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Abstract Semantic segmentation network classifies images at the pixel level, which has more advantages for accurate
target location than target identification, thus playing an essential role in infrared small target detection. According to the
characteristics of an infrared small target, a novel infrared small target detection network based on real-time semantic
segmentation is proposed. A good compromise between the speed and impact of infrared tiny target segmentation is
achieved by the network, based on the dual branch feature extraction structure, using the progressive feature fusion module
and enhanced Dice loss function. The experimental results demonstrate that the algorithm achieves high accuracy
compared with five algorithms, namely FCN, ICNet, BiSeNet V2, STDCNet, and TopFormer for small parameters and
calculation. The proposed algorithem is advantageous for the practical application of semantic segmentation in infrared
small target detection because its reasoning frame rate on the actual collected infrared small target dataset is 44% higher
than that of traditional FCN, reaching 117 frame/s, and the intersection and merging of infrared small targets are 49%
higher than that of TopFormer with the similar reasoning frame rate.

Key words image processing; infrared small target; real-time semantic segmentation; dual branch feature extraction;

progressive feature fusion

| . 25T R, B T BB B AT 08 G TS A BLSE
= R % %, UL A AL S | 516 A HL %

él%ﬁif%ﬁ%iﬂﬂ%?ﬁ%i}ﬁﬁﬁéé@ﬁ)ﬁ WA S LD F AR BT DS I X T AT Bl R PSR A R

s N B W RS E I AR 78 A S R LLAh /N B R I B K T

Wi B 2022-06-30; f&E HHE: 2022-08-24; RA B 2022-08-31; MEHEZABH: 2022-09-10
HEEWH.: HEAKF:EE4(61307025)
#EIE1EE . zhubineei@163.com

1410006-1


https://dx.doi.org/10.3788/LOP221958
mailto:E-mail:zhubineei@163.com
mailto:E-mail:zhubineei@163.com

TR BURRAE A B R, 24 06 B S R B 14 & 2 3 R it
BRI TR E RIE ¥ R ER A IR R R
Ji& B 1) B R A3 V5 2 WF 98 38 4 TR B 2 2] HOR W
B EA 4 WANI SR 7 1K e /s Ve S & vl N T R AN
PN SR iRl K =R B o r e b | R Y EA R AN SR 7
RSk AT EH ARG R, o S5 #6 ER
BAR R 5y X TLLAM /N B o o B A A

T SO R R B R R R EE
KGR A PR G R T3 T vk i R R LSS R R T R B
BYHESR o O 7 e A A HE R A PR R A
PR i 5 A P A5 0 R /N F3E 3B ER 35 . image cascade
network (ICNet) " fiff HI Pl 5 9% 15 11 7 =X o ot 55 92, %
B 43 3% 238 1) [RGB w8 0 B 503, 4 ] e 40 B 28 1 14
BT FACR  AE GPU 1 35 51 92 i 1 #3300
bilateral segmentation network (BiSeNet V2)"" % i1 *(
3 SRR 4 U 285, 20715 3 S0 B s O HE R I R A
FeIk i XA SORBUR 20 SUAE B 55 405 45 BRI
TSR BB R G S5 2 I 246 35 RS T R0 3 B 1 - A
short-term dense concatenate network (STDCNet)" 7£
S B g v o 2 AP AR AR AR BT 0 4 FE N S 8 TE
fiff B 25 20 5 5 | A UK 2 ) 20755 R R G 3 2% 1Y
T2 FEAE B Ao PR S5, 24 FE 43 50 o A M R 4 B GE
IR Z ] BCAS RO R P . token pyramid vision
transformer ( TopFormer) " K % B LAY AN [6] ] ()

F60EFE 14H1/2023 £ 7 A/ B ERBFEHE

AN TEE o BB AR A T R T AR R 28 R 4%
(CNN)FUVIT By W 45 . R 1R 7 ik 78 51— i
PR ) 28 TF R BB B AT B iy 3R B B R AR 21 4h
/N B bR EE i B2 X L0 A0 N B R RRAE T
FEPR T SR AE B BAR BURFAE B B 25 5 & 2k B s, £F 52
b2 22 PR EE IR ET 40N H A 00 T ks Fl R A

oR (2 R LT NS 2 S A R WANI S R N R
I & LB S R = o NS A N N NI E I 7 UL T2
(RTIRSeg) o % M 28 5k WL 43 32 ¢ fiF 312 B 25 44 4K L
ZLAN/N HAR BHMR B9 4015 B 2 E00hE XF B ARG
K F 7 1 AR AE il A G 45 B B A BRI 5
AT I8 I8 DA S s [a) il a a ol K R R 22 i
ZLA0 /I H A AR o IE R AR AS B4 1) [) R, S SR T
ZLA N H b 15 A 33 AR A 0 204 2R )~

2 LA BT

RTIRSeg ¥ 45 (1 S AR LS A 4 (<] 1 s, I 2% e T
U - S S AL G 3 AN A TR IR AN B
i 5 AE B4 B T P 4% (backbone ) 5 I T Fl-& 4 7] 43 32 42
W R AE 8 058 (neck) 2544 5 T 2040/ H A KR 53
E (4 53803k (head ) o 5 T 99 4 i A 7 AF 42 B2y 2 40
B, — AR A PRI 3, 0 — AN R AR R R UGE U
KO3 32 BB A K VR SR A R R T 4% 4
(AL 5 21 A0 UG OR [R5 B R A 26 R AF il G A5 e v 3

FRAEBAE N token B AITPRITC, R 45 5 B A L fE ATREG s 20813k F T RR AR 483 8 A B AR 3R 3K U1
L encoder | decoder |
e v . |
"I detail extraction \‘.: \" !

i - et ol —>| detail features |_i ;.i
I 1
1
i :E progressive _ii' interpolate
| i1 | feature fusion | 71| and segment
: it T Fical ’:“I,' 1"
- semantic lerarchic "
| “¥=|  extraction |=—» semantic :: "
| network information | 1 il
' }"! ‘I '
backbone A neck \

— data pipeline

B 1 RTIRSeg M %45
Fig.1 Network structure of RTIRSeg

2401 S HOay 3000 T ORAT e ML AR B 140N H AR IR
HR L A AR, SR B R AiE 20 B R AR R RO BT
RARAE 3 18 75 (0 0 L % AN A 2 B o 4L
CAVANYS B 70N 5 T N R WA L = B T S E R 3 1
PRI RE 2 B A AR R R 401 52 33 SO0 T
i A 2% B 2180/ F bR RS Gl 5 20 K 2 89 3X 3 4
B 23 H 3R I | T I 303 K 9 8 O 64, 1 &
BRI/ 3 HAP A O 1 4 B 45 21 10 e Ak 2R 17 25
(A AE B2 0l o E O B AR R Ik 0 B R DD B s [ A Y
fr VARG R AR, e i JEE B 128 R/ 64 <64

BR8] o I 3R 7 R Al T B34 Bl Oy 2 BB Bk ConvM,
1R

ConvM = ReLU {BN[Conv(c¢,,, ¢, £s,5.p)] . (1)
s Conv &% 38 45 AU AE s BN g it i 03 — fb 45
PE s ReLU™ Sy T o8 B 5 o, D B AR AIF D 179 38 3 4
Cou T HHRFAIE PET 1) G0 T 805 s N B BURK B RN 55 9
FRERAE 89 25 15 p D A2 5 AR I B Ab 8 1R R Y
Koo

IR E G NI - EAR VINER N R SITEA L
52 WP AR FEAT PR IEE SR AR () e i 5 A1k 3 0 K P A

1410006-2



F605FE 148/2023 F£7 B/BAEXBEFZHE

B T = E E A E A T B A5 AR S IR T 3 S5 M I AT 3 TR o %0 K
= (= & [5] [5] = = |2 P 5 A A [0 159 B B 4L A A B B e R A 43 5 0
o |32 (2| 2 2] 8] 8] |8 8] A EORROE R A R G B L B
Els[ 22121221818 1| RO R A AR R YR S B A
TIIE IE| IR 3R] |5 |3 (D] cheARERCA IS 6P BUA GRS
S| 18| |8 || 8] (8] [&| |8 B 0 5k L O 33 19 25 Kb 2 B0 L
T 3 1 I B i 2 4 A S 30 R, o 4k 5 9 15 R
2 RS S T UL T 4 0 0 24 R 2 R
Fig. 2 Detail feature extraction network Fh Ak (MaxPool) #EAT 4R 1E B R K kE
o0

3 2 z 3 :

b 8 2 g F

kS g 2 £ g

= il e e el s il = e

a2 s B (= = ] =] =] P ] 2

& e 12 12 12| 18 1E] 18] 18] 12| 2] 18] 12 18

S| 18] |3 |8 8| |3 3| 13 5 |5

B3 i UE BRI 2%
Fig. 3 Semantic information extraction network
B LA R T 5u o R BB 45 (5 BAIE fE ReLU 1A RBEHR TR BE T 43 8 25 BT LAl /A2 7 1y
KU D DR AR R 5 2R T A TR A R A SR O E SRR E SR . Rl G BT e SCER IBURFAE 23 SCHR I A
filG 7 20, LA AN 151 4 B s, b Bilnter £03 #9 72 XU [ J22 U o AR B R AT i 3 % v o R SR AR
2 PR {H , DSConv R 2 M 2 VR T 48 B9 B AU -BN- SR BR N el FI IR 2 1T 43 B9 45 AR R v )2 1 SCIY R AE 14

| toreh.cat (dim is 1) —~ConvM(640, 128, 3, 1, DI—| 128x128x128 ;

:
:

l

— data pipeline

] =y J’.."T
E: » ElEIRE y
= o5 4 *3| | {ConvM(inChannel, 128, 3, 1, 1)}
hd = o _5 G 1
B - ECIRE .
8 |8 = g 8| Bilnter(128, 128)
s 5 o | R .
TEFERLN |
= S B = B g o] ! o
— c{] x é :
é & 2 ™ H
3 [l
X 1
pe
x
B
—

| 128x64x64 |
I

& add and average

|DSConv(32, 64,3, 1,1) |
DSConv(64, 128,3, 1, 1)|
DSConv(128, 128, 3, 1, 1)
|
| DSConv(128,128,3,1,1) | Bilnter(64,64) | | 128x64x64 |
!

P4k ORI fl 1 B
Fig.4 Progressive feature fusion module

1410006-3



108 A R RO SR Y 38 3 KD I (]
W ARG R A 0 9 3R, R i R 78 480 i ) e A PR A B R — =
i AIE 3% 0 2R AN PR 2 4 BT A4 Rl A BT B R
L1, 72 )2 B S PR A o B R 2 T8 SR E [ 475 1 2 A
ZLAM/IN E AR AT 43 34 IR RR A 11 AR ] RS i I o
P A 3 T A R Y PR R A T A R R AL
o Ir s B BLR A B R 1T 1 o AR LA R A
{EL3z B3 728 45 D A [ DR /I B8 R A BT 9K i X b 3 A ]
/N AR AR T2 0 A7 3 2 4 1) BF %, 10 D o AR AT =5
[E1] JNE ) A LA B AR AIE S T8 2 B 4 ek, A T T 0
GUESSIRES

H e 3 Sk 6 R Rl AR ) AR P OUE P A
(ELHRF 73 0 P81 b R e 22 R — A DR/, I SR IO 2K
T ZL AR G /s RS 00 55 BT o 4R 3R L 49 22 B AR
R, 22 1 BIE SRR A AN - 5 p 25 T 1] ToRE(R R
T S G AS BRIV S RIS I 45 4 2K 3 TR A
R 1 A 2150/ F A PR AT 4 o x5 3R 23 26 1
T E AN RS, % Dice 451 26 R 8 HEAT A8 B L3 17 21
SIS B A 1 23 RS -

jw( ZT(NP(H
2 ?L':l n ,
Mw T, +P,
=1 d

Ao T AREID cFENE n B SE s P A F 2 ¢
FEAL E 0 B 15000 ABE 2 5w, AR ¢ AL TR o 3X HLH%
T8 SPIE XF L A1/ B AR B 35 5 F H AR 1R Z 500
KR E HAR AT 2B AR, U = 5 B AR A E
bR 1:808,
3 SIS
3.1 XWiFE
3.1.1 #%#ELE

JIT A8 T B 540 4 2 78 S0 3 B S R 8E R AR B 2141
H A5 B4 , i ] FLIR sc7000 21 4h #4540 R 4 6 AL
FERBAML KT & i R s TR MTERATR T
PNl Bl N U EAR ) NS R 7 B €I E B e S R i
DJI MINI2 F1 DI 2 47 b WU R TE A AL . 48 0 28 v
PEATE) 1412 W8 BI& L 2051/ B br £ B R /N 8T >
512X 512, 4 4 20 5 pascal voc #% 2, b5 1 42 i B 1%
) mask & o % 18 8 1: 1 A9 Eb 1K 504k 45 5 2 0 Il 25
AR VB R AR AN A

Ly,=1—

imp

(2)

F 6055 14H1/2023 F7 B/BAERBEFEHRE
3.1.2 A#bLxiz
I A 5256 Y9 7E Ubuntu R 48 T R B 2% > HE 42
PyTorch #4750 5% , HARMF B 036 1R o g R
Adamw 16 &% , B > HE R AL A B i R 4, learning
rate 24 0. 00006, £ 5 ik hy 0. 01, 2% 8 Wk B i & 0
80000,

®1OSERIREL
Table 1 Experimental environment
Environment Configuration
CPU Intel(R)Xeon(R)CPU W-2223
GPU NVIDIA GeForce RTX 2080Ti1 X 1

Operating system Ubuntu 18. 04
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Table 2 Ablation experiment
Method IoU of target /%  FPS /(frame-s™') FLOPs /10’ Param /10°
Baseline 60.9 107 15.38 14.76
-+ Improved Feature Extraction 61.06 158 14.88 3.93
+ Improved Feature Fusion 68.32 118 11.41 3.04
-+ Improved DicelLoss 68.63 117 11.41 3.04
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Fig.5 Segmentation results of proposed algorithm in multiple scenes. (a) Artificial construction background; (b) suburban background with
sky and mountains; (c) less cloudy sky background; (d) clear sky background; (e) sky background with buildings; (f) (g) cloudy sky
background
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Table 3 Comparison of parameters and performance of different networks

Network FLOPs /10’ Param /10° Inference speed /(frame-s ')
FCN 247.13 49.49 81
ICNet 19. 27 47.82 97
BiSeNet V2 15. 38 14.76 105
STDCNet 10. 57 8.57 103
TopFormer 0.62 1. 37 121
RTIRSeg 11.41 3.04 117
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Fig. 6 Segmentation effect of RTIRSeg in continuous frame of a video
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Table 4 Evaluation of segmentation results of different methods unit: %
Network Class Acc mAcc Dice mDice IoU mloU
Background 99.99 99.99 99.99
FCN 81.69 84.86 76.76
Target 63.38 69.73 53.52
] Background 99.99 99.99 99.99
ICNet 91.45 87.84 80. 44
Target 82.90 75.69 60. 89
) Background 99.99 99.99 99.99
BiSeNet V2 90. 55 87.85 80.45
Target 81.11 75.7 60.9
Background 99. 99 99.99 99.99
STDCNet 80.09 83.13 74.77
Target 60. 19 66. 26 49.54
Background 99.99 99.99 99.99
TopFormer 78.60 81.29 72.77
Target 57.21 62.59 45.55
Background 99. 99 99.99 99.99
RTIRSeg 90.42 90. 58 84.15
Target 80. 85 81.17 68. 30
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Fig. 7 ROC curves of six algorithms (EPCS OIS R DN B § - G R R (S I
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