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Abstract: To address the challenges of weak connectivity, subtle branch omission, and topological incon-
sistency between predicted and real road networks in optical remote sensing image road extraction, this pa-
per proposed a road extraction network with directional guidance and topological awareness. First, the
multi-path directional guidance module was designed to model multi-directional connectivity relationships.
By decoupling and independently learning connectivity features across distinct directions, this module en-
hanced inter-branch linkages and improved segmentation continuity. Second, the full granular complemen-

tary feature guidance module integrated fine-grained and coarse-grained features, reinforcing both road de-
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tails and semantic representations to strengthen the network’s capability in capturing subtle branches. Fi-
nally, a topological awareness function was introduced to quantify geometric structural discrepancies from
a topological perspective, thereby constraining the topological consistency between predicted and real road
networks. The proposed model achieves F1 scores of 81.95% and 79. 98% on the DeepGlobe and Massa-
chusetts datasets, outperforming the state-of-the-art methods by 0.73% and 1.5%, respectively. The
ToU metrics reach 69.35% and 66.38% , with improvements of 0.98% and 0.66% over existing bench-
marks. Experimental results demonstrate that RDTA-Net significantly surpasses mainstream methods in
both road extraction accuracy and completeness. Furthermore, it exhibits robust performance in complex
scenarios involving occlusions, noise, and illumination variations.

Key words: road extraction; connectivity; directional guidance; full granular feature fusion; topology
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Tab.1 Reasoning about road connectivity
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Tab.3 Calculation process of TALoss
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M RZHETEE , PDL NN 7% 2505 B PDy
TR BT A R K SR SR S S R N R Y R
BE LA Lin( PDY, PDS )R/

R, AR SO O 48 5 1 48 47 K A4S 2] Ly,
EREACIPEE /N SR iR TR A T O 74}
FNVEE R Y BURRE . BRSNS

L= L% + L. (14)

e KB AN FI IR K Ly, W BE A 0038
SRR Lyce 5 #FMBR Loy, 8 9 45 76 90 F1 45
PE DL B A% 2R B P Oy A 2 0L 240, A SR R
Oy BB ANERTE . B E R

Ln=Lycr + Lyp. (15)

2.5 HHIERRAEER

i 2R B TR D, m AR R mIDERE m
Z,me(1,2,3,4,5). A& A B FGC &
B A i ORI RT — A A 0 2 e R R AT — B B
4 I P13 g L SR R R o R A RS 5
B, B B U — B IE 2R BT Y Ak
B, 5 4k B E B T AME B TR AR X
it T g A B ) SRR A T

TEFM AR SO R AEE D, Dy, Dy, D, il 3
LREEAMEBIREREEYS D, RSN S HRY
T AR, B X R AE T il S AT R RRERAE L
B 35X 3 1 A48 B 3R AR $5 2 1) 10U 38 22 % 1 o

3 XBRLERH,N

3.1 HESE

AR SCA# ] DeepGlobe 5 Massachusetts 1% /&%
T I A B O B0 I T B S A HE SR A M BE . Deep-
Globe ¥4 4 W4 [ 48 1 BB Je VG 0 FEp JEE 4%
K 11 8 570 5K & AR , 195K 18 B AR 1 R
91024 X 1024, Hzs [0 53 B2 K 0. 5 m/pixel, 3
W56 2 220 km” MBI R . A AR RF ST AR SC
i 1 6 226 5K b i R AE S 52 50 B0 48, 06 I
K143 Sk 4 696 5K B 1 Y11 25 46 R 1 530 ik B Y
WA, 8 B A SR BT o 512X 512 1 Rt
Massachusetts 205 4 40 & 1 108 5k Yl Zk E 1% L 14
5K 56 I FAR R 49 3k 3 B 5, v g sk R R ST
J91 500X 1 500 H 25 [8] 43 %4 1 m/pixel, 23
T 2600 km” 4 M AR . AR SCHE 3 T R UG B
B A AR, A5 2R SE R 1536 <1 536 1 52

8985 ¥ A BHR R 3T 2 512X 512 I RT
3.2 EHIEMR

Xf T I8 P AT 55 R 4 S PE A 48 Aok
PEAR LAY A PEGE , 91 0 M 5 32 (Precision) 49 [a] %
(Recall) \F {H (F1-score) 54 H L (ToU) . ¥4iB
B E SO IEREA 35 50E U TFEAR . B8R
i o 1R VA A B R AT IS, ek TP, FNLFP, TN
B SCAN 3% 4 TR

x4 RBER
Tab.4 Confusion matrix
FEAR OO Sy 3 B T Sy 1 5
FLSLIE TP FN
LS 5 FP TN

Precision & 7 Tl 38 B A5 28 v 71 52 18 6 1Y
Fo ] o Recall 367 B 528 B8 3R 9 1 6 B0 1) L
] . Fl-score J& —Fh £k & PEFR bR , B SR HEf
5 H MR ToU R B B ER RN
TN g5 R 5 AR 2 (R A AR AR BE . R R AR

Precision— 1 (16)
recision =
TP
Recall = ——, 17
TP RN (17)
Fooscore — 2 X Precision X Recall
Lmcore Precision + Recall
2 X TP
, (18)
2X TP+ FN—+ FP
oU———1° (19)
T TP+ FP+FN

AN, R T WG UE T Al oss XT38 B 4 F5 1)
LM A SCRE G SCHR R TE A 3 R AN 1
B, AL 46 Betti X 8, 5 8, B 46 % Betti 1% 2% (1) F- 1
{8, 5 705 000 B ) 55 LS B I B AR 25 5L 80
By BR8N AR SR TR0 5 S ) b — Btk
A
3.3 IWigE

AT AT SE 5 ¥ A NVIDIA GeForce
RTX 2080 Ti F #17 , ¥ B 2% >J HE B2 % JH Py-
torch 1. 10. 2 56 MU AU AG U 25 50k . 72 M
25N 2kt B b, & Il 2k 2 4K batch _size iy 8,
epoch ¥ ¥ iy 200 & , Wl 4 % > F 5 X 107,
fit I AdamW It 1k &% #F 17 ™ 28 00 4k, JF R T4
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5% 0B KO o o) RO IR WG . Ol R e BB 2
FEBE 1, A SCHE R BE AL B 5% KT B0 5% | Bl L E
B OXE LG BE UM R DL K v B AR A KR BE 4 o
7 o
3.4 RWHERSW
3.4.1 o # DeepGlobe ifl 35 # 3 5 32 R

7t DeepGlobe £4in 5 b, A SCXF [y A 4%
FCN'™ | SegNet” , U-Net” , D-LinkNet'"” ,
PSPNet™ , RADANet™ , CoANet'™ , SDU-
Net' ', BDTNet"™ , CR-HR-RoadNet*', SASwin
Transformer™, CFRNet"*

ST E VEVEAR 25 SR AN 7 R o SRHESE
715 Wy S8 5 3 [ T A DX 88, 21 HE 48 7 43 B RO 48
XAk, 25 FRH, RDTA-Net £ i#% W £ B 7
TR RO . AR — (ATLLHRE D i T
% 55 T 22 45 H )RR AR AR AL, G At T 1 B 5t e A A
43 32,1 RDTA-Net 3@ i FGC B R £ &
P38 BERRAE F 3K, S T SR R AR OSOR . A
=47+, FCN, SegNet 45 J5 1k R oA 1 5 3 I % 36
P, S EIT BB 5] A MDG B | 15 5 X iE
5% 5 1) SRR A R ST T SRR . R
T AR Z U gk T HoAh 5 s th 3™ 4k
FNEE I, T T ALoss 34 58 1 B 786 1 Fb 25 14 7 ek

FCN

Ground truth

Image SegNet

U-Net

HURE Ty, IR BB IS o 5 HAT
D] ) S AR S TR VA L X L v BT S R A
43, RDTA-Net 758 XF Ot 2 18 Jf v 4815 1 B4 J%
HIRE T AT AR B TR B o SR, FESE AT R
SEIAT L IE B AL T A Rk X 2, B g
REAE 55 5] Bl T s T 22 5 B A, 5 B4R SC P
I 245 KRB PR 01 S AE DX Sl v 7 52 S B, i R T A
MG BRI REMBAEZH = TRA
R4 iy 32 BRE 77 (B 75 28 O st TR R i &
B X AP AEAE — & R BR o 5 22 ] 45 6 TR 4 1Y)
DG DX A3 R AR 5 TR B A5 B — 20 $ A B A
1 4] 1) e

X £ T AT m AT A R R SR . AR
J7 ¥ 7 Precision, Recall, F1-score #ll IoU 1§ #5 43
51 2 80. 69% ,83.26% ,81.95% F169.35% . #H
BT HA e 3 7 vk AR SCHR R 0 O R AE A L
F1-score fl ToU 3k 1% & = 19 53 %8 . BDTNet id i
T 3205 R 40 T 5 s R DR 455 5 1) 58 R el 7
1 % 3R A% e @ 9 43 8. RDTA-Net 8 & T3
% 1 % LM S NS A PR ot A TR 3 i T
BDTNet, 3 B A SC Y J5 3 6 T 54 3% 9 04 T 4
L4/ . RDTA-Net (i Fl-score 55 ToU 43 5

o

FRAE 71 0.73% 50.98% .

Nl A
Wﬁ
I&.‘ |&-‘

D-LinkNet PSPNet SDUNet RDTA-Net

517 DeepGlobe $ i 4 4 R 5% 5 14 1 % 4 M 25 R

Fig.7 Road extraction results of various models in DeepGlobe dataset
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Tab.5 Quantitative evaluation results on the DeepGlobe

dataset (%)
Methods Precision Recall Fl-score IoU
FCN 70.53 73.65 72.06 56.32
SegNet 69.60 78.17 73.64 58.28
U-Net 72.70 77.66 75.10 60.12
PSPNet 66.27 79.48 72.28 56.47
D-LinkNet 74.64 80.03 77.24 64.55
SDUNet 78.40 74.20 79.40 66.80
RADANet / / 73.67 /
CoANet / / 81.22 68.37
BDTNet 84.18 76.77 80.30 67.09

CR-HR-RoadNet 76.47 77.12 76.79 62.33
SASwin Transformer  80.97  77.56 79.23 65.60

CFRNet 81.03 79.77 80.40 67.22
RDTA-Net 80.69 83.26 81.95 69.35
3. 4.2 ¥ Massachusetts 8 B H £ £ 34 £

Massachusetts 098 4 I, A SCH X 7 k4
i FCN"', SegNet”*, U-Net'” , D-LinkNet" ,
PSPNet” , SDUNet® , CR-HR-RoadNet"
SASwin Transformer ™, CADUNet"™',SGCN"*,
DDU-Net ™', CRAENet“", D-FusionNet ',

FCN SegNet

85 7 8 P VEAR 25 B an 8 TR (R I WL 1
TR FRR) o SR AE $5 7% I 24 55 30 8% T 4 X3,
ZIMEHR /R o0 FI R R B T K 8k, 25 — AT % %
AR A T8 4 1T 9 UL I, LA A TR X T JE A P A
AAE, T 8000 F I N B B TR A R A O
RDTA-Netifi i FGC 5 Heb i 8k B 5 b B iR
AR B R AR R AT Ok 7E B 22 BB TR R A
AR B A0 S 5 45 = 88 = AT RN L O i M
DL T 6 (0 S 450 . T Al oss il i He 45 15
% 19X 5 B ST B T A D 22 S, DT A B A O A 1Y
T P A, {H7E SRAE DX S8 b (1) 5 B 25 0 2 2% AN
WA SO VA R RE e B PR B B . X SRR
Bl TALoss fE 2835 F e o % IR FHHEBKIE SR
HEHLRE 7, AH AR TE A IR BT TR AL A5 2 AR
X 38k ISP A3 47 76 BV X, JiT 22 0T 45 4 W8 43 P R 4
fiE 38 5 ML B8 22 U545 S Rl G SR w3 — 2D 4 T
R L B DUATZLHE TR, O [R] DX 8 A
A LR 3 5 2, 0 AR TR A JER R T [ 5 T 4G
4 B A7 A Jmy PR P o Bl 100 000 5% 0 32 o P S A, T
PSR L 3 T R 5T TE I ) 22 ) 2 38 6 FR, DT 4
B % 2 P 6 000 5 55 AT 3 I b M R YL X e
J5 ¥ ME LA RCHE BUE B% R AE , RDTA-Net R 42 4
L FBE T M B IR A 4N ) T AR, 40 B

D-LinkNet PSPNet SDUNet RDTA-Net

8 Massachusetts F 35 4 45 15 80 1% 18 [ 42 B 2 1

Fig. 8 Road extraction results of each model in Massachusetts datase
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1Y 5 8 B2 AL T HoAth 7 5

FE B PEAN 45 R A% 6 ff R . RDTA-Net 18
Precision, Recall, Fl-score 5 IoU I 43 5l i 3|
79.91%,80.05% ,79.98% F166. 38% , I 7 A [l
2 FUHAM IoU I 3R Al 5%, 7 3 7E Recall
febr B0 T Je Al LB A 2. 57 %, R W] RDTA-

% 6 Massachusetts {IEENEEITHER

Tab. 6 Quantitative evaluation results on the Massachu-

setts dataset (%)
Methods Precision Recall Fl-score IoU
FCN 68.52 68.94 68.73 52.16
SegNet 74.33 77.14 75.71 60.32
U-Net 75.81 78.73 77.24 62.54
PSPNet 75.92  77.33 76.61 61.49
D-LinkNet 76.99  78.22 77.60 63.45

CR-HR-RoadNet 80.34 76.15 78.19 64.19
SASwin Transformer 80.02  77.65 78.82 65.04
=
>

CADUNet 79.45 76.55 77.89 64.12
SGCN 84.82 73.91 78.99 65.28
DDU-Net 82.54 73.99 78.03 63.98
CRAENet 81.21 77.48 78.48 65.72
D-FusionNet / / 78.11 64.08
RDTA-Net 79.91  80.05 79.98 66.38

Model 1

Ground truth

Model 2

Net % fth 41 19 18 B% 45 14 B A 045 09 85 7, 43 %1
W S PE TR . FUE A ToU 38 dr L 43 514
TRAAETEL 5% 50.66%,
3.4.3 HmEih HH

kg 3 0 I HR AR 5 R i A M TE Deep-
Globe 5 Massachusetts £ 4l 45 & FF J& I filt 55 5% o
Baseline J& i A Wi Il 2k ResNet34 1) %74 U JE
HLoa BACH TALosse Modell 4 Baseline,
Model2 % 7~ % F Baseline %% il MDG ; Model3 3
7N 3 T Baseline s Il FGC; Modeld 3 78 £ T
Baseline [A] if %5 i1 MDG fll FGC ; Model5 2 7w &
F Modeld BRI L 14

w9 B s, wE AT RS AT 200 R T
DeepGlobe 5 Massachusetts £ $i 45 I 74 fil 52 55
AT AL 25 R o AR5 — AT 20 HE A Modell 1 73 %1
% PR 7 ) T B T A B S 3 T S R
) . Model2 £LHE P, MDG [ % A 3051 545
R I 8% 3% 122 0C F 0y 0T, T 25 4 v IR0 g% R A
B YE FGC WG] A — 2082 T 1 73 % 58 Bk
JIG By 4 SR 8 0 B OB 4 B B s Model4 [R] Bk
MDG 5 FGC, 38 7 4 2 18 i 1% 3 45 14 RS fiF
Ik, RO 4 e I R R B BOROR 7R e B Rl b
Model5 i i3 5] A TALoss, {# % 2% 28 £5 T 38 % 1Y)

Model 3 Model 4

PO s o T R A 45 2R

Fig.9 Visualization results of ablation experiment
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JUIIE A, 1025 2 fm B AR 0T 30 145 52 1 BURR E
AT HHE B A TE B 1 0 AR A o B AT A BRI
A AR JUAT B 25 FE U AN Lo Ji 0 26 K5 HE 1R 52
IE B AN SR . B AT LLAE B, MDG B
FIAWEBCE R RBLAR . S AT ZOHE K, FGC
|5 0 28 O T ASORY 1 3 (8 R, AT A4 b 0 ) PR B
TR IT G2 1 T I A0 Gy S st e 1) R (R LD
TR o

DeepGlobe 4 48 1 7€ £ 43 Hr 45 R & 7 o

7N » Modell 7F Precision, Recall, F1-score #1 IoU
& kx4 9 Sk 75.08%, 79.11%, 77.04% 5
63.08% ; 1E ¥ it MDG % ¥ J , 48 b5 43 ) $2 &5
1.59%,1.11%,1. 36% 5 2. 2% ; i I FGC Lk
L DU SRR ) ETF2.10%,0.71%,1.44% 5
2.28% ; Model4 # # T Modell 4§ 45 43 51 #2 &
3.75%, 2.42%, 3.12% HI 3.96% ; Model5 5
Modell A It 4§ 5 4 %l 4% & 5.61%, 4.15%,
4.91%,6.27%.

%7 DeepGlobe il gisLId &5 R

Tab.7 DeepGlobe ablation experiment results

Model Baseline MDG FGC Lycr Lia Precision/ % Recall/%  Fl-score/% 1oU/%
Modell NG NG 75.08 79.11 77.04 63.08
Model2 NG NG NG 76.67 80. 22 78. 40 65. 28
Model3 NG NG N 77.18 79. 82 78.48 65. 36
Model4 NG N NG N/ 78.83 81.53 80. 16 67.04
Model5 NG N/ NG NG 80. 69 83.26 81.95 69. 35
Massachusetts £ ##i 45 1 & &t 70 B 45 8 n 5% 7 2.69%,0.51%,1.63% H12.61% ; Model5 5

8 fr 7/~ o Modell 7 Precision, Recall, F1-score il
ToU #5543 5 B 45 76. 11%,79.03% ,77. 54 % LA
K 63.18% 5 #£ U5 il MDG Ji 1§ 5 43 3 & Ft
1.12%,0.39%,0.77% F 1.08% ; i M FGC J&
& bR 4y 9 # B 1.51%, 0.09%, 0.82% Fi
1. 15% ; Model4 4 F Modell, P44~ 48 ¥ 43 5] $2

Modell A [ , 48 5 40 5 & % 3.8%, 1.02%,
2.44%,3.2%,

ZE BT IR Rl S G 25 R T oy R T PR AR
el AR T B B O AR R B 4 I B
b Y 4R BOBOR |, 2 3 RDT A-Net 16/ 2 3% BGHE
B4R BT 55 b HLAE R A R P S R

%8 Massachusetts JH RS IG 45 R

Tab.8 Massachusetts ablation experiment results

Model Baseline MDG FGC Lyce L Precision/ % Recall/%  Fl-score/% 1oU/%
Modell NG N/ 76.11 79.03 77.54 63.18
Model2 NG N/ N 77.23 79. 42 78.31 64.26
Model3 NG NG N 77.62 79.12 78.36 64.33
Modeld N NG NG N 78. 80 79. 54 79.17 65.79
Model5 NG NG NG N 79.91 80. 05 79.98 66. 38

3.5 MK EREXTLL XL

Y HE— B 3F T ALoss XT i 8% ¥ M ) 2
0, A SCAE DeepGlobe BOHE 8 1 347 1 40 19 %6 L
SRS o Luer N 038 U K, clDice ™ Ry #1 4h
ARRUPE B i, Loy A SCHY TALosso

E AT EE R AR 9 iR o #E U-Net L H
Ly, Precision, Recall, F 1-score Fil IoU $§ 45 ( F 3¢
f] Bk R o 48 A5 ) 43 Wil Sl 72.70%, 77.66%,
75.10% 5 60.12% , # M3 ¥ po 5 B 53 0 HUAT

1. 274 F1 1. 143 W9 22 s clDice 5 Lyep M HL AT E1 48
Br ETFF0.86%,0.83%,0.85% 5 0.95%, 8,5 53,
A3 T 0,091 45 0. 0583 3K I Lya B 43 B 46 bR
PR 1.65%,1.72%,1.69% 52.20% .53, 5 8. 4%
IR 0.197 5 0. 201, RDTA-Net 2R H Ly i,
43 B 48 bR 2 ) N 78.83%,81.53%,80.16% 5
67.04% 8,5 8,43 HiE%] 0. 708 5 0. 6915 K cl-
Dice i 43 #1486 b5 43 51 17+ 0. 86%,0. 83%,0.85%
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50.95% .05 B 43 8V 0. 065 5 0. 074 ; FH 4K
F Lyce, R Lo B 53 F1 48 b5 2 5142 55 1. 86 %0,
1.73%,1.79% 5 2. 32% , I WA e £ 8, B0 5
Loy A 0. 167 5 0. 11, BUS B AR HR Fh iR 22 18

TIN5 BB D — B R o W Lo ER
1B, RDTA-Net 5 U-Net # t , PUAN 43 #1458 b
43 M 4R 6.34%,3.88%,5.16%, 5 7.03%, Al
I 30 5 B IR 22 EREAR 0. 536 F10. 361,

R AR T HE BRI R0

Tab.9 Impact of different loss functions on road extraction
Methods Loss Precision/ % Recall/ % F1l-score/ % IoU/% Bo error B3, error
Lyce 70.53 73.65 72.06 56.32 1.816 1.738
FCN clDice 71.21 74.30 72.72 56.96 1.715 1.639
Lya 72.14 75.74 73.90 58. 60 1.522 1.396
Lyce 69. 60 78.17 73.64 58.28 1.584 1.483
SegNet clDice 70.13 78.82 74.22 58.69 1.489 1.317
Lya 70.92 79.25 74.85 59. 26 1.329 1.218
Lyce 72.70 77.66 75.10 60.12 1.274 1.143
U-Net clDice 73.56 78.49 75.95 61.07 1.183 1. 085
Lya 74.35 79.38 76.79 62.32 1.077 0.942
Lyce 66.27 79.48 72.28 56.47 1.764 1.681
PSPNet cIDice 67.06 79.93 72.93 57.43 1.692 1.590
Ly 68.22 80.52 73.86 58.96 1.451 1. 264
Lk 78.83 81.53 80. 16 67.04 0.708 0.691
RDTA-Net clDice 79.28 82.37 80. 80 67.85 0.643 0.617
Lya 80.69 83.26 81.95 69. 35 0.541 0.581

9 55 3E T ALoss 78 52 bR Il 2k b (9 AT 47 P, A<
2 #E RDTA-Net b %F [t T BCE, clDice Hl
TALoss [ 88 5 35820 . il Of 55 50 2 F
PR, BT A SE e B E AR R i AR ST 5 S 80 & R i
T, 85 RNEK 10 s . SLE 45 REV] ¥ BCEAE
AR B 2% 5s A7 )R] iy 0,226 s, ToU BTG
67.04% ;clDice 51 ATE 25 B JL A9 AH DL M i o, 48
Fh A AL X il £& 45 H Y R ), i ToU 48 St
0.81% ,H thy F 75 & S 42 B H I 5 0 503 42 i
A R HE 0. 053 s, HL B 4 B AN 1 52 1 24
W ENE L2 R, TALoss % T #5745 [R] 4 2
W, DR D27 A B A o T 5 S I Y 4 P

F10 HmEBHITERAITLE

Tab.10 Time consuming comparison of loss function cal-

culation
Methods Loss IoU/%  Training time/s
RDTA-Net BCE 67.04 0.226
RDTA-Net clDice 67.85 0.279
RDTA-Net TALoss 69. 35 0. 305

AR KR HE T4 F0 I 0 30 40 OE P 5K
THEFERT 3 0. 079 s, H ToU 48 /& 1. 50% , DL W&
R BT ST B Aok T SR 0 FFNEA T, R B
e S5 1 S s o2 FH VS

L5 TR, SR Loy AT S 35 398 500 I 26 Xof 38 %
TE 25 B F FINEAT T, A8 I 4% B G T T O 2 3 JEGE
% 1 il 4R 1 O BZE AR R UHE M S T
A7 T B A P R 29 AR, SE BT N
T 25 (RS 4 2
3.6 BTSN

K10 R 1 127 2] R 5 ik i R/ 47— 3
(R 2% 14 TR S [R) ARG 28 X6 B R0 1 B A B i) o 4%
£ W, AdamW 1t b %% & B & £, ToU ik %
69.35% ; H- ¥k o Adam it fk % ToU 2k 69.02% ,
Nadam ;16 #% ToU & 68. 85% , SGD 4k % 57 5]
)5, ToU A # 68.53% o SGD R J [ 22 2 2] %K.,
FE B U /NI B BT i 6) T £ A R AT R B R AR
YI 5400 300 05 40 8 e e, L 4 30T Jey 3 e A Mt 15t )
PR A, S ECE R M R4R T2 BR . Nadam 1k
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70, 3.7 BEZAEIWESH
s === e~ SRy B UE JUT 4 I 2% 2 Ak Pk, A SCHE SpaceNet 5
Rl ZZandl CHNG6-CUG 3 838 B0 4 1 7 J T 340 1 %o
%60_ 4 bb 52 56 55 6 B PR 43 BT 9F 7 CHNG-CUG % 42
) : SGD T o A 5 A R 0 1)
55 Cnamw| CORE R (R T M L A
50 : e SIE T 452 90 24 4 52 B 87 o B 52 45 1k 1035 I i
Iterations/(x10%) J3 o WAL Y 1 5 fE Massachusetts ﬁf%ﬂll %
110 A [l fIE Al X A5S 700 4% E 119 52 1 B B A A5 5 S AT IR, e et 5 1R 2 R

Fig. 10 Influence of different optimizers on model perfor-

mance

fr ft it T Nesterov I , 75 Y 2k 40 399 i S5 i 1 452
PR EL DR X A6 J3E MR R A UK, T B IR R R
U R IATEE o Adam AR AL &% AY ToU %
PREG D b T), B A0 309 09 i e B, (8GR A O
7 o MU — 5 TR T T UNGRACR  E N k=
b 57 B ASCEE R D IO, 5 L I U A6 T T A A R BR
o AHEEZ T, AdamW 51 A ST 9 FCEE 5 8 HL
] (AR R o A TENARS R o ) A E JR AT R
o3 B X b S 2R AL 55 B, Adam W RE 5 A 25 2%
figp 3o U0 I DR R AL A DA e AR A S v
BAs 7L rEnE .

LRI 24 rh ,EU”%E%'@U‘]‘JH&EEX&?‘EH@
A I AR | A5 ] Gy B R AR 5 T A AE 3
5o Bk UL, YR B2 R4 H 6 R g
ML T 3R X DL R AR A 2 R g 5L A5 18] g
¥k 1 m/pixel; SpaceNet 32 55 3% 0, & 2L |
o 1r 4t n 07 i R BB U S O (R T 2 ]
Iy WEF N 0.3 m/pixel; CHNG6-CUG M 28 54 4 1
b B BRI A U DL ORI A A
KR 22 R ARCR R B T, A ) o PR R
0.5 m/pixel,

25 1AL (1Y 3 B B H A R K 11 (a) 5K 11
(b) 7 o £LAE DX I8l A7 78 ™ B ) A w5 O 1, AT
RDTA-Net #Eff #E 21 1 B 008 4 09 2% B, IR R 7 R

FCN

Ground truth N
(a) SpaceNet£{ i 5 & LAY i) 1 R HR N AE SR

(a) Road extraction results of various models in SpaceNet dataset

Image

Occlusion

Ground truth

N s s '
e - - ~ 5
g ~ -
P . N
oy,

SegNet U-Net D-LinkNet RDTA-Net

SegNet U-Net D-LinkNet RDTA-Net

(b) CHNé-CUG;HE%%ffi*F” HIE B RS R
(b) Road extraction results of various models in CHN6-CUG dataset
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(c) Road visualization results in complex environments

Image-I

E 11
Fig. 11

U7 1) 3% 3 3R WD i B R 0T TE (F 25 R 1) S A g
JI R, TE O 2 18 IR AR h EL A T A 3 PR
CASKIR R T
BB T B A Ak a5 R A& 11 (o) Frw
Hop Image-1 R 728 B+ 0 )5 19 1& BSE AR, U-
Net-1 5 RDTA-Net-1 % 7 % I 148 J5 19 85 74 43
FIGE . ATPAT MRS AR TR PIAT O IR
AR o AEMEFE LR T S A A 2 Y B 1Y)
Bl &, H 5 B I LR 25 22 R 8N

U-Net U-Net-I RDTA-Net RDTA-Net-1

Z AP 4G

Generalization test results

P2 RRAR AL ZR 0 R, B 0 3% 5l AL 5, LT IR
W4, XU, RDTA-Net e 20 %2
RGBT 1Y B2 A R AR B R B AR IO T
1 1 R A 1

&Y T e T A R R 11 TR .
RDTA-Net 76 3 £ . M 75 DL KO 48 2 22 A5
T, MR D B Y B R R AR M S R T
P71 AE L 2% 18 B B BRI S5 P iz Ak

ok
He JJ o

F11 AEFETHEELE SN
Tab. 11 Quantitative experimental analysis in different scenarios (%)

Methods R B WE R T Je iR
F1l-score IoU F1-score IoU Fl-score IoU
FCN 62. 25 48. 83 61.14 47.26 61.22 48. 07
SegNet 67.19 54.41 66.23 54.03 65. 69 53.82
U-Net 68.91 55.02 67.68 54.87 67.34 54.71
D-LinkNet 71.51 57.17 71.25 56. 54 70.61 55.58
RDTA-Net 73.42 61.63 72.86 60. 38 72.47 60. 26

3.8 E&MEHaH
T B 3E RDTA-Net A 0, A S i 2
B & (Params/M) 5 7% 5 18 B IR (FLOPs/G)

3 9l DFA 55 A0 245 R] I [R) A2 2% B Rl ik FPS Y
Yk} 8] (Training time/s) ¥ 101 48 A5 10 AL AR 7Y 32 17
RO B PR AL AT % B LA P i A AR
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R A RSE X S50k B ¥R . SRR E
ZBE A Rk 12 i /R o RDTA-Net 5 U-
Net #f o, H: 2 B . FLOPs 5 Il 4 I 18] 15 #5 23
WA 16,22 M,43.87 G5 0. 11 s, R A S
Y4 52 2 B 55 B (] A W& A 38 , (B R 0 TR AL
S I B 3 B PEfE s #H 4 T SDUNet, RDTA-Net
1S5  FLOPs 5l 2Rt 8] _F 23 5008 20> 32. 98
M, 119.82 G 5 0. 157 s, 3R WIA Jy i 78 52 i My
1 E AV ER R E IR R A E i & B
HEARME A8 . 25 EriR ,RDTA-Net 76 & 3
T SO Y R R B Y A DL Y A T
T A2 T S BR RFH AR AR B R oK R UE T AR
2 18 TR B R IR Y R P RE

R12 ERESN
Tab.12 Complexity Analysis

Methods Params FLOPs FPS Training time
FCN 15.31 80. 47 85 0.156
SegNet 18.82 97.11 78 0.173
U-Net 31.04 150.85 64 0.195
PSPNet 53.32  218.61 31 0.379
D-LinkNet 31.1 157.99 69 0.218
SDUNet 80.24  314.54 32 0.462
RDTA-Net 47.26 194.72 53 0.305
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