERE Y AT % B RN BSOS B 1 A8 ) B ARV 5 2) BT T — B AR X BR 4 4 B B A SRR AR £ OB B (Asymmetric
Full-dimensional Dynamic Feature Extraction Module, AFDFEM) , &5 & 16 1R Ve IR E SRR &4 % sh 545
F(Omni-dimensional Dynamic Convolution, ODConv) "4 A, K i [ A 5 55 4% B /4 [R] B, A7 28008 58 H b
FEEMGE . R T —Fh & 4 R R AE 8 58 A B (High-resolution Cross—feature Enhancement Module,
HRCFEM) , i i 2 [ 5 3 BE R R AR 32 B o3 A 58 R G B G S 0T AR B FRME B 450, A U2 1 = 2 18
SCHEAE 4[] B 5 4 b O B H B s 8] 4 19 45 5 o

TEZ AN TR B 4R LY S 00 25 RO UE 1 BT 38 B3k (0 AT RUE R S Bk . K SR R B AR SO Y
PPRL-Net B AT M SR T E AT 25 UG 100 T 2 M an iy 38k iR Ve e . IAh  IZ B S 80 AU
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Fig. 1 The structure of the PPRL-Net

T 6, PPRL-Net #5258 13 B 41 “ % BUZ -+ AFDFEM ™ 2 300350 1F 47 R 4F $2 5 ; 2k, FIl I HRCFEM Al
234 25 8] 4 733t Ak ( Atrous Spatial Pyramid Pooling, ASPP )it | ﬁﬁfﬁﬁﬁ‘ﬁﬁm)ﬂ & SRS (8] 401
REAE o SRS, 4 i 2 R AF 5 Ak B o0 iF — 20 19 98 EH AR R ) 75 57 TR L % R SR AL B T R A AR E T
(Coordinate Attention, CA)™ i AFDFEM fil ODConv 2H i, . H v Fj & CA B He 3 18 15 46 5 % 5%,
AFDFEM 5 8T Jay 38 40 45 1 358 £ 1 34 58, ODConv il 2o 8l A A ML 8 FHFRAE 3R 38 RAG M, LM FE 151 %
FIVRRAE B0 25 38 5 10 7 0 SRR AR AR AL o B, B B AR AE 28 1< 1 B AR )i i 4R &, 38 3 APRH S H bR 6
K E O 5 BAR AT
1.2 HEXTFR &4 E s B R IR

R T AR AL A i A 00 [ I AT R 5 H AR G AR B AR SCIR Y AFDFEM, &5 Qi 2 s o 1 e i

AFHIEE X € RP 1Y 2 ok i TE TR U , 4 BELL ) - 3 43 R 0 40 X, R X

[ X,, X, ]= ChannelShuffle ( X) (1)
1, ChannelShuffle(+) 275 3 3B R R AE , X, € RY Y SRR FRAE 3R 8 43, X, € RV g
(EE 3

LU R AR 3 500 30 T X, AR U S R A AR s R A AR DL AR IO B 0 R AR AR A 4 e R SUE B
R IE A RE )
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Fig. 2 Asymmetric full-dimensional dynamic feature extraction module
X,=a( DConv (o( DWConv (X, )))) (2)
A, DWConv (+) /R EE L, DConv (+)F /R 25 B, A T R BE N 2,0 %78 ReLU B pREL .
i bR AR AO6 B 23 1 T R AT R AE B GRS S S AR B JRUIR TR AR R SRR RE AT SSCHE BRI 4 IO
HERVECR . AR AL SR 5
U= Concat [ X,; X, [(UER"* 1" (3)
3, Conceat [+ |8 HIE DF IR
SRI5, M ODConv 2 — 251y 5 H b5 2 4 JERF Ak -
V=0DConv (U ) (4)
K, VRSB B FFEE, O DConv (+) % n 44 1 2h 5 8 BURAE
R, P i g | AR 22 A

Y=0( BN (V+Res(X))) (5)
Ao, Y FRon e A g B R AR B BN O — AR 0 7R ReLU pREL, Res(+) RR Gk 22 4%, € LA
X Cinpul: (/‘uulpul
Res(X )= (6)

Conv,( X ) Otherwise

A, Conv, (+)F/m BA BN 5 ReLU 94 B, ki A5 iy th 48 2R — B0 5@ o 1X L EX 55, it
338 i R AE A [ B A B S A B L B AR A 25 00 XURG: , O o o o B8 A% 4R I R 1
1.3 S RESERERER

R T G M TE AR I )2 T SRR AE (9 R R B OE A A e A, AR SC 4 HRCFEM. Gn &l 3 fif i
HRCFEM R FREAE B & = 1 5 40 BER R AR S 053 32, B — I 40 S A RRAE B2 IO B2 v R R i 40 B IR B8
HARd 1515 B -

HRSR 3L, B A BYRRE S X € RV 1 5 K AR IE WU Oy = B 2 RO RRE X, XL, X 5
— B 232 ODConv'  # 1 | B2 IBCAIRL L 25 [ FFAF X«

X, =0ODConv(X) (7)
O TUEEIE A g B LA T R R FE B SRR U BE 1, 15 B R IE SUERE X,
X, = GConv, ( X) (8)

A, GConv, ()EARAR A 1/2 C, 2K K2, HA BN 5 RelLU B4 5 BB . 45 = B R B T 40 8 28
i % F (Depth-wise Separable and Dilated Convolutions, DSDC)# #E47 T SRk, Jy Jm S filt 4 42 44 55 218 o
fiE, e A3 5 X,
X;= Conv,( DSDC ( DSDC (X)) ) (9)
X, DSDC /R 231 %0 2 80 4, B4 BN 5 Rel U A I 3 1] 43 8 2 0 45 AL
SRIG AL FR S R R AR LA A5 R L5 — 454 3 Y B I VR 2 RRAE X TR AE Y P2 R AR X 758 3 2 i PR
A R B B G R I 4 (5 B
Y, = ODConv(Convz( Concat([ Down(X,) ; XJ))) (10)
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Fig. 3 High-resolution cross—feature enhancement module

A, Down ()RR 2 (B BUR KRR

OS2 Y, 2 RRIE X T R FE S W2 RRIE X, L OR R A 18 A PR O & B BT A X5 B 5
A CAPEE Sy JE TS H bR X 38 698 5 € 07 5 4 s bR SCEEREfE )
Y, = CA(Conv,(Concat [ Down(X,); ODConv (Up(X;))])) (11)

A, CA( °)%i‘éléﬁﬁi%fﬁ1‘ﬁﬁ%,Up(') RN AU AH R FEERAE
533 YR VR R RRE X RS AR XA 0 E 4E R DR 6 AFDFEM 3 5 5C 8 (5 B0 I8 R 18
= AFDFEM/(Concat [ X,; ODConv(Up(X;))]) (12)
WA, Sk s /0 87 B A A > (9 TU A, S8 BN [] 43 S BT Rk 09 30 A8 S A7, 51 A — 4 AT 2% 2] i il 5 AL TR o, , 75 3
R 2B FRE
F=aY +aY,+ aY, (13)
e, Rl REIE T e A 2 AFDFEM, DU T4 IF 1G58 F 000 s Bl 5 5 v 288 X DR Ol o — 4
AFDFEM 5¢ J80 18 %) 55 5 #1240 , NI PRIIE Rl G 19 48 B — Bovk 5 RIA 7801 s 38 RV IE EoRAE | 0 e O
5B RHIE X5k 22 AR, 755 5 e J2 T SCRRAE 0 [ IO B AORL B2 25 [V AR YT 5 I, I NS T 280 2 A AR, 7
PRAF I R TR T A Y RIS B i — D85 R S R SOE R 34T B 2 0 8 40 3 A R AE
1.4 BiERN =B 38650k
AR Sk 3 43485 FH 3 <3 e AU Ak A S 50 A PR 3 ek 0 A PR 14 Je) TR AR AR L 45 A AR R {4 o R0
AR BE B 2 0, 38 2 i 0 Y R B R A i, e S [ i R AR A, S BN H B B AR E £
37 A G 0 S A 45 = A 20 B e R Ak TR ) g S e KL B AR P AN O B g S e AR DA B T A
38 N A o S T 303 i R v Ak TR ) 0 A TR 1 ) S e KA 38 PR BT Y ) B e K {E TR A Ak AR
(20 y VB AR, BT 5 A A8 Hoous R8N
H(x;,y:), Maxpool(H )=H(x,,y;)

Hys= . (14)
. Otherwise
BB IR = 1 B A B o B (o v VVE R 6 05, I L 08 S At e o5 0% {5 B 1 M — o A, an 2R
BAR B A — B, ) Wlﬁﬁfjﬂ TR R AT s A0, BISACH A R H AR A . Hd B AT SRR
HNMS(Ii’yf)>/1XHNMS(xmax’ymax) (15)

AP ARRH TR R D ES .
1.5 il ZFniR 5k iR
F T BEAR N T AR A, A SCE 3 T PPRL-Net, fff B 85 A5 13 U145, 984 2 77 1% 22 (Mean Squared
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Error, MSE)/E g5 2% b %, 52 BE H A5 A9 5068 50 01035 5 47

(1) I Zhid 7 - PPRL-Net B9 Y1 2 i #2208 i 50 i bR VAT 8 W BH5 5, O 7 4% 38 PPRL-Net 78 Y1 25 i 72
A A TR SR F B i ik 22 2T BB 7, DA PR b 1 D R I ) S0 AR S, A i s 38 A1 64 F AR MR SR BR[O
{37 5 BT B AE 08 T 1, TR 8 e A M SR ke T O, e v e B 0 A s SR

22yt

Glz,y)=e = (16)
o, 2 Ay 43 SRR B A D KO 5 TR B o R WY UM AR AE 2 o B AR bR (&, v, Ab
MR 2R i IR 0 S

H(x;,y.)= G(x;,— kry, y, — ky,) (17)

L, G (2, y) R (16) 5 X 5 A% BRE L (ke by, ) F27R 55 kA BAR SR 00 A6 B3 (B4 B AR A=1) . H (2., y,) %
7N H I HARIETE (2, v ) A RO E .

(2) B PR B : R T 51 T Wi T H AR 9 v 42 TH 07 B 24 2T B8 1, A SO FH 1 00 44 (51 55 H i HE 2R B
B Z B MSE FE Rt 2, Horb Lyge 80K € R
1 L E ~ )
;zZ(H(I,,yf)*H(x,-,y,))z (18)
A H (2,,y,) 275 (2, p,) R B BE  H (2, y,) 575 () b 9 2052 B AR B R, WRH 43 3 3%
KM TEE S &S E H (2, y)B9E XX 5K (14) — 5

2 TWREGER

21 EINAET

SEI VRIS A TFBEE NUDT-STRST! N IRSTD-1K™ . S /N (0 S E0 3R EE 6 5> Bl 45
Bk o AU AR B0 4 KA, R4 L9k 6:2: 20 AR SEURad AR P, BTG 5 vk 38 Py Torch 3R )i 2% 2) 4E
B SZEGEA ON YRR RS2 19-14900HX CPU MINVIDIA GeForce RTX 4070 GPU Byt ML #E17 374G

FE St 72 o0 2R F Adam IR AL 2%, 9116 27 ) 3% 8 0.001, 7 #  Reduce.ROnPlateau 5 W ik 17 25 25 18
# W 0.1, .0 B {H (Patience) % R 3, 4it £ K/ (Batch Size) W h 5, Yl 2548 ¥ (Epoch) 1 24 300,
A FE 43 B R AR SO I A R S e i e B R e ik R AT U B, A S AR AR 0K Bl vk L W FKPW
IPT"” PSTNN"™ (GSWLCM"' \RUMFR" 5 DL F 3T 47 2 48 th B9 IR B2 2% 3 J5 5, i AGPCNet ' | ACM'™ |
DNANet"” UIUNet'"™ EFLNet™ \HRNet"” MSHNet"* | L’SKNet""; [6] i} Sy T &3 25 % o5 815 1 A &b,
I B T T T 5 W B A TR 2 ) 7 1 AT ML A, 0 LESPS+DNANet ' H MCLC+DNANet ', % 8k
T S BORTC B34 % T I8 SC P 77 sl A, BRI & S 4036 1R .

®1 WHEFHNIBRSHEE

Table 1 Experimental parameter settings of the comparison algorithms

Lyssg =

Category Methods Experimental parameter settings
FKPW''(2019) K=5, p=6, 3=200, Window size: 11X 11
P17 (2013) Patch size: 5050, stride: 20
Model-Based PSTNN™ (2019) Patch size: 40X 40, step: 40
GSWLCM™ (2022) 0=0.01, 2=0.6, £#=20, Window size: 19X 19
RUMFR'™ (2024) 6,=0.8, 8,=0.3, N.=30, /=30, 6=0.6, window size: 23X 23
WSDL-Based LESPSJrDNANet[’Z‘z] (2024) Learning rate: 0.05, batch size: 16, epoch: 1 500
MCLC+DNANet'® (2023) Learning rate: 0.05, batch size: 16, epoch:1 500
DL-Based(B2BR) EFLNet'® (2024) Learning rate: 0.001, batch size: 8, epoch:600
UTUNet'*(2023) Learning rate: 0.05, batch size: 3, epoch:1 000
AGPCNet''" (2023) Learning rate: 0.05, batch size: 8, epoch:10
L DNANet'""'(2023) Learning rate: 0.05, batch size: 16, epoch:1 500
DL-Based(M2MR) MSHNet'™ (2024) Learning rate: 0.05, batch size: 4, epoch:400
L*SKNet'" (2025) Learning rate: 0.000 5, batch size: 8, epoch:400
ACM'™ (2021) Learning rate: 0.05, batch size: 8, epoch:500
DL-Based(P2PR) HRNet'™' (2019) Learning rate: 0.001, batch size: 16, epoch:140
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22 EMIEER

i T 20 AN R R BE 2R G0 i 2875 B AR5 IRSTD K B 9 A8 B, % B A 20 500 B AL 38 b L 40 355 4 1 R
(Precision, Pre) . % (Recall, Rec) .Fl-measure(F1) & b4 M K 1% 18 i % (Frame Per Second, FPS) .
15 BF S AUFLOPs) MZ 8 (Params ) , HoHp Ui B 22 38 78 T A 8% 30000 A7 BH PR (R REAS w50 DE 8 BHAPE I FE AR
B o A8 L 151

P —7’”3 (19)
T TP FP
i, TP FRm B HM: , FP 225 B BH 4 CED #5812 1 3R 50 Sk BHA: A FE PR BEAR O 800 ) o« A Il R L 7R 1E 5 i 51

R RE A A JT AT 552 B B A AR AS v A L 451

TP
R€Cfm (20)
o, FN R B B (RIS A A58 78 1R 551 7 BH M AR A 1 280 ) o
F 12X B br kil 58 19 25 6 VE M, 2 SR
Pl g x Lre Re (21)
Pre + Rec

Korf Flelo, 1], FL &, R RIEM LA KM PERE AT . LAk, 288 FPS iy i 5005 R I %, FLOPs H
T AR (B A 24 BE |, Params J T4 B B B AE 4% 5 2
23 HELKI

SRy B UE 25 A5 HR T 21 40N B AR A R VR T AR SCHE IRSTD- 1K #4fi 4E b  E#E [F i) L fr HRCFEM &5
AFDFEM 1) W 48 V8 hy L2, EAT I Al S 58, 25 SR an 3 2 iR o #h S50 45 S v] WL 76 UM A HRCFEM B , £
B2 B0 6 1 0.18 M, {H RS B Pre $2 F+ 2.53%, A 1] %8 Rec #& 7+ 1.38%, F1 {6 4& 7+ 1.92% ; 7 {L Jm A
AFDFEM B}, 2805 JL-F R FEA A, Pre 82 1.04% 0 4934 R B 5] A B, Pre (Rec f1F1 43 34 F+ 2.57% .
2.07% F12.31% . BARULET SECRBIEL A DRI AR R R ML . 25 1 rid , HRCFEM 5
AFDFEM 7€ PR IE 5% 2 9% 149 [R] B 25 B8 A8 8508 TH ARG I 4 68 L 0 HL 3% A 6 & T BB 1F — 20 B s B AL 1Y) 25 3%
B, DT 361 1 T A5 e o) 6 A A U BE Y 4R T

%*2 IRSTD-IKHFEEHMIKER
Table 2 IRSTD-1K dataset ablation experiment result

Baseline HRCFEM AFDFEM Pre/ % Rec/% F1/% Params(M)  FLOPs(G)
NG 92.62 86.55 89.48 0.05 0.71
N N/ 95.15 87.93 91.40 0.23 1.48
NG NG 93.66 86.55 89.96 0.06 0.83
N NG NG 95.19 88.62 91.79 0.24 1.53

24 XPEERIE

g B AEAS ST R B BOEE S e R, 22 SIAE NUDT-STRST I IRSTD-1K P4 4 5 15 Flft 3
PR AT X O S 86 . 36 3R R T AN ) B0 v R I 1 B ) o | X6 HE 45 R, 4045 Pre \Rec .F1.FLOPs  Params fll
FPS, 3 i i b 948 b I IDHL R 7R DG 38 b5 T R 8o o

DitEE Ao, 2 3gh i T AR 25 A R R SE (512X 512) il A5 51 RIS 55 4k 233 14 7 18I 119
Feig 45 . PPRL-Net 5 HAth 15 Fag i 5205 Mt S 808 A8, AUAT 0.24 M, AR RR K 3 H 58 52 4 8
(1.53 GFLOPs) , £ {5 55 5 G B 11 1% [5] B 2 55 11 58008 s 78 e B TR Oy 1, AR SC ¥R 36 81 T 36 FPS, 1l 2
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Table 3 Quantitative comparison of detection performance across different algorithms

IRSTD-1K NUDT-STRST i )
Category Methods Params(M) FLOPs(G) FPS
Pre/% Rec/% F1/% Pre/% Rec/% F1/%
FKPW' 33.22 63.64 43.65 38.45 67.61 49.02 — — 7.49
P 44.76  65.31 53.11 35.28 80.20 49.00 — — 1.09
Model-Based PSTNN'™ 44.53 60.20 51.19 39.44 70.88 50.68 — — 3.33
GSWLCM" 62.68 61.38 62.02 55.87 62.63 59.06 — — 4.06
RUMFER"" 45.00 58.56 50.89 58.82 67.36 62.80 — — 3.25
LESPS+DNANet® 91.05 80.69 85.56 95.49 96.77 96.13 4.70 56.33 4.70
WSDIL-Based

MCLC+DNANet® 88.05 82.96 85.43 97.61 95.84 96.71 4.70 56.33 4.70
DIL-Based(B2BR) EFLNet'™ 92.12  92.79 92.44 94.33 96.32 95.31 33.20 33.29 20.48
UIUNet '™ 85.91 87.37 86.63 91.97 97.93 94.86 50.54 217.84 6.76
AGPCNet'" 77.48 87.46 82.17 95.95 97.68 96.81 12.43 173.02 3.04
DNANet'" 87.76 88.97 88.36 98.16 96.14 97.14 4.70 56.33 4.70

DL-Based(M2MR ) i
MSHNet ! 87.93 88.54 88.23 91.60 94.74 93.14 4.07 24.45 22.25
L’SKNet""” 81.17 89.76 85.25 95.15 98.16 96.63 0.899 27.58 54.76
ACM™ 88.03 85.32 86.66 89.38 68.50 77.65 0.39 1.13 27.8
HRNet'""! 92.54 84.35 88.26 96.32 93.04 94.65 28.54 41.18 16.66

DL-Based(P2PR)

PPRL-Net(Ours) 95.19 88.62 91.79 99.72 95.26 97.44 0.24 1.53 36.35

Fr(91.79%) , B W 5 B4 69K 0 PEfiE . B 4R PPRL-Net 78 & [ R 35 45 A& B F B, (84548 F MSHNet
UIUNet 55 K43 51k o H 2 A S PPRL-Net SR 8 05 b5 25 UE AT I 2, B8R R K e 2 T s 2 380, (1
W T JC Vs 4 0T 22 B AR RS R A WL A8 5 {F L, A5 B AR 8 AR RS I IR XE . Ak, PPRL-Net /£ NUDT-
SIRST % ¥ 4 b B SR AE A 0] R b W AR F 5 #5019 L°SKNet, 16 E A & 00 (10 K 0045 BE (99.72%) (F1 48 bx
(97.44 % ) P AR A S 805 (0.24 M), KB LS T B AF LA PERE

{EL 75 3% 8 (1 2, PPRL-Net j& — MM 5 i 09 W 2%, 5 3L 1) e i R A ACM ™ M L, PPRL-Net 76
NUDT-SIRST %45 52 F1 IRSTD-1K B4 48 F F1 38050 48 T+ 1 19.79% M1 5.13%0 . X L4553k W],
PPRL-Net fig #% 76 (R FE I8 S B AT 4~ , 5 35 32 T A0 780 () R IS B2, S0 T S 80t 5 1 e 22 18] i) B A
-1

41, PPRL-Net 5% ] 8 5 45 E #6471 45, 5 LESP+DNANet ™ F1 MCLC+DNANet ™ 25 4 #fi 52 2% Fif
Qb B0 A ST RO S 1) 555 W 7 AN ], PPEL-Net i i [8] U5 A= ol g 07 48 &4 0 W BHE S b AT Il 2R o X,
E LT R AR BN B TS B M AR L BRBR . P A ) A BR T SOAR T, PPRL-Net H A 8% ) FRAF 2%
2] Rl 7 I BUAS T g A ARG R

NEEAMENT o NE—20 HOW R B[R ik e R RS B 55 2 2 22 A O R AR U T
IRSTD-1K 5B fE 1 sz g 25 W1 3 M 2%l F1 Vs FLOPs F1 Vs Params . Pre Vs Params il Rec Vs Params 19
THEXT S L W A BTR o S5 R R BT A SOy VA TR R UE A RS BE 0 [RIB  E RE AR T AR T A L
19T R BORG BE RN AR T

) ATAALXT o S T B BEAS [R] S50 B A DA 0, AR SCA3 i AE IRSTD-1K M NUDT-STRST M4
Bn A 5 H Ay vk SR L S R I 25 A& 5 R o #E Groundtruth H S €6 152 R R B S AR v Y H
B B 5 AERT N 25 S v, 21 (e R IR B R I A9 B A, B 18] Bl e e A, B LR SRR B . MR RT LA
TR 27 20 5 ARG DN 235 5835 3k A 4% 0 s, BBURS: 7 O G A A I 4 BB L O OB AR T ek 5 R, (BLE H b
SRR SO LY BE AR CAn &l 5(b) FTaR ) AR FE — 5 Il ke o AL Z T AR SCHR I T IR E AN TR 5 T 3
FIE 6% R AR AN /0N b, 22300 LR TSR Y RS M S v I AN O RERS VA I I A, A BB A AL 1 A

g5 b, BB S A AT S bR T L SIS BT O T 2 R A v AR A I M B L T LS B A 0.24 M, 3
IR B T 36 FPS, WU T R I0RS B AN A3 1) 5 R 7
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Fig. 4 Comparison of detection accuracy and computational complexity of different algorithms on IRSTD-1K. (a) F1 vs
FLOPs;(b) F1 vs Params;(c) Pre vs Params;(d) Rec vs Params
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Fig. 5 Comparison of detection results across different algorithms (Green crosses indicate ground-truth single—point annotations

red boxes denote correct detections; yellow circles mark missed detections; blue boxes show false alarms). (a) IRSTD-1K
dataset; (b)NUDT-SIRST dataset
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Abstract: Infrared small target detection, as the core technology of infrared search and tracking systems,
plays a crucial role in military precision guidance, low—altitude economic monitoring, border surveillance,
and space situational awareness. Its primary objective is to achieve rapid and accurate localization of small
targets with low signal-to—noise ratios and weak contrast under long—distance conditions. In recent years,
detection methods based on deep learning have gradually become a research hotspot and have achieved
remarkable progress in detection accuracy. Most mainstream approaches adopt mask-to—mask or box—to—
box regression training strategies, which can effectively enhance model robustness with the support of
large—scale annotated datasets. However, these methods suffer from two major drawbacks. On the one
hand, they heavily rely on high—quality, large—scale annotations, which are costly to obtain. On the other
hand, in order to further improve accuracy, these methods often increase the depth and width of the
network to expand model capacity, leading to massive parameters and complex architectures. To mitigate
these issues, some studies have attempted to use weak supervision deep learning as a replacement for
traditional mask or bounding—box annotations to reduce annotation costs. However, due to the limited
granularity of supervision, the detection accuracy is often significantly constrained, making it difficult to
balance practicality and precision.

To address the above challenges, this paper proposes a lightweight infrared small target detection
algorithm based on point-to—point regression. The goal is to achieve high—accuracy detection while
significantly reducing annotation and computational costs. The main contributions of this work are as
follows. First, an asymmetric full-dimensional dynamic feature extraction module is designed. This module
integrates channel shuffle with omni-dimensional dynamic convolution, which effectively models fine—
grained dependencies across channel and spatial dimensions while maintaining network lightweightness. As
a result, it enhances the discriminative features of the target and suppresses background interference.
Second, a high—resolution cross—feature enhancement module is proposed. This module aligns multi-level
features via upsampling, downsampling, and convolution mapping, and builds cross—layer interaction
branches to dynamically fuse low-level detail features with high-level semantic features. In this way, it
strengthens semantic representation while preserving spatial detail information, making it particularly
suitable for weak and small target detection scenarios. Finally, an adaptive point regression detection head
is introduced. This head models the distribution of target centers using Gaussian heatmaps, and combines
local maxima filtering with a scale-adaptive mechanism to achieve precise prediction and sub-pixel
localization. In this process, only single-point annotations are required for training, which substantially
reduces the cost of data labeling.

Extensive experiments conducted on two public datasets, IRSTD-1K and NUDT-SIRST,
demonstrate the effectiveness of the proposed method. With an extremely small number of parameters
(only 0.24 M) and low computational complexity (1.53 GFLOPs) , the proposed algorithm achieves
outstanding performance: F1 score of 91.79% on IRSTD-1K and 97.44% on NUDT-SIRST, which are
significantly superior to existing state—of-the—art methods. In addition, the model reaches an inference
speed of 36 FPS on a single GPU, fully demonstrating its potential for real-time infrared small target
detection in practical applications.

Key words: Infrared small target detection; Point-to—point regression; Lightweight; Deep learning;
Dynamic feature extraction
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