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Fig.1 Overall framework of BGCIINet
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Fig.2 Specific frame diagram of BG module
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Fig.3 Specific frame diagram of CII module
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2.1 HiR&EHHk

ASCRH T 2 DA TR BSAR B , 73 5
4 DeepGlobe %45 %% 5 LandCover %% #i5 ££'%,
R 1ICR T 2 MNEHEE M B S, K DeepGlobe
BARHEALHE 3 PRI HY , LandCover 4l 45 61 45
T RERRICHY) Dy 7T T3 T KR S O
RE , A SCHs 2 MBS T T EORAR TR, AR TE KA
FHEARMA 2 26 3R 2 R T M B SEREA

% 1 DeepGlobe £#E£ 5 LandCover £IEERFHAER
Tab.1 Details of DeepGlobe dataset and

LandCover dataset

E i DeepGlobe LandCover
WA TG R 2 048x2 048 &K H 9 000x9 500
I3 HEE/m 0.5 0.25 f10.5
G TR Wias 1%

x2 HEEMHIER
Tab.2 Some samples of the dataset

Bl B B L ol s
1 3
DeepGlobe LandCover
¥tk Hllatk
2 4

22 FMIEARE KAAT
22.1 AFEIRNIEAT

AR SR H3E I H (intersection over union, IoU) |
F1 53 80(F1) K58 ( Precision) . A [ 3% ( Recall )
DU REARWER BE (overall accuracy, OA) VE R PEAr 48
i, A bR Bkt

TP
IoU=————— | (8)
TP + FP + FN
B TP + FP %)
"TP+FP+TF + TN’
TP
Precision = , (10)
TP + FP
TP
Recall = , (11)
TP + FN

Fl=2 % Precz:.nion X Recall ’
Precision + Recall
KX, TP, FP, TN DI} FN 43 BIAC R EBHYE (5 FH
PE BRI ER B
222 IN4my
JITAT B 52 36 R 2 AR #5 2 NVIDIA GeForce
RTX 3090 24 G ¥ GPU FiffAT, %) i E K 2E-
4 Batchsize % BN 8, AL #FE ] Adam FRAIR X
B KRR SERT R B 2 % T GPU WA R
il , A SRR BT Ry S12 R EXS12 R R K/h iy
B HA RS K A R SN R OF 4 B 6 :2 12
(1) A B s S BEAIL 3 S U ZRAE BOIEAR 5l il AE
X F DeepGlobe 34454 , %535 I 2545 I uF4E 5

(12)
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4 237 BG ERAIE LR
Fig.4 Visual feature maps before and after BG module

(c) m&%th
5 233 CI#&ERATE AT AL FHE
Fig.5 Visual feature maps before and after the CII module

2.4 TEESNH
T B UEAS SO T ik A R S R

AT DeepGlobe BAELE H LandCover 23R £E
AT AT IS 4 P 75 1 Lo BRI AT X
It ,f24E . Attention Unet' , PSPNet'?”) , DANet"*' I
DeepLabV3+[29] o

2% 3 I T 7E DeepGlobe Bl £ I & fHIT-M Y
S5 IR A F AR ] LUE AR SO 3 i T
BIabRAD b HA 4 FpAR 5508 o8 Jr ik, Hop
loU$EmT 1.08 ~13.15 HA4r 4, F1 £/ T 0.57 ~
744 5y 4, Precision #2755 T 0.76 ~7.38 H 43 15, Re-
call P25 7 0.4~8.47 445,04 #2557 0.21~2.69
B4, M7E LandCover B4 4E A SC 5 13 A G
AN, 36 4 3058 T A SO I DL K Hopth Jy vE 7E
LandCover Fa4E I 1) 2 5 45 % , FIFERY, AR
AL T HoAth 5 2 B 3 i3, loU, F1, Preci-
sion , Reacll Fl1 OA 433 $E 75 1 ,3.23~10.81 H 4155,
1.72~5.99 7143 15,2.42~4.66 7143 1.,0.95~7.68 [T
I3 H,0.94~3.29 F 45,

%= 3 DeepGlobe #{#E&E FMEE LR

Tab.3 Quantitative comparison on the DeepGlobe dataset

(%)
YIRS loU F1  Precision Recall 0A
Attention Unet  82.62  90.48  92.78  88.30  96.62
PSPNet 88.66 93.99 9477 9323  97.83
DANet 81.52 89.82  90.38  89.27  96.32
DeepLabV3+ 93.59  96.69  97.00 96.37  98.80
AR5k 94.67 9726 97.76 96.77  99.01

# 4 LandCover #{E&£ FHMEELLE

Tab.4 Quantitative comparison on the LandCover dataset

(%)
Ik loU F1 Precision  Recall 0A
Attention Unet  86.13 92,55  94.88  90.33  95.94
PSPNet 92.18 9593 9625 9562 97.74
DANet 84.60 91.66  92.64 90.70  95.39
DeepLabV3+ 91.99 9583  94.63 97.06  97.64
AR5 i 95.41 97.65 97.30 98.01 98.68

MAE 2 Bl 4 b e A R HOR TR, AR 3C
B B 5 AR K R SR IR AR LS TR AR 3
(8, LB UE A T A SO EE PR RE R DBt
2.5 TS

T SO S AR AR SO R A K ARSI Y
PLE AN RIT TR e T, N 2 RS
Pk 6 MPRENET A A VDA AT A BT, 7
SR AR O DEIEARL AN RUK A /N
RIS RN S itk 35 5 J87s T & T
HAREE R IE
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Tab.5 Visualization results in different challenging scenarios
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SRR, A SO R AR 1 5 ) A A R TN SC
FRIE S R JZ U i A S 22 RUBE 33K 5 T A B @ ARG
e, L DL B A — 2B 1A SO R iR AL
T | BE A BT b 3 X6 AN ] DX S [R] AR 37 5
26 MESEXRENH

Y SN A TP AR SCO7 i L3, A SC kAT
THRBIRI RS Z IS8, K (1, 3,512,
512) K/BBy sk EE R A P28, 15 B 2 80 |
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Tab.6 Comparison of efficiency and complexity

TF Iz RPN FPS/

VRS B/ 100

HH/10°0 VMB (- s
Attention Unet 34.88 266.27 133.11 35.09
PSPNet 25.35 20.09 97.91 189.22
DANet 66.55 282.83 262.11 76.70
DeepLabV3+ 22.34 31.55 85.28 182.54
ARSI 21.95 48.45 83.82 114.49

2.7 HRERSEIE

R T BRI T B AR R K A B RO R B4 5 B
ARTTEN TS, T A SRS E S
2.2 2 FE— B 7E DeepGlobe %454 & #
Yx, MR T TLUES], Y AR BG BHET, 534k T5
BAHLE, ToU, F1 LA K2 OA 535 R T 1.89,1.01 Al
0.37/NE 43 s M ClL B ToU, F1 DL J% 0A
YA RET 1.84,0.98 1 0.36 AN 43 s B4R Ty %
I MZKEHIEL  ToU , F1 DL OA 43 5ETET 4.16,
2.24 F1°0.83 A~H 43 a5, AT ULAS ST 9 45 7K A 4
BB R R TR AR W BE W, SO, Rhid g

(a) MAFIZEER BG BHLHfE AT BLAL &

T AR S50 5 TR RS AR A
T 3 7 B B TR AT AR B A A HON B R vk
WORME A, BG BLHCN A R T 0.19x10° 1y
SR, 1.76%10° 177 532 8, T CI AL kI vk
HRT 0.1x10° S HR 1 15.98%10° (Y77 S8 5
B, HIRT UK B, Gt AR ) 2 85 e 5l s AR
AT DL R R MAS FE 4R T, i — DR ] T P A5
P
7 HBIBER

Tab.7 Ablation experiment results

ZH FARIE
/108 HEU10°
TR M 2K 90.51  95.02 98.18 21.66  31.22
£ BG FHH 92.78  96.25 98.64 21.76  47.21
LB Cm B 92.83  96.28  98.65  21.85  32.47
AR5 94.67 9726  99.01  21.95 48.45

BEAR, AT B LR 2 AT K
TREEEEETE B 6 TR T 2 A BEH T e A9 T 44k
B, 12795, 1.3 LM 2.3 540 Al 0, BG #idk
B PRI A F B IS B E R CIL B 7E 3 5R )
2% 22 RO R, TR, P 6 DX 2 AT T R 4o
o M 6(a) H A E R LR 1B T LLE 31 24 25 % BG
BRI | 7K A4 22 [R] 1 S5 BR AR 75 5 ISRy, - LXK
PRI 7 B AR AN e, [RIET, T 50 2 45
FHAEAE CILASEHR 4 JEL DR I 26 %o R[] R K R
ek ee it fgsm, M 6(b) g5, 24 b
CII ASEHR R, o 265 22 17 X 5 /N RUBE K AR IR, TR
FE, T BG B AFAE Kl 2 (kR b S B
SRR T LR

Ik U/% F1/%  O0A/%

(b) MAFIZER CI ALY /G i T AL

BEl6 RETHEERTILMUL DT

Fig.6 Visual analysis of module functions
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A boundary guidance and cross—scale information interaction network
for water body extraction from remote sensing images

CHEN Jiaxue' ,XIAO Dongsheng'>, CHEN Hongyu®
(1. School of Civil Engineering and Geomatics, Southwest Petroleum University, Chengdu 610500, China; 2. Disaster Prevention and
Emergency Research Center of Geographic and Remote Sensing Geographic Information, Southwest Petroleum University, Chengdu
610500, China; 3. Faculty of Geosciences and Environmental Engineering, Southwest Jiaotong University, Chengdu 611756, China)

Abstract; Extracting accurate water body information holds great significance for water resources protection and
urban planning. However, due to numerous surface features and complex environments, along with different
morphologies, scales, and spectral characteristics of different water bodies, remote sensing images inevitably exhibit
heterogeneity, spectral similarities, and inter—class similarities between water bodies and other surface features.
Existing methods fail to fully exploit boundary cues, the semantic correlation between different layers, and multi—
scale representations, rendering the accurate information extraction of water bodies from remote sensing images still
challenging. This study proposed a boundary guidance and cross—scale information interaction network ( BGCIINet)
for information extraction of water bodies from remote sensing images. First, this study proposed a boundary
guidance (BG) module for the first time by combing the Sobel operator. This module can be used to effectively
capture boundary cues in low —level features and efficiently embed these cues into a decoder to produce rich
boundary information. Second, a cross—scale information interaction ( CIl) module was introduced to enhance the
multi—scale representation capability of the network and facilitate information exchange between layers. Extensive
experiments on two datasets demonstrate that the proposed method outperforms four state —of —the —art methods,
offering rich boundary details and completeness under challenging scenarios. Therefore, the proposed method is
more effective in extracting water body information from remote sensing images. This study will provide a valuable
reference of methods for future research.

Keywords: water body extraction; boundary guidance; cross—scale features; remote sensing images; semantic seg-

mentation
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