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River edge detection based on improved EDTER algorithm
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Abstract: To improve the accuracy and robustness of river edge extraction in remote sensing images,
a river edge detection method based on an improved EDTER algorithm is proposed. Addressing issues
such as edge detail loss and noise interference in complex natural scenes with traditional methods, a more
adaptive edge detection scheme is introduced. The method employs a two-stage edge detection framework
with Swin Transformer as the backbone network, incorporating a residual multilayer perceptron to enhance
feature representation and designing a lightweight multi-scale decoder to improve detection efficiency. The

first stage extracts global image features to generate a global edge map, while the second stage performs
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local feature extraction and fuses it with global features to produce the final edge detection result. Comparative

experiments on the BSDS500 dataset and a self-constructed cross-regional river edge dataset demonstrate

that the proposed method outperforms mainstream approaches in ODS, OIS, and AP metrics. Notably,

the AP value on the cross-regional river edge dataset reaches 0.871, an improvement of approximately

3.2% over the EDTER method, indicating superior edge extraction capability in complex remote sensing

scenarios. The proposed method effectively balances detection accuracy and computational efficiency,

exhibiting strong generalization performance and suitability for water body edge extraction tasks in various

remote sensing images, with significant engineering application value.
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Fig.8 Examples of training samples. (a)~(d) Original images; (e)~(h) Corresponding label maps.

3.1.2 Bk E

AW 5% FH 3% T Pytorch FY TR BE 2% S HEZR
e E & 4 F unbntu 20. 04, GPU 4 NVIDIA
GeForce RTX 4060Ti-16G, CPU & Intel Core
i5-12400F  Processor. Kk H SGD (Stochastic
Gradient Descent, SGD) It Ak 5% X B 8 I 25 , 9] 1R

(@) (b)

3.1.3 #Hreie

52 R DS FD 140 30 ¢ K00 G 3 00 95 £ 3¢
KBS AT A 20 R 4 HERIE(ODS) |
B P A B (O1S) FIOF RS B2 (AP) , 24 R X
(10)~(12) fi 7 . Horfr,ODS & 5 76 5 A S48 45
) — g5 B 3K T F L-score, 48 U B

2R E R le—6, 30 H 0.9, BUE = N
0.000 5, 41t K~ K /) (Batch Size) b 2, 3t 3t 17
80 000 R EAR o & VI 2R i i 1] Swin-T i Il 5k AL
GIIRGE R SN F TR CINNPOR N, R
14 4 5 15 BE B 3 5Y 043 B R O 224 X224 1)
K4 .

(d) (e)

K9 CRRE$tdde FAERG HOAGRIE (a) A EI% 5 (b) BDCNAEAL; (¢) RCF AR (d) EDTERBERL ; (e) A SCHEAL,

Fig.9 Visual comparison of model performance on CRRE dataset. (a) Original images; (b) BDCN; (c¢) RCF; (d)
EDTER; (e) Ours.

I A5 B F 1-score 1Y 7 X (B4R S fic 4 19 3T fr
TEFR o OIS NI &1 X 4 5 PR 0 31 H: d5 A 1B {8
DL KAk Fl-score, #R J& XF Ar A B 1% i) Fl-score
K.

TP

Precision = ———, 15
recision TP + FP (15)
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ECR]
TP
Recall = ——, 16
T TP EN (16)
2TP
Fl-score = (17)

2TP+FP+ FN’

Horp TP 3R m g i B0 Ok 1E 25 IEFE AR FP
&R WA RO O IE 28 1 SRR AR PN 26 7R Bl AR
RUFUM Ry 70 2 0 IEREA S BLA , 7E PR AR AT, T
6T AL RN TR A A 2 TG AT A B R A 0
(Non-Maximum Suppression, NMS ) #4E .
3.2 XWHERSW
3.2.1 HekgEk

Sk 56 UE A B 9 B R ek vk W T AT M 7E
BSDS500 % 4 & I 43 il Xf 3% & b £ T W
Swin-T 5% 2% 2 JZ2 A B B Res-MLP [ #2 imfb £
FUBE fif i 2% LiteMSD #EAT 11 fil 2 56 , 52 56 45 2R
MR 2 PR 172 Fom R Iz & .

2 2 n] A0, SEHERL AL () ODS 24 0. 824, 01S
4 0.841, AP 4 0. 880, 5l A Swin-T J& , 5 %I (1)
ODSH#TH T 0.3% , AP#T+ T 0. 1%, % B Swin-
T 75 4% 5 A0 F5 AF 32 ORI B R0OR Oy i R 4% T
BAER LA B TR A SRR . BIA
Res-MLP Ji , BRI f) ODS B3 F & T 0. 1%, AP
TRET0.3%,1MOIS#ETF 17 0.4% . X —45 %
Y, 45 Res-MLP 7E 3 5% 11 2% 4015 AL 1k 10 2
RO R B T8 E AR AR T X A R RRAE 1 5
Wi AH 4 T Swin-T 4 — 2 , K I 7 2 ODS Al AP
WA T [ . R K, LiteMSD A5 He il 5| A fdi 15455
Y1) 22 ROBE fif 65 RE 0 R A0 s AR5 8 T
FHTE. B LiteMSD Ji B ODS Fil AP 43
BIFBET 0.2% F10. 1%, 7R H iz 45 He e 4015
T B8 R T i 2 A R B2 Dy T OCHEPE I . Y
Swin-T . Res-MLP #il LiteMSD 3 /> £ £ [ if 5
A BB M BE A B T A, ODS 2 0. 835,
OIS} 0.848,AP Jy0.884, L& EMN, 34

K2 BSDS500%#E&E ERIHRIIR
Tab.2 Ablation experiments on BSDS500 dataset

No. Swin-T Res-MLP Lite MSD ODS OIS AP

1 0.824 0.841 0.880
2 N 0.827 0.845 0.881
3 N, 0.826 0.843 0.878
4 N 0.825 0.842 0.882
5 N, N N, 0.835 0.848 0.884

e O[] VR D 0 3 48 T 17 S R 7 3 % A T AT
SRR T AR PR RO T AR ERL AL, B IE T
BB AE DG A 200 % K6 00 A 45 5 401 2 B
PR T B AR I I A RO

Swin-T .Res-MLP 1 LiteM SD # 5 76 FRAF
WU Gh G a7y Rk f 2 ROBERHIE A& 0 T 530 K 4%
THEEEM. Swin-T £ T RMEXRMAELIT, M
T VAT 50 G 0% 07 47 b f B3 7 2 25 8] 40 5
BTN G XU IE R R 38 AE J) . Res-MLP £
B o WU 5% 22 i He 0 T AR MR R R IR R
JEHAE 52 F 8 55 DB 3 2 240 705 1 8 B Ao iy
HAGE AR . LiteMSD fift % %% 8 13 4t — i 3 w5
23 (A RSF % 5% 5 2 ROBERRIERL A SC T AN A RUBE
FRIE B4 RUAE B, E— 2B 5 Ak T 3 2045 D g

75 74 fil 52 56t 5] A Res-MLP J& , 848 ODS
MOIS¥A Fr47h A0 AP hrlg A F . X &
B2 T Res-MLP 3t Ak 7 J5 & 4 17 FR1E &35,
S ECER 43 559 30 S X ) G, TSI T — 8
LA i Dh it 2% o Oh 00 k00 1S I AE — 8 R LY
M) T 3 R B RS B 2R (AP) |, H [] B s 482 7 1 A% 7
XA A A5 A i B AR e ) o S5 2 i Li-
teMSD 4 J& FR Ak il & 3 — 20 P i T A 54
JRE B AR T O i G TG e 2R
(1) 3 T 45 bs 347 35 B e 7K F

R ORAE L3 BB A MUHE AR R AE 3 G G AT 55
TR E AN A 4 R R RIS S £
ROBE 1R SCf 8 H A S 1 7E 28 JF 8HiE 55 F A
GRS Tk S O R TR A
3.2.2 gk

A GE 53 AR TF U 4 BSDS500 Al CRRE
B B T X IS . FE BSDS500 £l 4R 1
5 BDCN™ HED"™ RCF® EDTER' . Deep-
Contour™ \DeepEdge"™ . PiDiNet™" # 47 T X H 5L
5,5 R mE 3P, T ODS. OIS MAP X 3
A48 b, T 4R AR AL 4 51 38 B T 0,835, 0. 848 Al
0. 884, AHAL T A Jy i ¥ A $2 T+, 5 i 31 A5 Y
(19 2 Bt FUR DUORG JBE, A SCRSE R A F Al 77 1% o
X 78 43 B T 4R O VA AR i Gk AT 55 v B AR
o PR VA B R R

Ry ik — 25 eIk T AR AL A S B g R A
BOME A58 7E CRRE 9907 378 3140 2% 46 I 50 48 I
AN S WA L O e A S i B 1 o S B
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Tab.3 Comparison of model performance on BSDS500

%4 CRREHFESE FHRBIMREITIL R

Tab.4 Comparison of model performance on CRRE dataset

dataset fi ODS 018 AP
(Xl ODS OIS AP BDCN™ 0.821 0.835 0. 845
BDCN"™! 0. 806 0. 826 0.890 HED'"' 0.812 0.824 0.834
HED™ 0.788  0.808  0.840 EDTER" 0.825 0.831 0.839
EDTER“”W 0.824 0.841 0. 880 RCE™ 0.817 0.833 _
et WL am aw wwom
PiDiNet*” 0.789 0.803 —
RCF™ 0.811 0.830 — FEo 5 I AR SOBERUAAUAE 2 1 B 4R 1 R AL
Ours 0.835 0. 848 0.884 57 BA PR CRRE 804 £ 1 W) R e 81

2 K M AL A BDCN™Y  HED'™ | EDTER'™ I
RCF™, MWEAFLIE H, Fr& B 7e 34 1F M 45
b F S HOR T g R, ODS 53] 0. 841, OIS 35
#0.849, AP TFZ 0. 871, A% T H Al A5 A ¥ 47
WP T Hoh, AP 48 bR A L 3R B S AR 1 X T
LR BDCN $2FF T 29 2. 6%, i B A SC 376 i1
S5 DX I ORG A TR RN RS E M T B AT AR A
#H It EDTER #2 &1, fr 42 £ A ) ODS 4 7+ T
1.6%,0IS$& T 1 1. 8% , i — 2 £ A CH| A
MRz ET REZ )RR YS 2 RE#
T 56 s A 3 5 i 2 A5 S AR IOy T R 8 T R AP
o BEAh AR SCHR X TR R 3 T 9 2% 7 Tma-
geNet-1K F S8t St R 4, Rk 17
Ro GERFW, Swin-T MHE T VIT-L 78 S 5
R4 T£590.9% ,FLOPsF#IK 745 97.6% , i
PR T BRI 25 S e B G A Y AR R Y

& £ X #:

R 4F B9 AL RE T 55 SE B L 18

AR SCER X T 9 0 Sk R AT 45 4 T — 3
F it EDTER 9 31 2 A I 550 3k | g ple 1 38 H i
2 L RIIE TR % & W NIL KB U K2 LRI b & SN E D
PR, A SR FE A B BB 43 ol B B 4 JRy A L)
PRERAE W B 51 AT Swin-T 4 il 2% (5% 2% £ 2 &
HIREH Res-MLP 2 it Ak 22 RUBE fiff i 2% ol ik 58
W, S5 BT A 340 % 1 v ASORGE MER B . #E BSDS500
o 42 R CRRE Ay 1] 3 10 2% 8509 4 1 A9 52 56 &5
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