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Infrared sequence small target detection based on memory pool
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Abstract: To alleviate the scarcity of data, this paper collects and annotates two infrared tracking datasets for sequential
small target detection, named ATR-ISTD and UAV-ISTD. This paper proposes a sequential small target detection network
integrating a memory pool, which effectively utilizes the correlation information between frames before and after, reads
memory information through memory matching between the query frame and the memory frame, and solves the problems of
high false alarm and low accuracy in infrared small target detection under high clutter background. To reduce the loss of
small target features caused by downsampling, a forward semantic guided fusion module ( PSGF) is designed to integrate
features of different scales. In the memory vector encoder, a pseudo label guided feature enhancement module (PLG-FE) is
designed to enhance the local feature expression ability of small targets. Experimental results show that, compared with ma-
instream single-frame detection methods, the proposed method significantly reduces false alarm rates, achieving improve-

ments of 16.87% and 10.49% on the ATR-ISTD and UAV-ISTD datasets, respectively. Target-level F1 scores increased by
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4.89% and 6.54% , and pixel-level F1 scores improved by 7.69% and 11.63%.

Keywords :infrared image; small target detection; memory pool; feature enhancement; feature fusion
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Fig.1 Infrared sequence small target detection network structure diagram based on memory pool
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K EAR, HE 4 07 WA SCH) J5 L Re S 7 2 Fh 2
22 50 MHERR LRI ) H AR, O HAE K 25037 50
W R A

Kl 4a Fyserh i TS TR D, 205N B s
FRRAE AR B B K 2RO T 1 R AR S I3
SHER ORI, B 4b Sk KRR SUEE LA E
GHIE R T & 2% B S BB 5K, LI A% B8 7 ik 4D |
ECA 1 IPT ¥ K 68 e DA 00 2 H b 5 UIU B RE IR B

HIER IPI 4D ECA

/NEBR BT B B SPF 3 1) PR DX Bl e 5, S B
(1977 4 s RDIAN J7 B A OR BER I 2] /N H A5 | i
T EE, B 4c Sy e A oy AR Re R BN B
b, 1B IPT 4D .ECA il UTU ZE AR E7=A4: T
o ORI BT IR A 2] 1 7 i R e fg o )
/N EARIRFE AR T 58 0 SR 3 80 5 1, I
I O ek . 18 4d g 5erh, B 2% B E IR R A Xt
/N BRI IS BT T, BRAS ST iR Ah  HAL BT A
D7 AR BT A 7 T A R ) R 1R o At
ST R /NH bR, FEE] de R 4F XRE 1 BT AR
ST, BT HB I B 35 50 A 4 0% 14, 1% 52 )5 s
IPI 4D ECA ¥R 2, /A T KM R B xR,
UIU #1 RDIAN st b ™ 2, UTU A4S Ak 55 b
HUEISE 7

uIu RDIAN AICH HLARE

B4 AREFZEZE ATR-ISTD #1 UAV-ISTD #iF4& FH E M4 R xtLL
Fig.4 Comparison of qualitative results of different methods on ATR-ISTD and UAV-ISTD data sets
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3.5 HRREIE
3.5.1 #&iE L] Fake e a

TRZE SO T B R B E B, 7
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fiE, SO B . A T R — (R A SCR
FEERIHTEI R 4R mE 3 PR, MEI AW, B
ARSI 5 TRl A PG TRIE 22 2] AT DL 3
TN EARE I A PERE . X IUE T PSGE A1 il
/NEFRE BTE T R RE ) R LA A AR R
TR B 22 AR A A TR I T A 8k . AR S
WAL T 3 FAb LG 97720, BEBH T PSGF AL
HREMERA RO, BRSO, B R R
(A3 A BT 48 AR, R R A o A2 o T 1k sk
o R FE ) T A 7843 R R 205 B S B i
JRE BRI s Bl G SAUR TR T2 R
FEME R, B T IRZE U B 7E A PSGF
BEHET & 28 2 Z [ A5 B ACTRA 2, F FF) (1)

BBR I KR B R e R PR R A 2%

3.5.2 MHARE G| FARARRE R AL 0 %R

ST 3RS H BRI R AR IE FROR AR SR T
THE 5| T RRIER SR AR R VS S B0 25 R an 3k 4 i
o HIFE4 AW, Y PLG-FE #5He b (1t 1k % ] B
AP  ZE A 2 5% 5 1, 7 UAV-ISTD %454 -

W) F, Bk 3112, BB AR T R L4 S A I 25 SR AN 3
R, P FEAS SO 1 s A e v 6 9147 =X (] B
S BRI 253t Ak | DA AR 3R G SRR AE 11 []
YU EISE A D S B E &5 L3 T AL E I TN
2, EE &R MEARREGE R, (O Y, 1 T4FE
B AT 2 B URZ R AIE XAE 8, S i R e
FASFR R AIEE 1, Y, AR T IR JZE W 45 2
AR E 0 2 BT WRRAE & £ & IR E U
WRAE R Y, , BRI AT BB 2 Z 04077 (5 8., I TE
RN/ NEHFR, 78 UAV-ISTD K405 4 v [ i 43
SRY, Y, £ F8br R KM A, SR, ATR-
ISTD 3¢ i IR v, if F, R EL, X2
A ATR-ISTD = 219 J B A7 55, Ho X s637 5 1 15
MBERZHE,Y, T — R R UE AR s S
H BRI HYRFE | X B ARAE A TR X B2 5% 5 BARTR
W, CYEIR Y, R Y, B Y, this e B IR 1 iE
SR B ATRE S T30 H AR AR i S50 F, K
MR E Y, o AW, Y, B RFEEAR:
fEA Y, BIR)ZTE SRR — a2 i L AME, ik
PR SsR v, MY, i) RE F, WA TR E F), A
F) ¥ 4870 i gum it g5 A&y, My,
PSR i i [ ISP ) FH R A0 %) SR s BN 3 6 A e
W AF B A A2 IR SRR D4 /N H A
R g R

% 3 PSGF IR ATR-ISTD #1 UAV-ISTD #iE&E FHER
Tab.3 Results of PSGF module on ATR-ISTD and UAV-ISTD datasets

ATR-ISTD $¥E4E UAV-ISTD i 4
Irik
F I F, F Fr F,
HERE 87.64 64.36 15.56 73.99 72.68 3.30
B A 87.00 66.21 10.79 74.77 72.20 4.60
ANfifi ] PSGF 76.04 59.57 3.24 76.41 70.79 7.15
i [l PSGF 89.72 68.56 2.47 79.16 75.88 4.18
R4 PLG-FE #EHRTE ATR-ISTD #1 UAV-ISTD #iE&E LWL R
Tab.4 Results of PLG-FE module on ATR-ISTD and UAV-ISTD datasets
ATR-ISTD $¥E4E UAV-ISTD %$#i4E
Irik
F| Fy F, F Fy F,
PATHIT 85.16 62.26 3.16 72.12 67.04 31.12
{358 Y1 84.38 68.42 2.39 75.14 72.84 6.82
{35 Y2 88.54 65.79 4.93 72.62 72.16 7.48
A PLG-FE 87.90 63.27 3.85 71.29 66.93 31.79
i ] PLG-FE 89.72 68.56 2.47 79.16 75.88 4.18
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5 12
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g(n)=n (17)
XERE X T KM n, B 0 WA — WL A2 W,
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SACH RGN AN 5 frs, a5 al i, 220

FWE 3 MBS WS B s BAEMERE i o 8, X R
B AEA A2 s I 1 B G A2 it R
KA RCR 1 2 B e A2 v R T S TE FE B 2 A
gl DI SN RNk E O R TRt v (1] R
WHRAEGHIEFZ N, /N BbRTEESHE 3 hAH SR
JUE A5 SR = FE AR, an SR e A2 ) B 15 A5 K
AN EESEATEE R D RCHT BT e ] e 2 B A h e
BT NN SN S = G N RTRE VA EPS 3728
UL, SRS 1 ORISR IS 2 AH EL TR 3 78 B R AR R
D7 R MEBCA M, R Z et E Bt I
52 ) A S B 2 55 , B AR TT R T T A AU A
F/N BARAYAZ S , e IZRAE A D FCRCR | 24
KRS 4 5% 5 B, TR 2 B i AE L F R F,
AR R REas, Mz, 5 SR IE T o/ Br
RIS O B T2t 4 P R s %) B A M

x5 BU{SELHERBETEE ATR-ISTD 1 UAV-ISTD #iBE FHER

Tab.5 Results of cross-frame information interaction strategy on ATR-ISTD and UAV-ISTD datasets

- ATR-ISTD ¥4 UAV-ISTD 44
I
F Fy F, F Fy F,

A HFE M 1 84.54 63.90 7.01 73.39 72.55 6.00

R H W 2 85.87 67.69 10.48 74.33 72.20 8.27

ZH IR 3 89.72 68.56 2.47 79.16 75.88 4.18

S H KM 4 87.74 67.80 2.31 77.03 71.93 11.79

ZHEW S 84.26 64.76 7.94 75.02 73.35 5.64
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