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Progressive spatio-temporal feature fusion network for infrared
small-dim target detection

ZENG Dan', WEI Jian-Ming', ZHANG Jun-Jie', CHANG Liang’, HUANG Wei"
(1. School of Communication and Information Engineering, Shanghai University, Shanghai 200444, China;
2. Innovation Academy for Microsatellites, Chinese Academy of Sciences, Shanghai 201203, China)

Abstract: To avoid the accumulation of estimation errors from explicitly aligning multi-frame features in current infra-
red small-dim target detection algorithms, and to alleviate the loss of target features due to the network downsampling,
a progressive spatio-temporal feature fusion network is proposed. The network utilizes a progressive temporal feature ac-
cumulation module to implicitly aggregate multi-frame information and utilizes a multi-scale spatial feature fusion mod-
ule to enhance the interaction between shallow detail features and deep semantic features. Due to the scarcity of multi-
frame infrared dim target datasets, a highly realistic semi-synthetic dataset is constructed. Compared to the mainstream
algorithms, the proposed algorithm improves the probability of detection by 4. 69% and 4. 22% on the proposed dataset
and the public dataset, respectively.

Key words: infrared small-dim target detection, spatio-temporal feature fusion, progressive temporal feature
accumulation, multi-scale spatial feature fusion, multi-frame dataset
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Fig. 1 Progressive spatio-temporal feature fusion network structure: (a)overall architecture of PSTFNet; (b) progressive temporal

accumalation module; (¢)multi-scale spatial feature fusion module
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Fig. 2 Progressive temporal accumulation module: (a)architecture of the P2DConv module; (b)architecture of the M3DConv module
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K13 SHU-MIRST #4605 B « () 5 50404 (b) FARKBIN IR ; (c) FAR =R ; (d) X RAE R A 5 5515 () A
B A
Fig. 3 SHU-MIRST dataset simulation flowchart: (a)background shooting; (b)target template production; (c)target 3D modeling;

(d)image fusion algorithm for region resampling; (¢ )target template embedding
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Fig.4 SHU-MIRST dataset statistical information: (a) distri-

bution of target sizes;(b) distribution of mean SCR
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SR AT LA FH 22 ot Pl A5 4 o 7 S5 g S, DA T 3R A5
TG ) R 0 R, o 6T 22 T R B o S B
e, A SCHRE Y PSTFNet 5 9% A % T DNANet-
DTUM % 5 ToU 1 P, 43 1) 55 3. 60% Fl 4. 69% , iX S
i T DNANet-DTUM 537 {0 % 3= 1 I 4% £ B 21 119
FEAESEAT 07 G 05, IF WA K HE B R (1) B bRz 8l
15 B F 3 P45 i i 4 4 op XA SCH
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Table 1 Quantitative comparison of different algorithms on the SHU-MIRST dataset
. SHU-MIRST(mSCR<3) SHU-MIRST(mSCR>3) SHU-MIRST (all)
ik 1oU/(%) P/(%) F(10°) ToU/(%) P/(%) F(10°) ToU/(%) P/(%) F(10°)
Top—-Hat 0. 00 0.83 856. 81 2.67 11.17 185. 81 0.93 4.45 621.96
IPI 0.19 2.75 80. 23 2.72 14.75 57.34 1.08 6.95 72.22
PSTNN 0. 00 0. 14 122.94 2.41 10. 31 129. 36 0. 84 3.70 125. 19
WSLCM 0.45 45.80 4623.48 5.61 80.22  3562.33 2.26 57.85 41252.08
WSNM-STIPT 9.61 53. 61 35.95 13. 67 66.01 36. 35 11.03 57.95 36.09
IMNN-LWEC 0. 00 0. 00 32.24 0.12 3.96 139.76 0. 04 1.38 69. 87
ASTTV-NTLA 0. 00 0.30 80. 29 0. 40 5.02 34.67 0. 14 1.95 64. 34
RDIAN 36. 40 52.07 36. 46 67.36 84. 84 15.40 47.23 63. 54 29.09
DNANet 38.74 61.82 39.75 74. 19 85.56 10. 60 51. 14 70. 13 29.55
ISNet 36. 17 49.01 13. 15 65.33 82.46 13.23 46. 38 60. 72 13. 18
UIUNet 43.54 55.93 11.88 74.29 90. 61 3.28 54.30 68. 07 8.87
SSTNet - 64. 09 18.55 - 93.56 8.92 - 74.40 15.17
ResUNet=DTUM 51.78 68.51 13.32 75.53 93.83 6. 60 60. 09 77.37 10.97
DNANet-DTUM 51.91 69.19 21.63 76.71 93.98 2.67 60. 59 77.86 15.00
Ours 57.68 75. 80 10. 80 76.28 95. 08 2.69 64. 19 82.55 7.97
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Net XHIRAF 24 Lt H A i BA 5 R P35

XF T EL S AR A A £ IRDST-Real , X L
SIS EERANER 2 R , NSRRI LA AR SCHE H Y
PSTFNet 1% T DNANet—-DTUM 2. ToU #1 P, 43 5]
15 2. 95% F1 4. 22% , [F) i B AT Fe IR/ F, B0 A SC
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Fig.6 ROC curves of PSTFNet under different mSCR: (a)
mSCR<3;(b) mSCR>3;(c) all sequences

ToU Al P, |43 S HULAS T 23. 619% 1 25. 77% )18 25
HH‘TU@E4 Rl LU 2R — 2 10 PTAM 556
‘iﬂu (A5 TR e A, 3k 2 fh TRl 2 R e
T?*#,iﬁuﬂz’mqﬂﬁ@ S N
PTAM*%&%E@JE@H#I‘EH FIER A, R R T
JUTHE H ) PTAM BEER AT DL AT S50 R P 2 6 22 1t 1)
IF 358 5 A 0 ot b B AR A REAE 3R A5 B A 9 A
PERE
Ut A, PTAM £ Bt 1 42 35 P2Dconv 1% B I
M3Dconv BB PE 43, A% SC 43 5 6 P 4 6T T H
RS Iy S5 RN 5 PR, AUE FH P2Dcony LR B
B A B {6l P90 2 43 SR 75 18. 16% F11 18. 21% 1 ToU

R2 AEEEZEIRDST-Real HiEE FINEELLLE
Table 2 Quantitative comparison of different algo-
rithms on the IRDST-Real dataset

Jrik: 10U/(%) P (%) F(107°)
Top-Hat 5.39 24. 66 489.28
1P 9.38 36.55 37.11
PSTNN 5.79 17. 58 57.05
WSLCM 4.92 37.44 1389. 62
WSNM-STIPI 17.79 59. 66 38.92
IMNN-LWEC 3.10 7.99 641.05
ASTTV-NTLA 0.27 1.82 395.59
RDIAN 47.69 86. 04 3.95
DNANet 50. 34 82.57 5.15
ISNet 50. 35 82.38 3.86
UIUNet 48.73 81.54 2.70
SSTNet - 85. 11 4.83
ResUNet-DTUM 50. 31 86. 19 2.87
DNANet-DTUM 50.98 87.03 3.62
Ours 53.93 91.25 2.26

K P ARTE AL ] M3Dconv A5 e 15 14 ToU F1 P, 3
TE43 3 A 13.25% F19. 73%, 111 [7) i i ] 7 1A ke
AR TF N 23. 61% F125. 77% , 136 W B g i ]
P2Dconv F 3B M3Dconv 15 #0155 3 B 4= 3B BA st
¥ REAE, W 3 AL [ A T AE 4 o B R A 09 £ R
RO

MSFM A e fifi B A [7] 1 46 FRAZ X F L RRAE 2E 1T
AR RAE, i [ R st 2 R
JEE 25 RV RRAE Al A, AS 9 IR 2 X 45 wh 55 /08 H B 14
TERAE , FIE R4 R IR AZ B . T 5k 2 R &
B B H 3 TR VE T AR SCER X MSFM AR R
Pt T PRSI . (1) MSFM B He i 22 R 3 FHR A
(Multi-scale Convolution, MC) 4= &8 & e b K /N N
3x 3B, IR E N R R 2, AT
AR AEAKICAE PSTFNet w/o MC; (2) 2B MSFM
e b ) B 7 B 1B (Self-Attention, SA) , AN
) RO A ARRAE LR R P, K/ NI C E AN, 15
HLA 4 Ji Bz BF RS AE F, JoAGHR 0 R AE % AR 1
1C4E PSTFNet w/o SA o A SCA3 Sl % PR AP AR #E 47 T
TH R SIS, 45 5 a3k 6 R , B A% bR MSFM Bk rh
1) 22 R BB, ToU P, 43 50 T B T 3. 67% Fil
3.39% , B FS B MSFM A B v i | 3 38 i e
ToU I PJr B FFE T 1.72% 1 1. 17% , BEBREEAS MS-
FM ARG , M2 R [% T 6. 09% F1 6. 32% [ ToU Al P,
Fe bR, UEBH T MSFM #i b 2 RO BB I A R



868 EANP/ RS IR 3 S 3 43 %

HAER WSNM-STIPI < UIUNet DNANet-DTUM PSTFNet

7 PSTFNet 5 6 Fioif A3 1 7E SHU-MIRST Adia 85 [ 107 P 5L 00 45 5 L
Fig. 7 Qualitative comparison results of PSTFNet and 6 benchmark algorithms on the SHU-MIRST Dataset

%3 PSTFNet A EHREBERER TIREHR AR

Table 3 Results of the ablation experiment for the

PSTFNet component modules staged stage3 stage2 stagel
Tk 10U/(%) P (%) F(10°)
Backbone 37.17 50. 41 24.89
Backbone + PTAM 58.10 76.23 12. 13 ‘ T e pre]
Backbone + MSFM 40. 58 56.78 11.08 ’
PSTFNet 64. 19 82.55 7.97

stagel

F4 PTAMEREHHRSSINE R
Table 4 Results of the PTAM layer ablation experi-

ment
Ttk 10U/(%) PJ(%) F(10°)
PSTFNet w/o PTAM 40. 58 56. 78 11.08
PSTFNet w/o PTAM 123 43.26 58.95 13. 14 ] : o
PSTFNet w/o PTAM L12 49. 04 64. 02 9.95 K18 PSTFNet 5 3 T 4% ResUNet ££ fif ith %5 AN [7] B B 1) ¢
PSTFNet w/o PTAM L1 55.33 72. 60 10.29 TUE S ]
PSTFNet 64.19 82. 55 7.97 Fig. 8 Visualization map of PSTFNet and the backbone net-

work ResUNet at different stage of decoder

&5 PTAMRIRAMERSIIER

Table 5 Results of the PTAM composition ablation ex- 5, AN SCHE Y PSTFNet 55325 3 4F PTAM #52
periment He A 2 ot PG ke it B PR FRAE SEA 738 58, I

Ik WUA%)  PJ(%)  F(10°) FH MSFM AR il AN [l 2 U RRAE . DAIE] 8 ] LA

PSTFNet w/o PTAM 40. 58 56.78 11.08 F i T2 M2 (s 3 4 BB ) , 204055/ Bk
PSTFNet w/o M3DConv 58. 74 74.99 7.17 FE PSTFNet T (194352 1F 5 ResUNet AH b AZE Mg v/ [&] 5 e
PSTFNet w/o P2Dconv 53.83 66. 51 13.23 o7 W B S vy, I EL AR B B 0 AR i 1 (B v T

PSTFNet 64.19 82.55 7.97 ResUNet,iE‘EEﬁ Tﬁi%ﬂj El/‘] PSTFNeti%%T‘]ﬁT&EWJ
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Table 6 Results of the MSFM composition ablation

experiment
Jrik: LoU/(%)  P/(%)  F(10°)
PSTFNet w/o MSFM 58. 10 76.23 12.13
PSTFNet w/o MC 60. 52 79. 16 9.25
PSTFNet w/o SA 62.47 81.38 17. 18
PSTFNet 64. 19 82.55 7.97
3 g

AR SCHR Y T — Tl B T R I S R AR RS B 22
WOTZT A1 55 /705 RS AGE I 90 2% , 122 I 24 i M 322 5 22 it 14
8 F F b A Ak e i LA 394 s A 00 ot o ) s T s
e T AR EE B F RS AE , sl e 1 IR = M 4 H
PRI ER o Beit T — Pl i P R SRR fi
FHIRSZ By ¥ R 3% R R 2D B AR A K 22 R Y 3D #5417
PEECE AR B B P AR, [RBF R TT T 2 RS []
FRAE Rl S B, AN [R) R/ 48 AR Rl 5 2 5 55
/I F B A 23 [ RRAE , 2R A5 R A H AR 4019 5 2 LA
Jers Gt S B HARFFIE , SEBLZLAh 55/ H BR Y
BRI . A A SO T — A2 FL A 22
£L4h55/8 B AR B4R SHU-MIRST i 8 4 % 8 T
HFri A Sissh LSRR E S, WG T2 A
PREENT B S e 2 T R B T — i
T DR A 1 R RS Tk, S B T R R AT
S AR BA B R FACR . 7E SHU-MIRST
BB A AT (9 IRSTD-Real B4 1 AOMIK R ,
524 EWRBIEMLE, B8 R4 0952 e A
ML K e AR R A A R B, JE R AE H AR
SRS SEON IR F S L IR T AR SO
HY A SR AR 2T A0 s /0 F RS A I O T B4 A 280k A
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