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Abstract: The detection of strip mending in pavement diseases provides crucial technical support for intelligent road
maintenance. Existing deep learning-based semantic segmentation models often suffer from issues such as large model pa-
rameters, slow inference speed, and loss of detailed features in strip mending detection tasks, making it difficult to bal-
ance accuracy and real-time performance. To address these challenges, RT PSPNet, a lightweight and high-precision real-
time semantic segmentation model, was proposed. Based on PSPNet, RT PSPNet incorporated multi-dimensional im-
provements. Firstly, structured pruning was applied to the ResNet50 backbone in terms of depth and channel number, re-
sulting in a shallow lightweight ResNet that significantly reduced parameters while preserving more detailed features.

Secondly, a lightweight compact pyramid pooling module (CPPM) was designed to replace the original PPM, which re-
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duced pooling branches and introduced depth-wise convolutions to further enhance feature extraction efficiency. Finally, a

multi-scale feature fusion mechanism and a multi-head composite loss function were introduced to improve the model’s

ability to segment slender targets completely and enhance training stability. Experimental results on a self-built strip

mending dataset show that RT PSPNet improves the segmentation accuracy (mloU) by 7.06 percentage points compared

to the original PSPNet, while reducing the parameter count by 96.4%, computational cost by 76.1%, and achieving an in-

ference speed of 147 fps, and reaching 258 fps while using a mixed precision speeding strategy, which is 8.6 times that of

the baseline model. Compared with many mainstream and lightweight state-of-the-art models, RT PSPNet demonstrates

comprehensive advantages in accuracy, speed, and model light-weighting. RT PSPNet’s code and weights are available

for free accessing and downloading on GitHub.
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0 315

SR T 993 75 i i K e A0 900 75 2% T S I -
B, EEAREEA. ek, TiilEl. SoRIEEME
NI EF I LR, BARSHK. BEA
—. REAMNER . HREME, FRBANTE
FERR, ReERE T SYUEMLL, FREHIES
HAR, HARM SEBIEART . FIRBIAMGE
Wi 3 6 A B R 435 K 22 4 R A, I 2 XHT 4 %2
G FRPEAR ORI BRI R, PR AR
R HERRIAS N 75 DASCRRE B IR AR .

SORABAN AN 7735 T2 B0 9 N A AN 55
HLE BRI P2 o N TS U AROR % A B3 st
B, FERN ST HACRAR, A4 R A2 0 R Z 5
Ko AEHF R KR ER . TR
E BRI T 73 Syt G B AL BT 35 5 TR 5 )
Wik ARGUTEIBHE T TR HRAE, XA
AR ZACREIA IR RIS ) ikl et
UXzh B B SRR, AER RS . HEPLEE 5240
AE/1 ERA WAL, SIS A A e o
BEARBMT 55, R TR G0 70 5 B Stk R i
FHGE G, TR 2RI R R,

VST B T SRS I BT 25 22—,
EESIBRIGINEEIT RS R0, HEZl
] HARFEER . 2 TR ST SIRABANE S HIE
MRERs B X HMEANX IS IR H B, B mig
Rz ALRE . SRTIT, A EVRTE L B AE T
A FREANX RS E S 5, W 2O UR T2
BRCRARTT, BRI S5 M e vk A & BT 25 2K 40 1T 4
fiE, e CATERE B 520050 2 I UG RLAF~P

BEE T L BIBOR AR, HOBURS S L)
RS T RN 2 AT ) B LA S o B T 2 1Y

E SR T, AR SCm S R T — b R R RT-
FormerF10, F7E Or UEHE B IH B 1 a7 52~ R FH UL
AEIEHAT NG, sl 7 ARG T 7 F 28 1R 5%
MRz ALRe S, RRESETSR T — R T SegFormer
PRERL, BT 1RGSR RO RRAE R A 25 5
BeAE, RIS T LU A Y B 4 (1) B 11 2 4% 7 BRS FiE
B SR T — b Gk T U-Net B4 B 10 A%
ARSI A, eIk et 2 i 2 AN S N3 2 I AL
iR, IRTF T BRI IR . MR
T —Fh it DeepLabv3+ 118 i R 4846 W 77k, 1R
PRAE SIS P (1 [R] B 38 AE 73 RS B AL T IR HERE AL
IR T A A e T B A DU 4 T A
Bt g, AR ok Z S50 SRAZ A 26 1T 5 35 10t 9 LA
JeTE Sy B A By SERf PEAERE BT 5L . R &
AR R (AR R 7 T, Yo 25U R T — AN Xy
)R AL SEIE A FIE Y BiSeNet V2, [ A
A BT 5> EKS B AN HEFEH . Mehta 26 3R 1 T
— A FH AR AL VIT RIS BT T MobileViT, 1&
BIBHEDLG A E. XuE P T —ANBeig iR
KRB E R SCE B SERE A ERE R SCTNet, 1X
AT FER R EAE X3 #E SOTA.  FIABIAL B AR
HANFERERRENRS, (H 5 FF BOEE T
VER IS X BIBAAR L, T HLE = e d AR
AT R AR, JoVRAERs a8 006 1H98 35 A 0038 3 A
S EUES BB ERE R, M UK BB T TR )
PrifE 2K .

SR IR 5T LE B 9 T R ) B A e B
MHAS T —w it e, (HIA SRR R RIERN BT
i e LSRR B . REfL SRR . R
A S AS I T G DA Pk ik o

(1D A E S BIBAAE R RAEAME DA 25
o E R, HEEEMK, THTHNEREN



252 MRSCRT4E: FEF RT PSPNet [ 9% [HI 2 IR AS I SE B S0 BI0F 5L © 239 .

wite

(2) ZKRBIMEEMEK LA, KEMK G ER
A 518 S, H RV 4 PSPNet Pk = £
FREERFIERL S, T80 B0 45 5 B B TR 43 %1
R EIILA

(3) HHINGAUR 8 — 4y Bk 58k w5
B = S R 28 22 2 VR AE A b ) B, BR AR 4
(78 53 1290«

BEXE R ), A SCHEH T — Al T PSPNet
SOt R SE I Sy A ——RT PSPNet, FH i
T ZRRAZ A S 38 o3 o A S 3 it g -
%t ResNet50" 5T HEATIR B 5 BB R 2 L BT,
P 378 )2 5 7 ResNet; Wit & /N & 73
KB B (compact pyramid pooling module, CPPM)
DL iR & AL AR (pyramid pooling module,
PPM), FEFHHFAEFEEURR; 5IN 2 N EERE A&
MU, SRRt 4nE H AR IE R R RE 77 RAAZ 5
£ H A PR REOIT 2 Z RN G E; EHEEE
BOR R AR BE s s s LASR B R . Bk, A
L EETTHRA T

(1D K2 T T A 2ORIBAMETE o B 4
1000 KMEANFIE., TRTMERERS
MR RE, AR TSR AR S .

(2) $RH TR B A RS P S IR 3 S A 7Y
RT PSPNet, i id %)z % & ResNet. CPPM. £ R
FERFIER G 5 2 Ay B SL TR BB, (A BIRERE .
S P 5 A R A A 2 (A SE A A

(3) 7EHEHEE LT T A SL R IAE,
RT PSPNet #f b Jil PSPNet 7f mIoU _F#2 7+ 7.06 > F1
Sy SRR, SEE D 96%, THEE K 76%~
92%, HEFHREFEE N 147 fps, TERKFHICKS FE40 25 VR
ARG FE I SR WS J5 BRI R B ATk 258 fpss
HFCN™!, DeepLabv3+'". HRNet!'”). SCTNet #l
SegFormer!'*/4% i 0 R Ap B AL B A L, TR
PRALIE Z IR bR LRI H

1 RT PSPNet IR &4 S EI M L&

1.1 MREEH

JE E PSPNet % [} ResNet50 {F A 45 4iE 42 B &
T, BESAEORIFHEIRIGE ), A3 ESITE
AR, H IR ) PPM B = 5% 2 RHIE
PIELE, ARTHKE RS E . N, AR
FEH RT PSPNet, HHEEARGEMWIE 1 FR.

RT PSPNet = % )\ Ziw i 25 R L) 8 49 5 T BEAT
ootk EOL, fEYRBLER, X ResNet50 3 FHEATIR
5@ A 25 M BT, R Z R & ResNet,
FE Yk 2 K 1) [R) s OR B 58 2 4145 B LR,
TEfEMg 25, Witz E ik CPPM & AR PPM, )ik
DAy SO B NIBIREEE R (depthwise convolu-
tion) ", AN & R AT I, SR TR RIA e
JIFN G FIREFE o
12 XEREResNet =T

RIE BRI AT RS, 8 SR JE FFE ]
o/ NSg8dy £&, R ER2E00CR,
AN ResNet50 = T 4T 1 25 HAGBIRL, EIRE
AR T KRR B A1 5 o PR A B B R,
F T AKI T KRR AL 58 B 1 DR 35 A 7 7% 2R R AR
s [P BRAE T M R B o R 4K H bR
HRe 77, 15 23R 25 & ResNet £, B ARt
2 fros.

B, B JE PSPNet &= F (158 — A~ 7x7 K/NK
LGRZE #3133 R, %464 deepbase
i, XK FRFEAE, SHEMHE
BH—ERER R .

Hk, AXisH 7 &8WABE M ITE, B
bottleneck JZ N BY #7 {1 5L A BT, K ResNet50 H
bottleneck ZU & M 16 iR E| 1 7, T MR B el 2>
TRk, S T RENREEN. B, BT R
AR JE RS PSR B BT R T & 7, BURZ I
o ERAHE A AR, A SO 5 1 R R R
1EE BABORH 64x64 47 38 3, M ECJE T IR 2
B 16x16 73 HFEY K 7 1665, EIAFTIRE4K
T B ZARAERNFT 75 1 B SO {5 S [FIE,
bottleneck H' ) H & IR G — B N B IR &
%, 15 %] dw bottleneck. dw_bottleneck A~ ¥ K
MR 7 ZHEMTH R, IEREIRUESE A P RHIE 3
ge sy, DOAR|E B2, HEANRENSR.

. BB B bottleneck Ft) 45 AR i 1 £ 43 1)
MR 128 #1256 4 2 96 F1128,  LASZ I —
B HREN, 1337835 5 ResNeto U TR )Z
1% & ResNet & T Fl1 il ResNet50 & T H S H & f 1t
HEXEt L 1.

MELTHRHTLEH, RXRHWERZRE
ResNet 7t 2 8 & fil it 5 & LA LG i ResNet50 B A
BEME, Hp, KERE ResNet IS HEMNY
NIRETH4.7%, Wb T21953% S8 E: 7



[ I Stk g
| 1 |
i i WA ,
l | l 1
| | BARENIE 1 )
: I ' I :
1 R AR I :
512%x512x3 : : 64%x64x512 : DS :
— e E | TR T 1 s !
o || [ —— -‘FT' ___________ 1, v
[— — — — s_————— e == 1351 —r
| l ﬁ%ﬁﬁ ] 1 E 4383k
T = |}
| EEETT T N e
. WP
-4l

32x32x512

16x16x512

1x 1B+ IH—4k+ReLU

Pr— S S W W— W— W— — —

b o o o o - e - - e e e -

P— — — — — — — — — — V—
—
[
o0
X
—_
[
oo
X
o
o
S
—_—

e G G - - - e G S e ww Swe S e e e e —

| 64x64x512
64x64x512 T
l I > B A F-------
R BResNetE T | L AN R | Bk g
A R S 4r & Hith
L e e e = e e e e e e e [,

&1 RT PSPNet [ 4% 45 1)

&1 XEE = ResNet =T 1R ResNet50 £ THY

SHEMITHEEXEE
TR SH 154 5/GFLOPs
ResNet50 23.508x10° 43.171
T 4% 5 ResNet 1.104x10° 23.326

4b, 82 E ResNet (I iHH BN NEFETH
54%, kb T 4146% T H B . £% I, RT PSPNet
K7 2 1% & ResNet A HoJ5 £ FHA R B3
AR A, TG B T 5% o AR AL 1 SIS A
PERE
1.3 ®=E{kCcprrPM

BT 2RI BB S 45005 82104
&, Ji PSPNet i 2% #1 1) PPM AE Wi H A7 E 5 H
o I AN DU BC A ) A . PPMLGE I 22 A IR 4T ik Ak,
X GEENAAN HIRZRE LT UER, HH
BRI AL 5 15 %5 55 1AL VR 28 2 o il H bR
R R S A0, S EURERHEEI T %
WABANE G B LK, Fmim oEkEE. o,

PPM I Z 5 X EMMEINTREZMNSHESITH
&, PRI T BRI HEE AR . fEARIRIE AN BT SS
H, ER A ST REAEAE LR, Hoad FER AL
TESHE— D HI G K A RHE IR B BE 71, AT
H2 o EIMEREI ST . ik, A St PPM, R
T CPPM. PPM Al CPPM [ % £% &5 ¥4 % Lb 4 1 3
FiR e

HE 3T %0, CPPMdEIE 45 Mk BTk 771k, ¥
Ji& PPM H (1) 4 Nt Al 23 SRS T 2 A, FFAR R38R
TIBALHFAE R RS (930K FH 16x16 A1 32x32 (1)
BIAe) o B R A N SRR B 1/4 F0 1/160 K
FEA o RS2 B A o X B AR B 3,
A B> S8 E St EE RN, AR TORE
FAMRIEAN B AR SRR . Bhah, i i
[ H SR B OB IR E B, T DL R T
BN GRAHER R B, I FLK 2290 S tH I RFAE B
B EECNZ G =400 (element-wise addition), AT
SR 3T A0 PEIAH LR FH 388 38 3 55 H AR AE P42 5 =X 4



2 W MRSCRT4E: FEF RT PSPNet [ 9% [HI 2 IR AS I SE B S0 BI0F 5L © 241 -

ResNet50F T R % EResNetET P BRI

‘ #tIH—fk+ReLU
v

iR deepbasefsiik
JLIEIEES LY —fk+ReLU
e
V
SRR AR EA%2%2
iiEEoN
JiIEEER
PR _
J’ FHEERIBUZ 1
AR
TR

s
T FREARIUZ2

JliTEIEES
v
JliTEIEES

LIRS
S

ReLU

i

—

&2 ResNet50 7%z 4% i ResNet £5 H4 fr1 % LU f 7w

r—mm—m™——"—— | r—m——=—= '|
| SR | | SNV G S HE AR |
{ HWA — HIA
DR G WM A5 SR 16x16F it

|| e | || |
ﬁ

| I | |

| 2R AL | | |

| | | |

| | | [P

| IR P | kst R | S22 LR |
ﬁ

| I | |

| e |||l | |

| I | |

| I | |

| | sassmwen | : |

I 3Xz;§*/c{ I ﬁ I zy@ggxyﬁ;{ I

| = e

3 PPM A1l CPPM [ % 28 5 K %) L

AHEADREEY, FNENTEEEZERIARE 8, Wl BRI TR R R S R T
TR XS HE AR F B 1RSSO e CPPM T S AR R AR :



© 242 - BReRt - HHEARS

output=dwconv3 x 3 (convl X I(Pool o input )) +
convl x 1(P00132(input))) (D

Hod, dweonv3x3 R AL 3x3 B IR JE A N 14
B, convlxl A Ix1HREER, Pool,s £ Pooly, 73
N 16x16 F132x32 [ISF AL EEAE,  input %A FE
fEE,  output Ay HFFAIE K

14 ZREFEME

Ji& PSPNet ) fif ih 2% {3 €0 & PPM F1 bR Ff 42
B, B Z PRI I h 2 2 S B 1A ROF
o X FEUBA M DL [E] I 6 387 2 I A R AE S5 R
JERKPE R B R SCikost, ot 2 RERHMER G
TR RIERE . R, EAHAER ‘4K, R
FUN” TR SRIERN B AR, HorEIRGFE 5 56 %
PR 2R .

R IR RR, A SCAE RT PSPNet 15| A2
JUBRHERL G LS BARTT S, ASCK 3T Mg
PRk 2 RRAE B 5 A 25 CPPM i I TR 2 45
TEHEAT RS, (ERLG S BUAFAE [ B 2% 3= & R 4e
BREEREEEE, M EE SN KRB
R4y S50 8 . RT PSPNet f 4541 fil & 45 1 1 (5] 4
FiR e

K4 RT PSPNet K4 il 5 45 14

BEAN, i e B RR  HBR, ASC
£ CPPM W AN T R ZE1E4%, KB St
EAEAM, DR EEWRGE UERE . EHREn
KA, BN 33 BRZ AT HE P RHEA
WS ME R, SRR R . R R A
FER AR RN -

output = Classconv (conv3 x3 (convl X 1( Up

(CPPM(d_feat))) +convl x 1(s_feat)))(2)

H A, Classconv 7~ 1x1 7 K&, conv3x3 Al
convlx1 4358 3x3 IR E B 1x1 briEHEF, Up
N2 65 EoRFEEE, CPPM N G HI Sk &7
WAL, d feat Fls feat 73 7l A SC 3 W 4%
54t PR SRR AE B AR SR RRAE ]
1.5 ZRELEEMKEH
FLHE PSPNet 7E I ZRR BER I AZ X455 (cross-
entropy loss, CE Loss) A%, X218 L HUESS
Hh R A P R R K B . 9T RT PSPNet (7>
EIHS 1, ASCLE CE Loss (%A F 5]\ Dice Loss™,
R Dice i 2K bR 25, 83 45 & P9 3 D0 35 LA 5 o0k /i
S XA RE J1. HAd, CE Loss i 7] 17 % Hb
XA IR AR SR A PR ME R SR, (HE
5y Z RN AT A L s i S SO AR FE AN 5 Dice
Loss 5 {1 5 - fffy & TH0M 2% SR 0 B AR b 25 1) [X 45 B
SR, R ARSI T, HIZRd R
ATREAFAS, HAHMIIRG . A0 & E N
BB AT 45 6 DABR T 40 2% eR OGBS Y 11 1 B K
F, WPB R B SR RN -
SH_hybridloss = CE Loss + Dice Loss (3)
HHf, SH_hybridloss A 5.7 #| Sk I & A 4 R 3L,
CE Loss N5 X @i 2k iR %1, Dice Loss 4 Dice i 2k
N T B2 RT PSPNet (RREEE, A 024K
X AR A5 1R 3 AR B i AL B n e #1sk, A
AT Z 2RI 2R B, BDTERS AL ) SR B A
ZorEIKIE SRR, DL B A S A [
TREEALE N RRAE B AERA 1, 70 B Y HE BRI B
R &N REERE, HAEHIIZGE RS
BRI 4> #)3k . RT PSPNet ¥ 3 /™73 1 Sk HARAL B
el s firs
Rt — AR TR AN [ 2 IR b (R AE—
BME, ACAEGmAG A R DL S 28 i H v
Sy G EAR B A Rk CanlE s R, M
LI BHLE . IIZRISy, &4k 5 CELoss,
i H S BTSN TH 5 Dice Loss, 38 i3 i AU a5 T 1%
AN Z R E SRR
MH_ hybridloss = Dice Loss + 4 x
(CE Loss, +CE Loss, + CE Loss, )(4)



252 MRSCRT4E: FEF RT PSPNet [ 9% [HI 2 IR AS I SE B S0 BI0F 5L © 243 .

| WA |§| SrEIk] |
L ! T
|
decpbascBit | | [ Hith |
I
|
|
RT PSPNet i
HERAUZ] ||
|
X1 i
v |
| orHIR2 | i RT PSPNet
L
RT PSPNet i
—> |
BEREE2 ||
I
|
v |
[ swss ]

5 RT PSPNet (1] 3473 #ISk HARN B fEow

Hr, MH_hybridloss N2 45 %13k (1 & 4 551 2k 5 L
fH, CE Loss,. CE Loss, M CE Loss, 755l 4 3 1~ 73
B LA AE i K4l , Dice Loss A Dice 45 2k
BRI, A NS RAB T IIBUROR & 5L
1.6 EEMETHR S 15 E MR RES
TERTIYIZRBT B, A ORFPEUE R e PRI LR A
FEWSIK R, RT PSPNet R Hk5E (FP32) kAT
Wk, X520 LR o B R H L —
o SR, FP32 A% A AE HE B 251+ 5 5 N A7
B i R G, AT P A ASE 2 ) SN
N R S R PR, A SCIERLRL
W BESI N CEASBE (FP16) HEFRNLHI . 1% 57 B8 1] LA
TEARF M EORS BERTIR R, BT (T 1]
THEHE . BARTS, KM% A E S Es E%
BN FP16 4%, REE KRR BA7 S S HE,
NI 7843 R AIEIUAR GPU 5K BAZ% O T AL 35

2 IR

2.1 BBENA

ARICHIE T — AL TTHT FRB M E X
SEVEIREE . JRUA UGB B TR TSR, ¥R
2 04818 2 <2 048 18 = MU K5 JPEG SCAF, N A
T S B SR is R Y. 4 ] LabelMe
X AR AT AR R R AR, AR X B PNG 4%
N EFERARSE, AT — M5 1000 7K EIE-
PRZENT AR AER IR 46 . N 7 B, 1 Jext 500 5K
WIUEHHE 45 B8 4% 8: 101 I Lk AT R 20, 48—

W EF IR 90°, ARG B0 UEEE A
o EAERIIE, AT R EE T O EEoRE
W ) e, AR BB R G s OR R x5t —
PR R R — 74 (NRIEE), MAS SR
MAFE R FERE, DU IR IR 2 I 25 58 BT A
AW G, A BT SR b &R R
FNZPRAB MG T 77 B R e It A2 AL e

AR AT 55 5 SEM, TR GRIRIEARD
55 G B AR 1 =50 KB B RIE
NXorEl. SR, ARSI B EYR: AT HRES
g HARN; BRI EE R, Wt B
o ATIEZ. K AR T8, K5 SR
worE. ORBREERE S REImE 6 s, H
MR T H ST M5 oy B
2.2 SEIEREE

S0 3T Windows 11 #:1/E &24t, i ] Python
31231E PGS, IREES JHESL N PyTorch 2.5.1,
CUDA HATHHHNELE N 12.6, SZI6 FOAE A IR A 155
K 124X Intel Core i7-12800HX, #Ji% 42.00 GHz,
GPU NNVIDIA ) RTX 4070, &A7~8 GB. AL
W08 ] adam ARALAS, HIUR 2 ST R E N 1x107,
B /N S BB N 1x107°%0.01, 311145404 epoch,
LR KN N2 84
2.3 IFNIERR

N T ATV TE U BB M RE, ASCRA
FAZ H-EL (mean intersection over union, mlIoU).
B SHE . T HEE AR RN fa b, H
H, mloU 1R BRI 23 1 BE vPAN,  Hi R B e i
BRL AL I o B BCR T s RSB E A E &N
BRI AR EAGRR L VP, BB/l BB R A2 B A
(AR T s AR FE A N SER VT, BUE R
P SRR . mIoU 530N -

1< P,
mloU=— > i x100% (5)

Horr, kONEFERT SO SRS RAI R, AT
kN2, AFEZIRBANIES Y M2 PoNIE
By B T SR B A8 R B, P AT P BN R ) T
MG = E.
2.4 S5EAERI PSPNet BUXTEL 947

JE #E PSPNet 3K F] 1Y /& ResNet50 %5 1iF $& B &
T, BB T RS [F) B IR B R E S BT
3, BPLEXTRLZ K A OB SRR R KK &



- 244 - AR SHAYR

8%

| SRR (KA THRER)

1 [ S—

T
i
311
w

i

[
L

6 KRB

5, DMEAGEFHEEIM KM SERATIR Y, Laeie
IR 4 RRFE . 4 FRFER 7 8 I, ResNet50 (1)
% 8 2|5 16 /> bottleneck M EH ALK E N 1, H
o2 8 3 28 13 4> bottleneck & AL I I K R i 1
A2, 514 35 16 1 bottleneck & A% HI K &
B 1424 HTRFEET N 160, 258 2IZE 161
bottleneck [0 K4t — N 1, SR JE¥ 2 8 B2 13 4
bottleneck KA /2, H.Z 14 3 %5 16 4> bottleneck
ERZEKARBE 1 E N2, @K, 3
PSPNet ] N RAERECH 8BS, H B
R HE R FE LG R RAE RBON 16 1. T A
SCHARIE ST [ 2 B T 5 SR IRME AN SRSy vkl B2
HERR, [RGB AR A 34T 5 SR ALE, A
e T e P S R A AR Y, T L G A
ITHRENIACH S (U145 G Transformer 2244 1
SegFormer 2 %5) . 3G K&, PSPNet LARL & 1)

Gy ERE AR TS HEEERCR, BONA G T3 R AL
CSCE AR SIE AR ER AR A ) — AN BRAE R 5

[, AT K5 R PSPNet 7648 F A A & 1%
BUN R R T REE, A SCHE 22 30K ResNet50
T & #: MobileNet v2 £F, 1ZET1EEAGAHM
FRAE SR ELAE DRI, B34 TR BT A
RT PSPNet F1 H: il i)t 4% PSPNet 7 4% IR & b ¥ 5 £
RIS IS HON L AR 2.

EiEF 20 LA H, PSPNet 7E 4 I ZRIA =T
ResNet50 i, 2 %0 & fl i & & B 2 A F Mo-
bileNet v2 & TIN5 5, Aid 70 FK5 FE mloU 4545 th
FIXTHEAR, XRPRENETRRET, HEER
FEFEEUME RE I A R ko S LA FH AN ) =
F- 1) J5L PSPNet, A< 3CHE 1) RT PSPNet AN A
W aEREE . BN SHEMRR TR E,
A KIESUE R, XA LPES T

%2 RT PSPNet F1E fth iR 7 PSPNet 7£ 52K 1S4 MR EE R RIS ATEL

il MIoU SH HEHE TR /fps 115 5/GFLOPs
PSPNet-dsfactor=8 (MobileNet v2) 80.95% 2.376x10° 110 6.031
PSPNet-dsfactor=16 (ResNet50) 84.70% 46.707x10° 63 118.427
PSPNet-dsfactor=8 (ResNet50) 89.07% 46.707%10° 30 369.468
RT PSPNet 91.76% 1.64x10° 147 27.342
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TR A TH A5 TR BRI 32T 1) PSPNet #5154, 4
EI R B 8 2 378 8 4 H MobileNet v2 = Tt PSPNet
10.81 N H 4 . EARERMAL, B2 MobileNet
v2 F T BT R H AR SCHR 7R 2 5% & ResNet &
TR, (XM ZHERGPEERE S, Kk
BRGNS ER R, REHERA
GPU MBI EE S, k=5 5 ResNet BRI 1 5 &
TR, HRRUE/EHERL I B b 25 15 T MobileNet
v2, FH T RT PSPNet = 2 B SE i P HER PR R . X
tt DA ResNet50 24 3 - ¥ PSPNet, RT PSPNet 1]
mloU $&7F T 2.69~7.06 N E 4 ., ZEE D T4
96%, iHEEIRD T 77%~93%, EHHE A E IR
Tt T 133%~390%, {E S H # AR 4 510 ALK iR 2 T
HEPE P [F I, 3RS A T W3 14Tt
25 S5FARBEHERENESNTL

gk — 3L R4l RT PSPNet (MRS, ATk HE
FRRETE L BB FEAT R .
251 5 AR

MFI AL, FEFIFRATE U EIRA (FCN,
DeepLabv3+. SegNet™. HRNet fl UNet++>*14%)
BT S TS HOS LR, T RTIEDFEIREE, G RTE
SHEMPEFLEF 5710, RT PSPNet i 18 T4

REBFRIE B, e A
PSR = .
%3 RT PSPNet SEREBEN T ENIRE KIS ITLE
T/
i MioU S S /A
A 0 K HEFRIH E /fps GFLOPs
SegNet
(\23166) 7842%  29.444x10° 27 321351
FCN 6
(ResNatso)  $313% 35308x10 33 297.066
DeepLabv3+ . 6
(ResNersy  S607% 4034910 29 366.149
HRNet (w32) 87.71%  29.538x10° 26 90.925
PSPNet P
(ResNatso)  S07% 46707x10 30 118.427
UNet++  9230%  9.163x10° 20 279.244
RTPSPNet  91.76% 1.64x10° 147 27.342

TEERERE |, RT PSPNet 5 T4 K ZH0E L)
FFEAY, 40 SegNet. DeepLabv3+F1HRNet, KT
UNet++, XA 0.54NFH 5> s 2R fE540E I,
RT PSPNet bt F i A 8L ik 2D | 82%~96%, AN
N T AT, RS T R R AR E
fb: fEit % & £, RT PSPNet bt =3 it #5781

67%~92% Mt H &, REgER T I E IR, AR
TR AT HE MR EHEEE F, RT
PSPNet DL %A 35 (147 fps B m i 455 T
TR, AR [ 114~127 fps, H RN
Ll AR AR RS B B v 1R UNet++H1 7.35 1% £ S 30E .
T AR S R B TR A4 T 450 T 3 S R S 70 Y
MIHTER N, RACRIEHM 2 B IR R T 28—
A, SEEL T AR R EACR .

Zx b, RT PSPNetfF Jysiinf i Lo BB, 7E
PETHV A RIERN B U BT b, S TS
HBA AR TR 43 I S BIREAY, JU R
HEMSHE, 5FEREAUKT UNett+, BHE R
Fxf AT s B, B B
Sy EIPERE AR
252 S5BFER

M 4T W, RT PSPNetfE 5% Fiig&ik 5 E)
B (ENet™. ICNet™. BiSeNet”. SCTNet%s)
BT H TS HO L R . BRI S, RT
PSPNet £ 4% £ (mIoU) Fl4fE ¥ & 3 HE 4 28
—, H91.76% ) mloU & F R T H AR, L Pi4E
# =t SOTA # %! SCTNet. BiSeNet 1 SegFormer
Syl 6.83. 18.71 F10.84 My . RESH
B (1.64x10°) W& & T ENet (0.349x10°), {H RT
PSPNet 75 4% J& 77 TH KHR A5G T 8.32 4N EH 4 s, #E
T B B /2 ENet (1) 2.49 fi% o RGBT E 8T
# ENet. UNetFormer"”” fl SegFormer 4 & , {H &
HARIH B2 T H AR AT X R R R, it
SR B g5 Y BiSeNet PR 129 77.6% BT & . 25
FHTR, RT PSPNet 7£ ¥ [ 25 IRAZ A 15 o FIAS
M55 B AR T 1 2 F08G A0 83 R 2
B, ReBAE “REEEE” [RIBUSEULTP
2.6 HRLSCIG

NSRS SO A R, AR T RS
THRRSEE
2,61 ETM%EFL

M5 A W, B ResNet50 & i Nk ER =
ResNet J5, TEHANMEEALRHNL T, RE mloU
NIRRT 13240 A5 i HSHERCD T 94.6%,
THHEREK T 71.8%. XKLL BT F; GE5 75 7
B IR AN S B A 2 TRDIE BN BT
2.6.2 fEMEHE (FFIERRSL CPPM)

MFE 6T W, 4 RT PSPNet [ fifAS 2% A hn N5
HERR A LUK sk () CPPMURF, 43 10K B mIoU R A
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AR 8%

34 RT PSPNet SR EMWIEN N EIREZ IS HRTEE

%<7 RT PSPNet AU35i5k iR B o i i E Rt SE I8 B 7

. ) AR 57
iR MIoU ZHE B3 /A
A o g I/ fps GFLOPs
BiSeNet 73.05%  26.501x10° 66 122.078
DeepLabv3+
(;Zpbi \V/.t) 75.57%  11.376x10° 55 59.448
obilevr
DeepLabv3+ 20 1500 4 662x10° 70 46.157
(EdgeNext)
geNex
ICNet 83.05%  26.243x10° 56 73.931
ENet 83.44%  0.349x10° 59 4357
SCTNet 84.93%  16.287x10° 105 28.105
UNetFormer  85.74%  11.682x10° 89 23.476
HRNet (w18)  86.69%  9.637x10° 26 37.319
SegFormer (b0)  90.92% 3.715x10° 84 13.537
RTPSPNet  91.76% 1.64x10° 147 27.342

5 RT PSPNet FUFHERRENE FE 9 HRISIIE R /R

24 B ResNet MIoU SHE 1144 5/GFLOPs
X 84.70% 46.707x10° 118.427
J 83.38% 2.502x10° 33.387

83.38%, ALTHAKKIKF; {4 PPM £ 4y CPPM
JG, BEMSHEATEEARAZH TR, A
mloU A /Mg b7t 8 Af A 28 B Ui N\ 4
AiE Fil 5 45 K60 10 4 B PPML I, H: mIoU A 85.74%,
WEMEERE, BE3BEMTEEA /MmN, X4
A5 7Y [ I A5 FH RS A0E il & 45 74 LA S CPPM B, mloU
b5 1) 86.53%, HZHEMITHEHLH —
SERR%, XEES T CPPM /D it AL 4 5 LA
SRR EARRI N, A s AL A 431
FEEE#A T4 TF. %51, RT PSPNet 1 ffhd 2% it
IO b & 254, DL A ek Ji PPM 2 CPPM,
AR TR [R] A SR T B A R 2 R B ) A

%<6 RT PSPNet FUfiRFD RS 2R HRRSCIE R R

FRfERlE CPPM MIoU SR i+ #/GFLOPs
x x 83.38% 2.502x10° 33.387
x N 85.82% 1.616x10° 24.638
N x 85.74% 2.593x10° 35.886
N N 86.53% 1.64x10° 27.342

2.6.3 AR BB

MR TR, R BSL & A % R R L
— PR RBOE T, 1AF] T 88.51%; R
2 RER&E AR REL, R EIAR R 91.76%.
XIGUE T 2 2 20 Wa B SR o R TR 5 B T 1A
Rtk

TR R MIoU
BT E Sk S FR— 41 R B 86.53%
A EI L& AR EL 88.51%
Z I HEIR &S AR R L 91.76%

TERERL U ZRBY B, S CE Loss B %55
FIE B, 725 N Dice Loss BREUE, 12k
{5 CE Loss # Dice Loss % Z 1, 153 7 #r#|
Sh&E AWK EE, RT PSPNet AR 43 £ k5 4G
THEMRRT, BT 1L.98ANE D A &G, HUA
SCRERE 2 53 B Sk & R A R R BHAT VIR0
BB RRG Bt — D4R T, N T 32540 Hr Rl 25
b, B IR R R, RT PSPNet (43 #4E FE %
Z AL 523 N EH A, AR T IR
B [Al, ASC W% MH hybrid loss 4 CE Loss 2
FUIE I LAAS [F] A I0AL R BOHAT T TH Rhsess, X b
ZER WA,

#<8 MH_hybrid loss 7 CE Loss Z FE{E T U EHY

TR R B B X EE
p MIoU
J=5 91.64%
=6 91.76%
=7 91.55%

M 8T, 4 MH_hybrid loss 5 f KL £ %k
J=6 57, RT PSPNet 7E 55 IR & # M H 4 45 L (1) 7 Bk
FE LA 22 80 A=5 Al =7 B 20 B3R 7 0.12 N 4
BAT021 N 43, R A S s ae i B A R 50k
6, IXfE A MR THE L (1 A EIUR . SEIR A R R
B, i B A SCHE H Y MH_ hybrid loss B8 $0HE 1T RT
PSPNet #5284 (Il 5, o] DURR AR SIORCR, kst Xt
FORABHM IR A R A ), AR — R L ARUE
YK H b 7 150 56 BV A SRR AS AN 1 AR
Tt
2.6.4 HEAFFEAAL

M9 L, IZRAd FH FP32, f BE I 7] e &
FP16 Y-k B, WIERE LR MATIE T, FHERE
HEIRTE75.5% (M 147 fps £ 258 fps), i 2 1435
TR E S M. Rk, ARSCRA “IZE
FP32. H#EHW FP16” WIVRGFEE TR, TEHi L5
RN EIRE FERIRIN,  RIREETH T HAE LR i)
SN AL FRRE 7
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229 RT PSPNet FUtE BUHETRFE B BUH A ERISEI B

GES HEFLH S /s MIoU
FP32 147 91.76%
FP16 258 91.76%

2.7 AHERTEE AR

NET LB e, AR SCE I RFIE TG S
T &t Foxt etk T . w7 s, RTINS
Wi (class activation map, CAM) HIHRFIE T ARAL
B, JE PSPNet A ResNet50 = T W 2% 2 Vi v
R REE BRI /S, AN 40K S tRAB A 0
e N2 55 HANESE, TN ss R IR R % M
Z &, RTPSPNetXH %245 & ResNet = TR f
THE B PERRERE, H CAM # I m B5 H bR
REEEVIE, B4 CPPM 5% KRR & 1L
Jo, BRI R e RN -

P 8 it — 5 8 75 T RTPSPNet 5 £ Ff 13 f 5%
BB AR5 PRI RN IR
Bi. BARCERS . HMmimREZMFIREAMLT,
RT PSPNet 23 I H BEAR (1 & k. 7E28 L AT AP AE
W2 R TS A T %+, UNetFormer i 31K
M FLR 5> %], RT PSPNet % 8 tH 5 5% [ 51 T $L 6
715 TR 2AT RS J T4 T, 1 RT PSPNet
5 HRNet fRFF T 85 1) #5280 128 347 H i
PR . TR H 245, DeepLabv3+.

UNetFormer 5 BiSeNet 35 H! Bl & 3 s 4> #|, RT
PSPNet N5ty i e 7 HARE TV 7R 4~61T%
P TH [ 52 ™ B P &), UNetFormer. SCT-
Net /% BiSeNet ¥ H Il K SR F1i5% 44, RT PSPNet
PR B ARG T, o EIEE R R

3 ZRiE

B 24 T 2R AS AN IR TH 9 T4 S B 7T A7
ERATTBEERZ . TRMMSKESHEE
Ko HEHHEERE, UESTHK BRSBTS 5]
K P SZ PR A ), A SO R T B FH 2RI HME L
SEVEARE, IR T MR R R I SE S
XAy R ——RT PSPNet. %855 fil & vk 2% &
ResNet 1. %81k CPPM. £ R JEHHE & ML
PARZ BB S HRRE, 7F 3@ 5dE A F e
T 91.76% i mloU, 4Z ¥ &1 1.64x10° 1, 7E
FP32 Fl FP16 A% F& 455 4 (%) #3534 & 75 Joll ] DAIS 2
147 fps #1258 fps, FE AR FF A B 1 [R] Bof 3 25 $2 7
TIBHERGHEENE, NIEDLL PN %%
S T T S RS AR SR A T AT R

SR, AL TAEAAES T JRBR: RT PSPNet
TE G E BT K2 LU Y, (HAT g T
UNett++; 502K BB 1T S SR AT A Ak 23 1)
zi b, BHSRRT PSPNet fiE X5 EI1E RE L & AT
e, AETCVE S I B HE AR () 6 B AR B O R A ik B o

PSPNet ( FEAEHRA )

BT W

P e e e e e e -

[N ResNet=ET

BT

CPPM ] HHIE

¥

ERAE
Ly

&7 PSPNet 1 RT PSPNet [FIRFAE ] 404k 1 A5 531 45 50 Le
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K8  RT PSPNet AL fth T3t if SCop IR 2 IRAZ A E L3045 oxt L

i I HIRG BE o R OR AR K A fR 1R A B A 11 2 it
by BB AR A0 K H AR AR AE PR ERRE
R RIS R R B S Ak veit, FFEEZRA
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FERE Bl 5 RN B A SEFR AR o

EEPEE

(1]

(2]

B3]

[4]

[3]

EXUE TR BRI 5 23T SRR ELT]. BRI R,
2011(11): 29-36.

Wang S X. Analysis of asphalt concrete pavement diseases and coun-
termeasures[J]. Communications Science and Technology Heilongji-
ang, 2011(11): 29-36.

FRER. BREIAT S L)), R REREE B HOR R, 2026, 8(1): 1-11.
Wang F Y. On intelligence: the origin and the goal[J]. Chinese Journal
of Intelligent Science and Technology, 2026, 8(1): 1-11.

T REK, B, TKZET, 2. K15 AT for Science H 521 5 & X B
RERED]. FhReRRE S ER AR, 2023, 5(1): 1-6.

Wang F 'Y, Miao Q H, Zhang J P, et al. The DAOs to Al for science by
DeSci: the state of the art and perspective[J]. Chinese Journal of Intelli-
gent Science and Technology, 2023, 5(1): 1-6.

TERR, AR, ARBE, A RIS 2T SN R ERIE o BITTALGR ).
oF [ B R B E 21, 2023, 28(11): 3342-3362.

Yan Y, Deng C, Li L, et al. Survey of image semantic segmentation
methods in the deep learning era[J]. Journal of Image and Graphics,
2023, 28(11): 3342-3362.

HIE, Ee, T BE BT IR S I BB AE o #1078 ).
2241, 2019, 30(2): 440-468.

Tian X, Wang L, Ding Q. Review of image semantic segmentation
based on deep learning[J]. Journal of Software, 2019, 30(2): 440-468.

[6] &30, 250, 203Kk 7K, & . RTFormerF10: 3£ T RTFormer-slim #5754 it

(7

[8]

9]

[10

]

[11]

[12

[13

]

ELLANSG W G BB AIZEE 7> FITTE ). A BR AR, 2025, 38(4):
69-84.

XuWY,LiS,JiYC, et al. RTFormerF10: research on crack segmenta-
tion based on RTFormer-slim model fusion of infrared and visible light
images[J]. China Journal of Highway and Transport, 2025, 38(4): 69-84.
JEUR, ST, XU, 55 . 5T 20 SegFormer 9] 2% 14 % T 2¢.4% 43 1
B[], BRPERHEK #2441, 2024, 42(3): 166-173.

Tang Y, Dong S J, Liu C, et al. An improved pavement crack segmenta-
tion algorithm based on SegFormer network[J]. Journal of Shaanxi
University of Science & Technology, 2024, 42(3): 166-173.

whaRWE, TR, RAVEE, 55 . sk U-Net (1978 A LT 2R T A4 R )
J5EE[T]. BT ERR, 2024, 47(19): 137-145.

Han J F, Zhang J, Song L L, et al. Improved pavement damage detec-
tion method of UAV based on U-Net[J]. Electronic Measurement Tech-
nology, 2024, 47(19): 137-145.

¥, ik . Bk DeepLaby3+[1) 18 i 2% i
T.F%, 2025, 51(4): 262-268.

Yang P, Zhang X. Improved DeepLabv3+ road surface crack detection
method[J]. Computer Engineering, 2025, 51(4): 262-268.

Yu C Q, Gao C X, Wang J B, et al. BiSeNet V2: bilateral network with
guided aggregation for real-time semantic segmentation[J]. International
Journal of Computer Vision, 2021, 129(11): 3051-3068.

Mehta S, Rastegari M. MobileViT: light-weight, general-purpose, and
mobile-friendly vision transformer[PP]. V2. (2022-03-04) [2026-01-30].
arXiv: arXiv.2110.02178.

XuZZ, WuDY, Yu C Q, et al. SCTNet: single-branch CNN with
transformer semantic information for real-time segmentation[J]. Pro-
ceedings of the AAAI Conference on Atrtificial Intelligence, 2024, 38(6):
6378-6386.

Zhao H S, Shi J P, Qi X J, et al. Pyramid scene parsing network[C]//
Proceedings of the 2017 IEEE Conference on Computer Vision and

ZAGERG I 5 [0]. AL



252 MRSCRT4E: FEF RT PSPNet [ 9% [HI 2 IR AS I SE B S0 BI0F 5L © 249 -

Pattern Recognition (CVPR). Piscataway: IEEE Press, 2017: 6230-6239.

[14] He K M, Zhang X Y, Ren S Q, et al. Deep residual learning for image
recognition[C]//Proceedings of the 2016 IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR). Piscataway: IEEE Press,
2016: 770-778.

[15] Shelhamer E, Long J, Darrell T. Fully convolutional networks for se-

mantic segmentation[C]//Proceedings of the IEEE Transactions on Pat-

tern Analysis and Machine Intelligence. Piscataway: IEEE Press, 2016:

640-651.

Chen L C, Zhu Y K, Papandreou G, et al. Encoder-decoder with atrous

separable convolution for semantic image segmentation[C]//Computer

Vision - ECCV 2018. Cham: Springer, 2018: 833-851.

[17] Sun K, Zhao Y, Jiang B R, et al. High-resolution representations for la-
beling pixels and regions[PP]. V1. (2019-04-09)[2026-01-30]. arXiv:
arXiv.1904.04514.

[18] Xie E, Wang W, Yu Z, et al. SegFormer: simple and efficient design for

[16

semantic segmentation with transformers[C]//Advances in Neural In-
formation Processing Systems. Massachusetts: MIT Press, 2021: 12077-
12090.

[19] Howard A G, Zhu M L, Chen B, et al. MobileNets: efficient convolu-
tional neural networks for mobile vision applications[PP]. V1. (2017-
04-17)[2026-01-30]. arXiv: arXiv.1704.04861.

[20] EEE, BRUIE, PO, 5 . FGOIREAb 31 0S I 110 2R 4% 55 T A MU 5
S BT TBURA, 2024, 42(4): 270-277.

Wang G Z, Chen M X, Yao H, et al. Influence of image gray process
on the detection of pavement cracks[J]. Journal of Municipal Technol-
ogy, 2024, 42(4): 270-2717.

[21] Li X Y, Sun X F, Meng Y X, et al. Dice loss for data-imbalanced NLP
tasks[C]//Proceedings of the 58th Annual Meeting of the Association
for Computational Linguistics. Kerrville: Association for Computational
Linguistics, 2020: 465-476.

[22] Badrinarayanan V, Kendall A, Cipolla R. SegNet: a deep convolutional
encoder-decoder architecture for image segmentation[PP]. V3. (2016-
10-10)[2026-01-30]. arXiv: arXiv.1511.00561.

[23] Zhou Z W, Rahman Siddiquee M M, Tajbakhsh N, et al. UNet++: a
nested U-Net architecture for medical image segmentation[C]//Deep
Learning in Medical Image Analysis and Multimodal Learning for Clinical
Decision Support. Cham: Springer International Publishing, 2018: 3-11.

[24] Paszke A, Chaurasia A, Kim S, et al. ENet: a deep neural network ar-
chitecture for real-time semantic segmentation[PP]. V1. (2016-06-07)
[2026-01-30]. arXiv: arXiv.1606.02147.

[25] Zhao H S, Qi X J, Shen X Y, et al. ICNet for real-time semantic seg-
mentation on high-resolution images[C]//Computer Vision - ECCV 2018.
Cham: Springer, 2018: 418-434.

[26] Yu C Q, Wang J B, Peng C, et al. BiSeNet: bilateral segmentation net-
work for real-time semantic segmentation[C]//Computer Vision - ECCV
2018. Cham: Springer, 2018: 334-349.

[27] Wang L B, Li R, Zhang C, et al. UNetFormer: a UNet-like transformer

for efficient semantic segmentation of remote sensing urban scene im-
agery[J]. ISPRS Journal of Photogrammetry and Remote Sensing, 2022,
190: 196-214.

(fEE ]

BE3CAT (1999- ), B, v Mol K= KE
P H R A TR A, E8EPR T
SR JE 2 S RE X E

FRA (1996- ), B, PHRGML R AR EE
et FEPFTT ORI L
AT AL B o

XIEE (1996 ), 5, TRl Kbk
Betdi Ak, 5 BRI 5077 1) A I T P AR
R G WA S o

HY (1982- ), 7, FEMl KSR
5Rae LR, TR RN
WSS fE . KB IREFZIE SR

KK (1982- ), F, FEEEML K E KRB
HER TR REIR. A5 m, 18
MR AR TRE . RS iHE. AT
BHE



