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Abstract: As aircraft maneuverability increases, multi-frame infrared small target detection methods are be-
coming insufficient to meet detection requirements. In recent years, significant progress has been achieved in
single-frame infrared small-target detection method based on deep learning. However, infrared small targets

often lack shape features and have blurred boundaries and backgrounds, obstructing accurate segmentation.
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According to the problems, an indistinguishable points attention-aware network for infrared small object de-
tection was proposed. First, potential target areas were acquired through a point-based region proposal mod-
ule while filtering out redundant backgrounds. Then, to achieve high-quality segmentation, the mask bound-
ary refinement module was utilized to identify disordered, non-local indistinguishable points in the coarse
mask. Multi-scale features of these difficult points were then fused to perform pixel-wise attention modeling.
Finally, A fine segmentation mask was generated through re-predicting the indistinguishable points attention-
aware features by point detection head. The mAP of the proposed method reached 87.4 and 63.4 on the pub-
licly available datasets NUDT-SIRST and IRDST, and the F-measure reached 0.8935 and 0.705 6, respect-
ively. It can achieve accurate segmentation in multi-detection scenarios and multi-target morphology, sup-

pressing false alarm information while controlling the computational overhead.
Key words: object detection; deep learning; infrared imaging; infrared small object detection; attention mech-

anism
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Fig. 1 Indistinguishable points attention-aware network architecture
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Fig. 2 (a) Centre point offset to boundary; (b) point-based

region proposal module

T PG BN 53 S R T O s A R R
R R A N ) — R N Be—3K S WL

S H. B E BN 1B LA EIAR T e RV
AR P DL FPN 2 % PRy i A, 000 34 1 97, €
[0, 1) W2<HRZ e 2t Shy B o 45 i HH RRAE L 25
K, VAT 205N bR, Vi RIREBR
MEFR (i, j) LT AN E bR Ao BARE 3, 5 R A A
DB AR, BURT 128 4> 3x3 AR B H Ax
OB, A ST AT T o 5 B 2 R g
WRME . A T S T/ BAREE i
B AN 0] R, et FH A R 400 R Lo W 7B A
KBS R A

FEAME 3 S, BRI T s A A MBS
Fotit, FR M {(Axe, Ayl , Foh N FARTIUS, &
NI O o5t EAR A VAN E R 7 i 0 E PO K
TeTF U B 2 Tk FOR BARGR R, ZEAR L,
BRNKE N BN 40 b s AR IAMEE B 1 AR
K EFRTAL, RR A (%00l o TE RepPoints™
Ty, S0 9 A TC R A R m R i (HAEA



531

FAATE, 55 e RE R I IERAZLAN N F BRI R 2 541

S, e HER S 2x2 MR R, Toikit it
SRS ISR . DRI, AR SO0 FL AT s o5
A% F R, 7] LA RepPoints Y— Uik
o A [RIAAS E A T AR RS FH 0 X
(R0 s RO AR L B 5 P8 0
B= (f%,)ﬁ%,f -x,y —y‘) , (D

oot | x4 B TR SRS AR B e KB, S5e/IMEL DA
ARBR AR, Q1 2(a) BTR o dladT A BRI H AL
BAE AR a5 2 TR ST Ly BRSO ROR
HMESF K Logrer o

YZEmE, BAsh o S EHEBKE V€
[0, IV RR, AT AR L i 3x3 SR A5
ZHP R IEREAS: AR, BIV/=1; 75 04 fREA.
B, BIVy/=0. RAWMARKRD T IEREAZ ZE N
BF, A2 XL RS M A T T

Wi 45 Al 4 4> 3x3 B2 ARk
HEATHON A B2 AR % 42 ReLU(Rectified
Linear Unit) #0715 pREL, 45 H BRI L 0 1x1 &
FRES), AMES LA — B RR, At S5
S RIREAESEA T A AR A, e R A, B
MgEFntE 2(b) Fis .

145 4 2h FAHEF R T AN 18 H AR 2 ]
TR T AR b, T A 25 18 Ry 2 8] R R A
S AR AR R, ARSI AT AR A o 5
SRS S BT S ARIE (R B

FET A IX S SRR A PRI -

Lr = Lheat + Loffset . (2 )

2.2 AUHERDIAFIRR

LR 1 SRR S A S A DX I N HEA T RS
T, e, dE5d ROT X 5% 5YEUR B 3 B3y
Tk 1] Py AR SR 7 B R MBS FES . O 1 3R oy
Be AR TN HERS, 5 28 P T AR (E R
BEo SR, XA~ R AE 2277 AR B 2 B iR R
Ro N T EAEBRAHFER ZTH R BT, ARk
RN R A rh /D XE A3 69 A T HET I
W, e MA (A AL FERS SN AT A e B3l 0.5 #Y
SAEAMES . T/ AR G BB R, AL
HAIEHE M = 82 HfE A o BRLRE HE RS 20 B R Ty
Wo x Ho, #1815 2| KR J5UR 73 B W x HIK 5r ]
HEdth, 53 Mlog, NW/Wo X H/Hy ™ ki, 1X %

AN R K RS AT T A4 K o IR, SR
i BERAESEMS, LUE R B2 IE NS % . HiK
MR, 2o B A LA M A B 5] A3 A (4 15 (ke > 1), %F
L A THAIRE P, SR M BE AR B A P 1
FEERATE M yMA G (y €[0,11), THA A -y)M
Al B 73 A7 R AR,y D I R R 1Y
WS AOh R E L =3,y =075, FF-4E)5 300
it 1 AN TR A SR X A A5 SR (0 o S0 A4t
SR PREICHRAE HITE R AE e L, A b it i

H T FEMELL B AR AL, 7R R0 R
BAR 3 FAFAEEA TR

(1) FIAAAVBESERD Peoarse
SRR

NSO g

Pcoarse = O—(d(MLP(6(CONVl><1 (P;)))))’ (3

HHCONV, . 6. MLP, o435l 3R 1x1
ReLU J i pR%L . £ 2 148 A1 Sigmoid pREL .
MLPZARZE WA RS HERD

(2) AL FERRAE Prne AT HRAL>EIA0T (5 5 DA
SME T R ) FPN JZ G B R AR ) 2, ] LAJ B
JZFHIE P2, TR Z ZRHE P, ~ PLJZ

(3) AR B G o (1 5 25 AH T A5 3R B
FEARARLA A7 B A, T BRI s 22 [B] 119 Jm A4
KRR B

ORI 57 B 1Y) 3 FPRHIEAS B RS AR

Ppoint =FrC (COI’lCClt [Pcoarse»Pﬁne]) + Ppos > (4)

Hirp Concat 5 7 38 1B 4k BE AN, FCFRoR 4% 4%
J2, VE4ERE R IR A E I 4R C
Transformer 454 78 H by ki I <5 5 L 28 B
TANEE I LSRR, A SCAI ] Transformer X4 s
SR8 it )R B WL A B A e a5
PIFFIEAR L, LAEEST O 2 R 0GR, T
TR AR T HES) B T2, IR
Mo U € R R Pl WA T 3 Al ) SR
W Q' € RO¥M; K1 € RCxM; Y31 @ RCwxM Forp
s=1,--sFRE s MBI B, =1, T, T Wik
BIEREGE . W IR AN

0 KD | s
\J Cin t

H  softmax() b softmax R £, VCiJly 3B

Al = softmax[ (5



542 RED2E (RgEs)

17 %

(KN B B S Rl /N 25 soft-
max PREIGE B 7 A B R T R TR I EA D T, £
SRR S A RN,

TA* = Concat[AS™,--- AU+ P (6)

point

HoA BB AR FE UC € RTOC, T A T 00 & S
B, it Gt B 45 g ] A v R M A B AR R . R
2310 B 1 IR A B AT 8 AR o B S AN
AL . T /C ¥R H Transformer H1 [
N E . 5 s BRI 9RS T E R

P =ETAY+TA® | 7

HAr e a2, gutd # il 3 N FrRifE R it
B R R . (RIS IR RS HER R AR, Ry s R
fEm MR IER S % &a, B 1x1 &
R, RO X A e ZAE R AR 2, a5 an el 1 Al
Fiizs o R E 8 HITE 3 A CBAM( Con-
volutional Block Attention Module ) i 1< 41 22 ) 2%
22 B E B FOR TR, R ZE . AR
T B L T R R T 8 9 R AR A A A
JEE, ARARLEE B, B AR, R A, iy AT L
TETC P ME ST I IR B A B, 3K SR A TR 22 X 2%
XELLSEELRR o

YIZRET, REREHERS TIN5 2K Looarse FH ARSI Sk
PR Lpoine Y8 V34 58 SURG 0K BRBCNEEY :

& . .
Lcoarse = Lpoim = E ; [.Ym lnym + (1 _ym)ln(l _ym)]a
(8)

Hory,, A HERS B, P N TR, G N T T
BREEL Y 5 I TN R B RS S0 2R s AL
REEATG, T AT 5O A B s A 7 F 0 W . ARk
FEHERL TR G = Wy x Hy, THAE SAGIING = M .

JE |, A5 ¥ T8 T Two-stage SE 44 43 )
() —FE . 53ETHE 1) Two-stage Kl 771k
K AR B X I O R], AR SO vk Fe v/ AR R
A X IR . 5 One-stage SE1) 40 s AH L,
WELR T XN AR A4 JRAAL, i e X B B
AR B Z A58 . teoh, BT/ BAsdn
TG T DX, Xt AT B T R I AR, AR
L5 PR -

L= Lr + Lcoarse + Lpoim . (9 )

3 KBERLE M

3.1 SEIYET

ME AT B 7 B B 20 AN H e I ) 2% 7E
Detectron2 HEZESZHLRT, [5] A2 I8 Detectron2 H 1)
YIRS . ASSLZ56 {8 SGD( Stochastic Gradient
Descent) L AL #8 Y ZRi% 48 5 TR . T R L H
4 T R A B AR 1K B B AL 2 2] 3% 0.02, IF7E
3TN 4 T UGEAUE el R RS . R E IR
KM% 2 REE I 256 & 608, Lhik 2% 56 14 H
B BT M H#ER 4 )2 BiFPN(Bidirectional
Feature Pyramid Network) 2 [j DLA-34( Deep
Layer Aggregation) *”, H: ' BiFPN )2 2% il i Ky
256 J=. FPN fii th 2800 Py — Ps, K505 [8,
16, 32]. JIF A LR 7E — & 4 Nvidia A4000
GPU Al Intel i7-8550U CPU AL - 52BH

£ NUDT-SIRST #l IRDST 4 4 b %4 3¢
FEPEATITAL . NUDT-SIRST $idii4E 1327 5K
B R ek, KA 37% ME R 203 F 24-H
bR, 96% 1) B R 45 A B bRt TR 2= X /NE
By SC: H b n /s T35 iR R TR 0.15%.
IRDST 4l S AE A #b 78, TR E L2 L5 Hin
St YIZREMR A B el ey 7:3, itk
2k COCO Hl 4200 A v 4% 2 LA 32 H] Detec-
tron2 HEZE
3.2 e

AR L E L AR /N B bR 58 - 45
b5 : ROC i £k ( Receiver Operating Characteristic
curve), F {HPY, BRILZ AN, e 2 S5 433545
FF-247K5 i HJ{H (mean Average Precision, mAP) .
ROC £ al B WAL H AR I ELFH 3 TPR(True
Positive Rate) fifi % i FH#% FPR (False Positive Rate)
A FR . FAHSEHERG R Precious A1 [7] >R Re-
call & F1°F-¥{8 . TPR. FPR. Recall } Precious
AT

T
TPR = Recall =— , (10)
T,+Fy

FP
FPR = , (1D
WxH
T
Precious = P (12)
T,+F,

P p



- AU, 2 e AR B ANZAb F R R 4 "

HHT,, Fy, F,20 R REHH B BEGER
B, FAETHAART:

Fo (1 +,82)Pr'ecious x Recall , (13
B*Precious + Recall

S WSk [31] BEE FEHMESEE N 1.
3.3 XfEESCE

S B E LA B ARAIN 5 2 fovt be S
5, Hrp i 15 558 3% : Top-hatt™ | LEF™, AAD-
CDD™!, TLLCM®, J:TRER2: 381 ALCNet!'!,
DNANet!'”, RDIANEY, H & 45 )7 g S 50k
AR 1R ABRORSEIR A, TR B
TEARIR AL E PR T 1817

®1 RGEHEZBSHRE

Tab.1 Hyperparameter settings of traditional algori-

thms
(B 0RES wEEkE
Top-hat Nhood=ones(5)
LEF h=0.2, a=0.5, P=9
AADCDD WE O RSF={3,5,7, 9}, #ME TR =19
TLLCM @ RSE={3,5,7,9}, k9

TE3E 2 W, 0 B0 T B ik 05 A A K dl

£ ERERSIR BB B RS R E bR
T ARG T R Zbnil s v WAR ek R
X 2E . B S T 2R E e B
PR, FEL G B TE A R s s i Je 8
PEFFAE S I PR, W] S8 e B o7k A 2
WPz At . Y 55 HAs A AR 75
WRHE S 50 5 BRI A LB = i, R4
SR DL G 00 3 BUAEAS . UR B 2R ) Bk
REI B (B S 31, R WG 3K 3 1 7 A B T4
RIS ZALRE ST o AR SCRARE T HAM IR EE 2=
SR B Rt . 7 NUDT-SIRST % di 46
I, mAP iK% T 87.4, 7F IRDST %45 4E I, mAP
KE|T 63.4, [FE; FAETEM IR BRME R . X
P35 T HE T A0 XS BB B H bR BT 7 X 8
VHE B 45 IR A1 A A5 30 PR R X H A 100 Z50KG 40
GaniI8

ROC H£& anf&l 3G & WL I R BT R,
A 5 S A IR A B 2R s TE 7 ORI B PR, R g
BB R 5 B o TREE 2% 2 Bl S5 B K
) RAER R KR LIPS NI AT WD B | S g A U R (4 E|
R AR SO e T A DX SRR e i B
TOARTS 5o, IIMTORIE TR BH 32, (W] B 240 £ #E A
ABEHE R T FH AR

#* 2 &J5E7E NUDT-SIRST X IRDST iR E 245 R tL
Tab.2 Comparison of quantitative results of different methods on NUDT-SIRST and IRDST datasets

NUDT-SIRST IRDST
LioalllL=R7R
mAP F{ii (Pre, Rec) mAP F{H (Pre, Rec)
Top-hat 1.5 0.3599(0.2850, 0.4884) 0.7 0.0088(0.0045,0.4107)
LEF 6.4 0.1151(0.0748, 0.2498) 2.5 0.1219(0.0686, 0.5470)
AADCDD 1.6 0.1490(0.3838, 0.0924) 1.4 0.0705(0.0521,0.1090)
TLLCM 16.5 0.0724(0.0479, 0.1476) 6.1 0.1881(0.1254,0.3759)
ALCNet 69.3 0.7595(0.7035,0.8251) 46.5 0.5929(0.5461, 0.6486)
DNANet 86.9 0.8645(0.9070, 0.8259) 62.1 0.6697(0.712 4, 0.6319)
RDIAN 82.4 0.890 0(0.899 0, 0.881 1) 60.0 0.7102(0.7092, 0.7113)
A7k 87.4 0.8935(0.8923, 0.8948) 63.4 0.7056(0.7183, 0.6935)

TRIE 27 ) B AE i R Hh R IR R R
[N 3w, BUEMALR A M REMLF . NUDT-
SIRST Zda £ BRI ST 2R 256%256, A8 SCHE:
FBR FMG - YRR E O 0.099 s 7R BIE T

B (512x512) (1) IRDST B4 b, i T 40k
P AT B PRI X BN AR R, 32K R A2
AR5 558 /0N, A R A5k FEGOF B 1] R T
0.022 s, Pl RCR AT



544 FEYEE (REs0) 7%

@ 10— — —— —— — ®3 REFIFERKE R PR E)
gz K ' ipinsvie e s s Tab.3 Average inference times of a single image for

8 ():7 L et e deep learning methods (s)

% 0.6 /7 i R R NUDT-SIRST IRDST

Z 054 - - - Top-hat '

2 04l ---LEF ALCNet 0.104 0.166

g - - -AADCDD

e 03 TLLCM DNANet 0.089 0.259
o2 bl ALCNet
o1l :::ngﬁ?t RDIAN 0.065 0.114

'0 _ —AROrk o
0 100 200 AT 0.099 0.121
False positive rate %1075

(b) 1.0
) asindiini el P 4CR &1 DU T H, R0 & 7s 1 i ik 07 1%
087 AFEEERSEE eyies pe o NPV =8 778 - WK EAW WA N EF 7 o 22 0T

207+t -=-Top-hat _ __ \ . — —

S 06} SoLEE ggf*&; LA i, A% SO AR AR TR 5 T R S ) F b

g 05y TicM e TR 3, TR 7 L RS AR SV, 1556

204} ~ .

5 ool — Ve BRI I, (LA S AT 5T 5
021 e X SN G R R B ML R, TR
0'(‘) T . ) R RS T HER e O B bR . ASOTEZT

0 100 200 20 Al 4 it 0 SRR TR X AL A 3 5 o S, T LA
False positive rate %1073

PHEAREL T R R AL R A i 5. K5

e DTSR .
13 A FHKAE (@ NUDT-SIRST RURAM OV IRDST R0 it st ot 700 oy 46 97 A7) 55 540 3D 7

fii4E ROC 2k
Fig.3 ROC curves for methods on (a) the NUDT-SIRST PSSR, WTLLE AR SO I T LA 4 i 52 2
dataset and (b) the IRDST dataset T

(@) A (b) Top-hat (c) LEF (d) AADCDD (¢) TLLCM (f) ALCNet (g) DNANet (h) RDIAN (i) A HiE  (j) Bl
(a) Input  (b) Top-hat  (c) LEF (d) AADCDD (e) TLLCM (f) ALCNet (g) DNANet (h) RDIAN (i) Proposed  (j) True
method value

Kl 4 BINEAFRGRINEEAR, MR H RO R T RBEAEN
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Fig. 6 Visualization of regional proposals. (a) Original

maps; (b) groundtruths; (c) centroid heatmap and re-

gional proposal boundaries
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Tab.5 Detection results of different point selection
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Fig. 7 Visualization of indistinguishable points distribu-
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