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Vaihingen ~ 0.09  512x512 1200 150 350
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AR LK 5 — AE B NVIDIA RTX Titan 2080
- f# FH LuoJiaNET 3 J& 4 56 fift 155 I IR IR B 2% )
HEZL 47 1 52 B (https: //github.com/WHULuo-
JiaTeam/luojianet)

15 45 11 B — S U Rt U b, I 45 B
J# A 3 T B (stochastic gradient descent, SGD)
MG DT H BhE ) S, Hob, R4 % E
(91 4 2% 31 2R 0.000 1, % 3 2 (4 A 5 % 09 [
9°0.000 5, FHAE M 0.9, 4 R~ K/ g 4, Y145
BR300, I 25 1580 ef 5B IR AR PR IR B
40 000, 24 5 ¥R ¥ B 7E 15 000 K 5 25 000 Ik Z
(B ), P 2 2 2] 3R 4 [ 5 000 ¥k 2% 0720 Sk 24 i
2] B 1/10, W4 1 w0 b Ak 2 80 1
T He W a7 ok AT I & .

KMFNet i1 it A £ 95 40 45 22 3 Be i &5 43 52
1% Fe Ho X} B () nDSM, 3 F 38 IR AR N T 45 i



1550 ) G == T

5 B B2 2022 410 H

f B 1 Hb ) L SIS R A 2 U AR SRy IR 4 W I
WP ESSE . AR T E R
JE IR B T i A NDVI AR, AR SCHEF W 45
B A B o> AR ] LuoJiaNET HE 22 A 4l Y
ND VI i 85 56 R fe BUR 7R T 54015
2.3 BEIFEMIER

A SCAE T R 4y AT 55 R TR B AR
15 £ (overall accuracy, OA) 138 3f [ 4 % (in-
tersection over union, IoU) X # 2& ¥F # 8 #r ok
VR 4 J7 1 i 4R ORICR R 4 0 R

TP + TN
— % 100°
OA= ST FNTFPE TN © 100% ()
TP
— % 100°
loU=rprenTpp F100% &

i, TP (true positive ) % 78 B 52 Ry 1 28 H % Al
T A IE 2R B FE A% ; FP (false positive ) 78 B
52Oy B2 R A TN O OE 2SR R A B FN
(false negative ) 75 B 52 Sy 1F & {H 458 B B I Sy
1 2% B9 B A H0; TN (true negative ) 3 78 B 55 4

28 BRI o 5 S A RE AR, AR SCHES2.4
o 7 3 28 JF [ 4 21 (mean intersection
over union, mloU) ] F& 1 & 4~ 1 9 25 1] ToU 11y
A
24 ZHRERSW

# GRRNet, V-FuseNet, DLR, Res-U-Net
5 KMFNet 7 ISPRS i X 43 | b5 1 048 4 1 itk
A7 Ik, 1B B T AN ) 18 J8% 37 5Ok HE AT R L, 4
RWE SR, MWE SR K FE , KMF-
Net 76 A [6] 37 5 T B9 $2 B4 2R 5 M i (8 /Y A7
BL B H5 ey, T i EC b ) A S R ORI i A T Bk
56 RO BT WA T A 4 B X L vE .
i KMFNet ] LA f B 2 550 0 0KS i 09 437 215 8

FEN R B R 2 R A &EX&HE‘J@I}L%E%
F R A B Al T R 0 BT A [ A

JE ) 5T ORE RS B30 A Y R A ) s A
NI R Qo e I R O Tl 1 1 S N
BE K, 5 SO ME LB IX 43, KMF Net fig 6% 118 47 Hi
X4 RO TR) ) 24

NTATATATACNT

p‘pﬁpipvp‘ip‘ﬂ

LG Hh T B GRRNet

V-FuseNet

Res-U-Net AT

(a) ISPRS- Valhlngenﬁ[}ﬁ%

RS

lﬂmﬁﬁ GRRNet

V-FuseNet
(b) ISPRS-Potsdamiﬁz%)ﬁﬁ

KI5 ORIl 5 ik b $ IR s 2R
Fig.5 Results of Ground Object Extraction Using Different Methods

@mmmmmm

E

S WIRES

Res U-Net



547 &5 10

B {45« T 1) 22 35BS A B T Y e RO VR 5 2 UL AR AR A R 4 1551

# 2y KMFNet £ ISPRS P 1~ &[] $ 4 4
R PR IBORS B . O T RS TEAS SCER A KAM
F SPHCM & 8 (19 2R, 4% 3 T ResNet50 # i
{140 2t B g - i L) e i 1 S 53 HRE SR A Ay R 1) 245
(Baseline) , 7E ISPRS %4t 4 F i 17 — &5 A
HE LR RN K3 NERITTUEH, 1
Baseline [ ¥ il KAM £ e J5 , W 4% #5 B 7F Vai-
hingen % #& 4 E 9 OA 1 mIoU 4 % 42 & T

2.76% F1 3.11% ; £ Potsdam £ #5 4 - # OA Al
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Tab.2 Classification Accuracy of KMFNet in Different Datasets /%

. AN KT HH IR A 1 WES KR Ty
IoU OA ToU OA ToU ToU OA TIoU OA IoU OA
Vaihingen ~ 79.21  86.21 85.32  90.27 67.35  86.36 76.54  88.44 55.78  77.18 72.84  85.69
Potsdam  78.05  85.32 86.76  91.71 68.12  86.44 7492 87.26 60.02  82.63 73.69  86.67
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Multi-source Data Ground Object Extraction Based on Knowledge—Aware
and Multi-scale Feature Fusion Network

GONG Jianya' ZHANG Zhan® JIA Haowei® ZHOU Huan’
ZHAO Yuanxin' XIONG Hanjiang*

1 School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China
2 State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan 430079, China
3 Department of Land-Surveying and Geo-Informatics, Hong Kong Polytechnic University, Hong Kong 999077, China

Abstract: Objectives: In recent years, the automatic ground object extraction from remote sensing images
has been dramatically advanced by the fully convolutional networks (FCNs). It is an effective method to
fuse high-resolution images and light detection and ranging (LIDAR) data in FCNs to improve the extrac-
tion accuracy and the robustness. However, the existing FCN-based fusion networks still face challenges in
efficiency and accuracy.Methods: We propose a knowledge-aware and multi-scale fusion network (KMF-
Net) for robust and accurate ground object extraction. The proposed network incorporates a knowledge—
aware module in the network encoder for better exploiting remote sensing knowledge between pixels. A se-
ries—parallel hybrid convolution module is developed to enhance multi-scale representative features from
ground objects. Moreover, the network decoder uses a gradual bilinear interpolation strategy to obtain fine-

grained extraction results. Results: We evaluate KMFNet in the LuoJiaNET with four current mainstream



1554 VRO NEE S X S CI N A 2022 410 H

ground object extraction methods (GRRNet, V-FuseNet, DLR and Res-U-Net) on ISPRS 2D semantic
segmentation dataset. The comparative evaluation results show that KMFNet can obtain the best overall ac-
curacy. Compared with the other four methods, KMFNet achieves a better effect by improving the overall
accuracy by 3.20% and 2.82% on average in ISPRS-Vaihingen dataset and ISPRS-Potsdam dataset, re-
spectively. Conclusions: KMFNet achieves the best extraction results by capturing the intrinsic pixel rela-
tionships and strengths the multi—scale representative and detailed features of ground objects. It shows great
potential in high—precision remote sensing mapping applications.

Key words: high-resolution image; light detection and ranging (LiDAR); ground object extraction; fully

convolutional network (FCN); remote sensing knowledge ; multi-scale features
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