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Abstract

As a classical coding-decoding structure network, U-shaped network not only plays an excellent role in
the field of medical imaging, but also has a wide impact in the field of image segmentation. Based on
U-shaped network, other derivative networks emerge in an endless stream. The most classic idea of
U-shaped networks is encoding and decoding, plus jumping connections between coding and decoding.
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Due to the similarities between road remote sensing images and medical images, U-shaped networks
are now used to extract roads from remote sensing images. The U-shaped network spliced the low-
dimensional features from the down-sampled to the high-dimensional features from the up-sampled by
means of jump connection, so as to retain more spatial location information and semantic information.
Therefore, U-shaped network is more capable of processing some image data with obvious feature in-
formation. However, shallow UNet can not accurately extract the rich multi-dimensional detailed in-
formation of the road, and can not be effective in high-resolution satellite remote sensing images.
Therefore, this paper proposes a U-shaped network combining serpentine dynamic convolution and
Swin-Transformer to improve the segmentation accuracy of road extraction tasks.
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Figure 1. The structure schematic diagram of STransUNet
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Figure 2. Slender tubular structure
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Figure 3. Snake dynamic convolution diagram
3. WEHSERAER

S5 5E 4 H BRI N 2 S EBURA AT I B, 1AL I B ERGS M T S5t A 1 —
MERBIBR. ik 3 fros, ShateE G IERIZ s AT B, WER) S EE — 15— 5 S i A
Wik, Glid 7 EIRANIE3).

N T FFREA T, s S EREEPZ Bt SN TSR RN ERAE, AT — A EH]
15 B HIEBER R NTT FS 2% fl X FINERECRIE | B IGERZ5H10 B R, SCORIE T RHE AN R IE S

N TEGEBZE R R E T AR E A UTHRHE, shAIBEMEIN TR MBA. SR, Rk
R E 2R W, AW B AR, Rl s oL T . B, shBRER
i1 7 ITER-ative S0, JyBpNEEALPLR) HARKOGEFEEM SR UL AL E,  ATTAA ORVE =) B IE SR,
I HA SR I AT i A% S iR B U e 15 Kz -

K={(x—1,y—1),(x—l,y),-~,(x+l,y+1)} (1-1)

£ DSConv ', HoRFRESTE F7E x BhA y 577 [0 E#HLE . DSConv HIEK/INA 9 IBERZ, I
LA x 5 1m0 49, BEASRSTE K I BRI B RN N & te=(x +c,y,%c), Hie={0,1,2,3,4} F£R3F
HOL A BIKFRE S . B K PR AL E £, + o FERR — D Rnid . WO E KJFe,
B pLL P AL B TR — R O RLE : 5 KA, RS A = {e[-11]} ki oo +1. Pk, fhi
MEFEN T, NMFHREPZAFGEMIEES . AKX 1-1 18 x BT 20

(xi+c’yi+c) = (xi TG +Z£+CA)/),

(xi—c’yi—c) = (xi —GJ; +Z§7CA.V)>

itc

DOI: 10.12677/csa.2024.141015 137 MR 5 R


https://doi.org/10.12677/csa.2024.141015

[

I H y 57 25 1-2 A2

_ (x,-+c,y,-+c)=(xf +Z§+8Ax’yf ”)’ (1-3)

(xjfc’y/'—c) = (x/ +Zj,chayi _C)a
Hrp KFRRAKX 12 AR 13 P ELE, KFZSFTA BB NN E, B BN, B85 M
M—%t%, WA 1-4 Fs:

Jj*e

B(K.K')=b(K,.K!)-b(K,.K}) (1-4)

i 3 fras, BT T 4E G dh. y BDARIAELL DSConv FEA I FEFRAEL T 9 x 9 HIYEMH . DSConv f
TR T S i S B A AR S F R B 4549, M B B b S R DG BRERRALE o

— — iy »type
i Ki+c (Xm,y,;c) (Xﬁ'C,y;*‘ZAYM ) (i /‘)_/4 convolution g,
i L {
' L) 4'\' N
" K 1 S Ky
' I 2" e /
' Bilinear ¢ c —_— et —_— .. K.z
| interpolation® ** \\ 05 i )l
: g N 1 K C HH Ky Kiy Ks
: ' 1 T E o P — ot |
' X i-4~i+d ] Ki: Ky 'AN\ K xiype
' 2 HH = N N’  convolution |
iy At ‘e T i fis K?l = i
' Kyt N " K2
N 3 L '8
— k ] — e : : A’“
i 7
1 i Ky
‘i
— — HH X: [-4~1+4
K = oy, JT(GHEAX, Y ) i

N i i i e el i s i i it it S i il

Figure 4. The working principle of snake dynamic convolution
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Figure 7. Road extraction results under Ablation experiment
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Table 1. Various compared results in the Massachusetts Road dataset Figure 7

3% 1. 7 Massachusetts HIBEE 7 TN ZHRBIFEL SEIG

Methods OA (%) P (%) R (%) F1 (%) IoU (%)
Baseline 94.85 95.03 99.45 96.94 94.52
Baseline + DSConv 95.16 95.68 99.79 97.69 95.03
Baseline + 12 ST 96.79 98.32 97.64 97.97 96.66
STransUNet 97.07 98.81 98.06 98.43 96.97

1 RIS AE ] Ta BB EIITALZE R, LR BRI DSConv 5 Swin Transformer )
Baseline #57% OA ik, N 94.85%, loU BAEPUMER FHIRAK, 4 95.03%. EININ T DSConv HbEE,
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)4 JRRFESR AR A Swin Transformer 28, fEX 1 R JE 4T NASCIR ) STransUNet #5241, OA ik
BT & 97.07%, ToU N E{E, A2 T 96.97%, T H ¥ Swin Transformer f) Baseline $2 7
03 ME AL, U DSConv BURIETE BEARBUES H &S] 7 — MEHR/EM, AT E
TF I EIRFFAE SR L .
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Figure 8. Different results outputting of five methods from Massachusetts dataset
[%] 8. M Massachusetts FEIREHME A5 ERELER
Table 2. Quantitative evaluation results in Figure 8
2. [E 8 B ETENIEAR
Image 1
Methods
OA (%) P (%) R (%) F1 (%) IoU (%)
U-Net 95.47 95.45 99.20 95.32 95.31
DeepLabv3+ 95.06 94.89 99.75 97.25 94.97
Swin-UNet 96.76 98.04 96.81 97.42 96.81
TransUNet 95.97 97.56 99.01 97.27 96.04
STransUNet 96.74 98.21 97.23 97.71 96.88
Image 2
Methods
OA (%) P (%) R (%) F1 (%) ToU (%)
U-Net 96.24 96.17 98.97 98.11 96.01
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B
DeepLabv3+ 96.03 95.89 99.02 97.42 96.36
Swin-UNet 97.25 99.26 98.02 98.63 97.30
TransUNet 97.01 98.21 99.24 98.22 96.89
STransUNet 97.38 99.31 98.25 98.76 97.55

% 2 JKE 8t T JTVAAE Massachusetts (8 B AR F AR BE VP4l L AR ) STransUNet 7E
Pk B A A S TR IR L. HA BTk E (1T 35 OA G E T 97.06%, NAFA & EE, P
¥ ToU WA RIFHIRDL, M H 5 Baseline 5% TransUNet 1 REHEAT X LE, 18 BE SR ELAORS FE A0 B B 48
Fo MR TS CNN W48 UNet F1 DeepLabv3+P/MERL, OA P38 F T 1 ANE LA LE, ToU P
BHRFA T 15 AESHLL R

Table 3. Various compared results in the Massachusetts Road test dataset

%% 3. 1£ Massachusetts HUIBEE T SERI BYXTLL LI

Dataset Methods OA (%) P (%) R (%) F1 (%) IoU (%)
U-Net 89.95 65.26 87.78 74.16 60.73
DeepLabv3+ 90.46 66.40 81.30 72.82 61.65
Massachusetts Swin-UNet 93.07 81.67 71.58 76.29 61.67
TransUNet 91.36 72.05 82.63 76.97 60.88
STransUNet 92.98 82.79 73.60 77.92 61.94

% 3 NBABAITE Massachusetts T8 #5601 E XS LESEES, CNN 2281 U-Net 55 DeepLabv3+
BRI TE B AR U 55 L (1°F3 OA 1E 90.25% 745, T34 ToU 1E 61.2%/c 41, Jyhf Lt s B BT A 1 7Y
() B AR

N Baseline [f] TransUNet 7F Massachusetts £{#54E T[] OA 5 ToU 5454 CNN ZEM I 25 AH L,
W AMATFAE — 22 3. A SCHR A STransUNet 76 TransUNet fIZERE - OA #2557 1.6 NN E 4014, ToU #25
T 1IAED A, 5 Swin-UNet MZEHIPEREAHZTC) L, ToU AHELT Swin-UNet BEHE HY 0.3 N H 73 Ao

3.3. GF-2 ER¥iRE

o S HHRE TP R B I SR EL, EERAFEAR R, Hli TS 2 e R, &
HECRZ, SRR XA T Massachusetts 20882 K, R HO T30 42 B 45 SR 38 1 (o il
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Figure 9. Different results outputting of five methods from GF-2 dataset
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Table 4. Various compared results in the GF-2 Road test dataset
4. £ GF2 BURE T SRR SL1E

Dataset Methods OA (%) P (%) R (%) F1 (%) IoU (%)
U-Net 90.52 56.52 75.11 64.50 56.24
DeepLabv3+ 90.69 54.87 78.38 64.55 58.16
GF-2 Swin-UNet 93.87 72.30 63.23 67.46 72.46
TransUNet 92.03 63.79 71.24 63.20 67.52
STransUNet 93.79 75.68 63.01 68.76 72.84
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IoU “FH4RTF T 1.7%H1 5%, F1 NHAA 8 = 68.76%.

Table 5. Quantitative evaluation results in Figure 9
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Image 1
Methods
OA (%) P (%) R (%) F1 (%) IoU (%)
U-Net 93.08 93.11 99.66 96.28 92.83
DeepLabv3+ 95.77 96.01 99.57 97.76 95.62
Swin-UNet 98.64 99.52 99.22 99.36 98.61
TransUNet 97.38 97.25 99.62 98.42 97.65
STransUNet 98.44 99.41 99.13 99.07 98.53
Image 2
Methods
OA (%) P (%) R (%) F1 (%) IoU (%)
U-Net 94.32 93.31 99.67 96.39 93.03
DeepLabv3+ 89.45 87.09 99.82 93.02 86.96
Swin-UNet 96.71 98.48 97.65 98.05 96.11
TransUNet 95.26 92.16 99.38 95.63 94.95
STransUNet 96.57 98.54 98.06 98.19 96.03
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