CN 51'-1546/04 1SSN 1003- 501X (EIJEIJF&)'« ISSN 2094-4019 (R#Hf)

i &5 ResNeStin & R EHHER & RYIE R 50E IR EX
#BEA, 5%, BREE

S| AA:

AR, B, RIEE. BiSResNeStiI S REFHIEM A HIE R BGIERIZIJ]. StE T2, 2025, 52(1): 240236.
Hao M, Bai H, Xu T T. Remote sensing image road extraction by integrating ResNeSt and multi-scale feature
fusion[J]. Opto-Electron Eng, 2025, 52(1): 240236.

https://doi.org/10.12086/0ee.2025.240236
%5 B H3: 2024-10-09; &2 HHA: 2024-12-16; FF HHA: 2024-12-16

*Ea‘éi’éi

BILEFEMATAULEE K IREUE %

?&ﬁE, EIHE, Kk, KA
FETIFE 2024, 51(12): 240210  doi: 10.12086/0ee.2024.240210

HEE K =IE X 2 E B shE O T E M K%t

R, T, W, P&
St TFE 2024, 51(1): 230304 doi: 10.12086/0ee.2024.230304

BT & RESHERM G 0ERE S/ B RaN
DR, KTk EE OB, ORGE
BT 2022, 49(4): 210363  doi: 10.12086/0e€.2022.210363

B LA Sk B R s L

OEE & x4

Opto-Electronic Engineering

http://cn.oejournal.org/oee @ OE_Journal Website


https://www.oejournal.org/oee/
https://www.oejournal.org/oee/
https://doi.org/10.12086/oee.2025.240236
https://cn.oejournal.org/article/doi/10.12086/oee.2024.240210
https://doi.org/10.12086/oee.2024.240210
https://cn.oejournal.org/article/doi/10.12086/oee.2024.230304
https://doi.org/10.12086/oee.2024.230304
https://cn.oejournal.org/article/doi/10.12086/oee.2022.210363
https://doi.org/10.12086/oee.2022.210363
https://cn.oejournal.org/article/doi/10.12086/oee.2025.240236?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2025.240236?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2025.240236?viewType=relative-article
http://cn.oejournal.org/oee

Opto-Electronic Engineering Art|C|e

% & x

20255, 585245, %5 188

DOI: 10.12086/0ee.2025.240236 CSTR: 32245.14.0ee.2025.240236

=S ResNeSt f1Z R[E
FE I'EA HYIE R =218 e

Upsampling

ResNeSt block 2 1

Triplet Attention Concatenate Convax3+BN+ReLU

L— + o u
Transition_module | S —

Upsampling

ResNeSt block 3
Triplet Attention Concatenate Convax3+BN+ReLU
b tast [ u

Transition_module | A e —
Mo, A B, REE —— et
Tnvlul,l‘menﬂun Oe/:-\cawna‘s CorwG'BOEN+ReLﬁ
AT R T BE A B TR B, LT HR 121000 —

MSFF

HE: Haf G o HEEBY GBI AEERA G5 Rk s, ) BARESR S EHE R 54 B ARE RIZ 90 FI A,
AL E T 4546 ResNeSt Ao % R AL kb6 i B R 8 B4R Iy ik A T & B AR E 34 (ResT-UNet), A%
ResNeSt M %4k it U B MM %K, HiTH%mE T LT RGRIEE, 23 BF0% 8kl §AERD
%3071 A Triplet Attention 72 & 4 AUhl, 4741 %A R 415 s SERARJ A AR KA K AL HRAE, Aot 2 4
Fo PR, BV HEBAT &R K B A G R P A iR 35 W 4 e iR B3 1R ) % ROBAFAE GRS 3 (multi-
acale feature fusion, MSFF), vA4H3k X3k 8] 692 AZRM A £, R GEHR G BBR. 53 £ Massachusetts i 3541
i 42 4= DeepGlobe # 4% & L #4758, SR AW, 45 k0 EHIEE L loU K3 T 64.76% F= 64.45%, A
F i LA P 25 MINet A2 4R 5 T 1.42% #2 1.74%, % % ResT-UNet M 44 348 &% BB E IR IBAEE, A s
& BB R AT SR — 3 B3

KR E B, EI5IRIR; ResNeSt W % R EAFIEaRSE-; 12E AU

FESZES: TP391 HkRER: A

WY, VS, RIS, G ResNeSt FIZ RUEERHIERLG (112 BGE BUE BRI [J]. JGHL TR, 2025, 52(1): 240236
Hao M, Bai H, Xu T T. Remote sensing image road extraction by integrating ResNeSt and multi-scale feature fusion[J]. Opto-
Electron Eng, 2025, 52(1): 240236

Remote sensing image road extraction by
integrating ResNeSt and multi-scale
feature fusion

Hao Ming *, Bai He , Xu Tingting
School of Information Engineering, Liaoning Institute of Science and Technology, Jinzhou, Liaoning 121000, China

Abstract: Aiming at the issues of discontinuous road edge segmentation, low accuracy in segmenting small-scale
roads, and misclassification of target roads in high-resolution remote sensing imagery, this paper proposes a road
extraction method that integrates ResNeSt and multi-scale feature fusion for road extraction from remote sensing
imagery. Referencing the ResNeSt network module, a U-shaped network encoder is constructed to enable the
initial encoder to extract information more entirely and ensure more continuous segmentation of target edges.
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Firstly, Triplet Attention is introduced into the encoder to suppress useless feature information. Secondly,
convolutional blocks replace max pooling operations, increasing feature dimensionality and network depth while
reducing the loss of road information. Finally, a multi-scale feature fusion (MSFF) module is utilized at the bridge
connection between the encoder and decoder networks to capture long-range dependencies between regions and
improve road segmentation performance. The experiments were conducted on the Massachusetts Roads dataset
and the DeepGlobe dataset. The experimental results demonstrate that our proposed method achieved Intersection
over Union scores of 65.39% and 65.45%
and 1.74% compared to the original MINet model. These findings indicate that the ResT-UNet network effectively

respectively, on these datasets, representing improvements of 1.42%

enhances the extraction accuracy of road features in remote sensing imagery, providing a novel approach for
interpreting semantic information in remote sensing images.
Keywords: remote sensing imagery; road extraction; ResNeSt network; multi-scale feature fusion; attention
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Dice 5125 BREOCT S 1 A5 2K bR 1 X5 S HirfR 45 25 1% i)
HAE X, B5HMSAERHE, FEAZKEY
SRR BRI AR AT X HE XN
TR AR BB R, Dice ik BREUING B AT s
Focal 1 2k PRSI 35 T 70000 7 Aff 58 X A AR AU 26 70
B AR N OC T A I RN 2 S R A AR AR
Lioeas = = (1= p)log(p) , (12)

N
=1 Pm8m

1- s
A, o MZRBIAGE, R IE GURE AR AN 24 £l ] 51
ARMELL RN R AR A, TSI i e A AR A R 5 43
FEAS; N MR R BEG g, NEERE m BWE LS
P NEE m BTIIE,

AT A RO N X T B R U 5 T agHkER,
SETEAL FRZE BIRSE-r [0) By, e —Fh 2 A A
W R ELENE T Focal $12k BRI A5 Dice 12 pRELI)
L. .

LDice = (13)

LLoss = LFocal + LDice . (14)

4.7 ResT-UNet M4 5256 25 RANS 4T

TEARTTNE T, i — R0 il g0 ok
Ak A 43 B BT 48 A9 ResT-UNet I 4% 7 % X
Massachusetts 1 %54 48 Fl DeepGlobe #4171 1H
FEOTEESS FRIPERE. X — M4 R AEL ML U-Net 2244
YA, e A A SR A 5 25 I 2 B (ResNeSt
block). Triplet Attention & JJ#L# . Transition JZ L)
J MSFF B S e R UE 7 i 25 el A i . 3RAT 109
H A i 1 5256 o kA e gl an e ) TAE, DAgE T
DR 26 A 1 SRR G % 0 A 55 Th RS BE RSO . AR
PR A T L UL 1, 2 1 FRAIA I T HEE A5
AR 28 U-Net FERBZHSS, HA/E Massachusetts
i 4 K S DeepGlobe K 4 143 %17k fE A9 X 1

+:
él?l o
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VAR 2 R T 8 B A IRl B H i A AU 7
Massachusetts i I 4UIE4E A1 DeepGlobe F¥E4E - AOTE
REPTAb A R, XSRS T U-Net 22U T T AN
TR AP E . ResNeSt block+U-Net i 1+ 3 1k 43 1iF 42
BURTE T oy EI LR s Att+U-Net 5| A =535 AL,
B T OCHERRIE R AL T B 5 Transitiont
U-Net ik THpfiE (b ot B2, A8 THE 241705 U-
Net+MSFF N 2 RBEEFRHMERE = T 52 248 B A5 1 1)
P AE F7 . 1fif ResNeSt block+Att+U-Net 75 FEAF 2 B
FVRRAESCHE WAL, BUREIRIER 2 (OA) BEFE,
B F, Al ToU S5 3871, R I SEh i X B 28 5 0%
E| & X H E . ResNeSt block+Att+Transition+U-
Net+MSFF (Efl ResT-UNet) I T et 4> #IPERE, IF
W17 X S it DR R VR T AR R CR . g iEX — 5
A RME, LA Massachusetts 18 i 45 3 42 Ay 5] 16 B
TR T I BT T B AT L, anlEl 7
8 i o

TR XA DX IH [ Y 5 37 5%, U-Net 2% BUR RS
RECHHE 2T P& AR R B, BAEIX S 18 %55 ) A

NNV &5t 7/ RRTAE DAR Y NN S 3 €7l EA TS
H, TEPRILAEON, H 552 A T Bl U-Net
REERIHELE, FEH AR 8RR EE RS T ResNeSt ]
%% . ResNeSt LUHGRRAVFFIERIGGE Sy, WERTF T
RIS Z ) ST B, 7518 B% 5 R ) Z [A) 1Y)
FEBRARAG RN, DN = 1 0 o0 R A
YE— 25 Hb , 7F ResNeSt Block 2 J& it A T Triplet
Attention, fHAFHSIRY AL T NIVRS kb R £ T 1A PR IX Sk,
ARANE T AR AT S A TP ek 385 X OGS P
FRIERPURIRE T), BRRIAE SR Ze M e vfEn “F 27
FRPE G E RS, RT T EI B HER A A 2
ResNeSt block, Triplet Attention 5 Transition JZ L) &
MSFF R SE G, AR REIA B 18T % e B
Transition )2 A5 | AL TR B AL 72, R
TN EA AT E R 1 MSFF W 58531
TN EERE R PL S, DGR 1R IE %50
SR A PERE o I, 7E ResNeSt block+
Att+Transition+U-Net+MSFF B R | 38 %1 A 1915
R PR RS i HE S, TR FI R SRS

A1 KRR #2504 XAtk (Massachusetts)

Table 1 Comparison of experimental results of different improvements (Massachusetts)

Method OA/% Fil% loU/% mloU/%
U-Net 97.71 87.46 62.37 80.01
ResNeSt block+U-Net 97.79 87.51 62.79 80.36
Att+U-Net 97.76 87.49 62.41 80.15
Transition+U-Net 97.73 87.48 62.39 80.10
U-Net+MSFF 97.85 87.67 62.76 80.59
ResNeSt block+Att+U-Net 97.89 87.83 63.11 80.68
ResNeSt block+Att+Transition+U-Net 97.91 87.91 63.57 80.74
ResNeSt block+Att+Transition+U-Net+MSFF 98.09 88.83 64.76 81.94
k2 KRRt EE Rtk (DeepGlobe)
Table 2 Comparison of experimental results of different improvements (DeepGlobe)
Method OA/% Fil% loU/% mloU/%
U-Net 97.07 86.12 61.98 79.82
ResNeSt block+U-Net 97.13 86.27 62.08 80.01
Att+U-Net 97.32 86.41 62.34 80.13
Transition+U-Net 97.11 86.03 61.13 79.69
U-Net+MSFF 97.73 86.91 62.60 80.61
ResNeSt block+Att+U-Net 97.81 87.29 63.07 80.94
ResNeSt block+Att+Transition+U-Net 97.93 87.55 63.41 81.01
ResNeSt block+Att+Transition+U-Net+MSFF 98.05 88.01 64.45 81.35
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A7 REAEARS R i BRI AR

Fig. 7 Extraction effect of different modules on suburban roads

U-Net+Att

Transition+U-Net Transition+U-Net+MSFF

B 8 AREIARSATIN T HARIRACR

Fig. 8 The extraction effect of different modules on urban roads
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71, R ERT T X /NE BRI . XY
FACACAE A B AL EA FI T T8 B RUR I, TEi HAR K
/N, HRBESE PSS A AR AN Y . BJE, Gl
AN Transition J2 1 MSFF Ak, R ZEALFE/NE
% EARE B Sr BISORAS 3 T B G35 . Transition

EUAL TR IR AL B R, Wi TR EEA; M
MSFF Wl if 22 REFHERG, 200 AT
DR BRAEE T . X PR A A A5 IS5 1 0
NFHE R . AR, & T E BRIk
SRNSE T

R T A RTPAG AR SCHE 9 ResT-UNet W28 7618 4%
FEECP RS, It T — RIS L, B
ResT-UNet 5 i Ji A1 H9 JLRH R 28 ZEA AT X 1L, AL
FHZ ML) U-Net!' A1 DeepLabV3'"™, LI Kzt JLAEAY R
%% ResUNet"”, DDUNet™, D-LinkNet'”, U”-Ne""
FI MINet™ . 330 %6F 73BT a3k 6 0 2 764 ) B5cdi 46 1
BRI, 7] DL E W HBBRIE ResT-UNet W 4% A8 A5 80Pk
LA R 3 M 4,

M 3 F14e 4 aTLIE HY, A SCHE Y ResT-UNet
MLETE OA . F, Fil ToU WM 4 bR T HHA 5 86 3545
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THREXT A NI B IIRCR o 7E Massachusetts £044E |,
AN[E LB PRI A S SR 2 I — B 2R DA
HEARCER , TR R R AR5, o te
KWER R T 97%, FRIIC A A, 78 F 7,
MINet #l ResT-UNet [) F, # &, 43 314 88.10% #
88.83%, X FRBATEHRGHABEFIA M1 3 Z [ AT T B4 11
YA, FEAEIF T, ResT-UNet By loU e &, M
64.76%, ‘won AR A B BOT RS A, A
K RE I K F, ResT-UNet 4 mloU i A % 45 55
H81.94%, HtE— LK UE T H R mMMERE. 7
DeepGlobe 544 I, ResT-UNet [RIFEEILH T 4
IPERE. 5 HAL T EEM L, ResT-UNet 7€ OA. F,.
loU LA J¢ mloU &5 4845 b4 HUE T8 E AR5 . X
— B HHIE T ResT-UNet 718 BEHEUT 55 A 2 E RN
Pk

T BV LA [RIABETR fy 3 BB ORISR, AR S

& 3 RF) M85 IRE R LA (Massachusetts)

Table 3 Comparison of road extraction results from different

networks (Massachusetts)

TEH T8 4> DeepLabV3+, U-Net, ResUNet, DDUNet,
D-LinkNet, U’-Net FiI MINet [% 24550 () Sy 45 LA
mE 9. 10 for.,

I 9 FTEL 10 HAbm i AL EAE X AT DA
ResT-UNet [ 26 FlHAth ] 2% 73 B 9 25 AR L, ResT-
UNet W 4% %% iy °F- % , i DeepLabV3+, U-Net,
ResUNet, DDUNet, D-LinkNet, U’-Net F1 MINet [
2805y BN G B RRS . s AL n g SR E v a]
DI, AERAGE R, A< SCHR 9 777 ResT-
UNet [ 48 B H At 0 £ 43 0K B2 D] S A5 31 1 — 2 i 4
Fto Mot ResUNet W45 7E 42 BUE [t J5 1 F, Fil IoU &
M2, ERBERE. X TACH B ResT-
UNet [ £ 452 705 18 %4 O AT HH 9038 % i 2% 5 HIAS
ML, WIS DU AR AT,
ResT-UNet M £850 5o 8 i $2 HUE B 5 EL .

725 it TORRI AR I ZRms ], 7S 5 AT

k4 KRB R %E %R R bik (DeepGlobe)

Table 4 Comparison of road extraction results from different

networks (DeepGlobe)

Method OA/% Fil% loU/% mloU/% Method OA/% Fil% 1oU/% mloU/%
U-Net 97.71 87.46 62.37 80.01 U-Net 97.07 86.12 61.98 79.82
DDUNet 97.62 87.13 61.67 79.63 DDUNet 97.23 86.87 62.18 80.12
ResUNet 97.72 87.88 62.43 80.16 ResUNet 97.11 86.28 62.10 79.97
DeeplLabV3+ 97.62 87.48 61.62 79.71 DeeplLabV3+ 96.13 85.84 61.02 78.94
D-LinkNet 97.83 87.91 63.11 80.83 D-LinkNet 97.52 86.57 63.07 80.76
U?-Net 97.65 87.16 61.85 79.65 U-Net 97.43 86.18 62.84 80.56
MINet 97.88 88.10 63.34 80.37 MINet 97.48 86.88 62.71 80.41
ResT-UNet 98.09 88.83 64.76 81.94 ResT-UNet 98.05 88.01 64.45 81.35

\ \
\.

AL

: y Y ]
I
2N N AN AN N

ResUNet

1oy

U-Net DeeplLabv3+ D-LinkNet

1

DDU-Net U%-Net MiNet ResT-Unet

B9 FREAA #ERRIRFR A (Massachusetts)

Fig. 9 Road extraction results of different models (Massachusetts)
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U-Net DeepLabv3+ D-LinkNet ResUNet  DDU-Net U?-Net MINet ResT-Unet
B 10 FRARA #8544 A (DeepGlobe)
Fig. 10 Road extraction results of different models (DeepGlobe)
A5 ARIFHGIRE

Table 5 Complexity of different algorithms
Algorithm U-Net DeeplLabv3+ D-LinkNet ResUNet U*Net DDUNet MINet ResT-UNet
FLOPs/M 25947.00 26474.89 120408.56 41837.93 157679.07 77489.09 384409.60 54994.39
Params/M 24.73 5.83 213.87 22.60 4417 65.84 47.56 51.13
Latency/s 3.78 3.49 4.79 3.71 5.00 413 6.45 3.57

DI s AR ) M4 FAAE T SN0 (FLOPs) 5 4

R AEAE 22 5. FLOPs {8 5B T By AE BT
TR TR T, B R RN TR AR
Ko EX LT MINet 1) FLOPs {f i 55, k3
T 384409.6 MFLOPS, 3B HI T35 52 24 B AH X4 /= o
1fii U2-Net il D-LinkNett ) FLOPs {43524 157679.07
MFLOPS #il 120408.56 MFLOPS, 31 T 4% & /K F .
2 F, U-Net, DeepLabv3+# ResUNet ) FLOPs
EALAS, VERATTA G 22 AR ALK . BR TR 2%
Hi, RGN T B S HE R (Params) FIER
Bf ] (Latency). ZSECECE R TR BRI A RILEE, T
FEIR ] A i T R P TR . NS R,
D-LinkNet ) 288 & 2, H% T 21387 M, i
DeepLabv3+1 S5 i /b, (A 5.83 M. fEIER
IR ST, A5 AR A BRI [ A 25 R K, Hirp MINet
MSEIR B A 52 1, M 6.45 s, T DeepLabv3+4il ResT-
UNet [ ZE 3R IF AL A X8, 4390k 3.49 s F1 3.57 s
ResT-UNet fE A SO 07k, R R 4% I
FRIRLF, FLOPs {HNA THaAKF, [RliF S 408kat il
FEIR TR AHXT B . iX Fe W] ResT-UNet 7EARFFES
THRRCRA RS, A RE6E A R TR R R R T
W, HARE RS AR RE R I

A CAE U-Net 2 fg i 3k b, $2h T 45 &
ResNeSt 122 RUEERFER G 1918 B2 A50HE BR R IUT 5
12 W 25 38 1 1% 11 #9 24 fF——ResNeSt block . Triplet
Attention L DA & Transition &, &AL T miDds
BtERE. ERTM S, ResNeSt block 1 FH 43 2H AL il
AR, ARERTE T T S ARG
i1 5 70 BB 08 TR N\ B A TR b A G B REAE o Triplet
Attention AL D38 14 1 2R A5 OCHEE 80T Z 0% o e 4t
A7, PR T RIRORTRE . LAh, Transition
E DGR ER USSR S A, AR08 T 7R
TEREAE R PR B B BTG . TEGmAS a5 %R 2
[P A, ASCHIA T ZRIERHERL GBI, %
BERBRIE PO Aok A AR R BB B fE B, M
T3 5 DO £ % 1 B 4 39 M Sl die ey o X —ixit
{75 ResT-UNet 7 $2 HiUiH HA5 B 5 4= 1 5403,
SLERARERY], ASCER ) ResT-UNet 254514 HAY
FUFR A FIROR , SRR S B ek . Kok,
T — 2P0 AL B PR U B g, DL o
ZREAI SR 52 R 1B BR A5 . [FIEE, ol AT
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SR AP RE S
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Remote sensing image road extraction by
integrating ResNeSt and multi-scale
feature fusion

Hao Ming *, Bai He, Xu Tingting
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Remote sensing image road extraction by integrating resnest and multi-scale feature fusion

Overview: Road extraction from high-resolution remote sensing imagery is critical for applications like urban
planning, autonomous driving, and road network updates. However, challenges such as discontinuous road edges, low
accuracy in small road feature segmentation, and misclassification remain. This paper proposes ResT-UNet, a novel
method that integrates the ResNeSt network and multi-scale feature fusion to address these challenges and improve road
extraction accuracy. The main objective of this study is to enhance road extraction performance by improving feature
extraction and preserving road details. The ResT-UNet architecture builds upon the U-Net model, which is widely used
in semantic segmentation. The first modification replaces U-Net's initial convolution layer with a ResNeSt block, which
enhances feature extraction and ensures smoother road edge segmentation. Additionally, a triplet attention mechanism
is introduced in the encoder to suppress irrelevant features and focus on key road-related information, improving the
capture of fine road details by strengthening spatial and channel relationships. Furthermore, ResT-UNet replaces max
pooling with convolutional blocks to retain more spatial information, reducing road feature loss. A multi-scale feature
fusion (MSFF) module is added between the encoder and decoder, enabling the network to capture long-range
dependencies and multi-scale features. This fusion of features from different scales improves road detection in complex
environments. The method was evaluated on the Massachusetts Roads and DeepGlobe datasets. Experimental results
showed that ResT-UNet outperformed the MINet model, achieving intersection over union (IoU) scores of 64.76% and
64.45%, respectively, representing improvements of 1.42% and 1.74%. These results confirm that ResT-UNet
significantly enhances road extraction accuracy, especially in handling complex road boundaries and small-scale
features. In conclusion, ResT-UNet offers an effective solution for road extraction from remote sensing imagery, with
improved segmentation accuracy. The integration of the ResNeSt block, triplet attention, and multi-scale feature fusion
significantly enhances road detection, making the model suitable for applications in autonomous driving, urban
planning, and geographic information systems. Future work will focus on further optimization and application to more
complex datasets.
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