5 43 5 4 W BT 5 fF B % ik Vol. 43No. 4
202144 H Journal of Electronics & Information Technology Apr. 2021

BXTEIMEEZ R EERZ G FRERE

Ok BHFRRARFHBEIREWEFLT KA 130033)
D(FEAERRFE E 100049)
OkATZHAARAZ K& 130102)

OB ZOURM T A UK SO RS RS, SE O A R IR AR B R TR (DSM) E T T
GBI T IR ST EAR B T — Mm-S G5 (1 Sy B, M 2R F 2 R 22 il & (M g S B fidh
(MRFED) A A BHG i R B0E UE S, #EmZ B3 Bl m A s R A RAE PRI ER 0K 10 S s O B e A\ R 10
PHATRHEA MG S o ZSCRA T — NS DSMAUE 38 AR A T BRI 2 5 MR, Seie 25 AR
DSM & #4 %5E{Eﬂﬁ%ﬁfﬁx¢m¢(MAE)ﬁy2 1e-02, ¥JHTHRIRZ (RMSE) N3.8e-02, £5#HILIE (SSIM) N
92.89%, LT B TR B 5% SIAE oy BN o SEIGAIE S% 7 1 RE S G R DL SR BB AR M DSM B 2, A
ARG RE,  LARCBER VA 43 A1 25K = e

KR 15U RIMGE; GiD-Eas, 2 REARZERN G BRRRIURK,; BUr R

FESES: TNI11.73; TP394.1 XHEkARIRED: A XEHES: 1009-5896(2021)04-0974-08
DOIL: 10.11999/JEIT200031

Reconstruction of Digital Surface Model of Single-view Remote Sensing
Image by Semantic Segmentation Network

LU Junyan®@®® JIA Hongguang®®® GAO Fang® LI Wentao® LU Qing®

®(Changchun Institute of Optics, Fine Mechanics, and Physics,
Chinese Academy of Sciences, Changchun 130033, China)
®( University of Chinese Academy of Sciences, Beijing 100049, China)
®(Chang Guang Satellite Technology Co., Ltd, Changchun 130102, China)

Abstract: A novel method for Digital Surface Model (DSM) reconstruction of single-view remote sensing image
is proposed which only relies on light detection and ranging data. Based on deep learning technology, a
semantic segmentation network with an encode-decode structure is designed. The network uses Multi-scale
Residual Fusion Encode and Decode (MRFED) blocks to extract semantic information from the input image,
and then predicts the height value pixel by pixel, as well as adopts a strategy of skip connections with feature
maps to preserves the detailed features and structural information of the input image. The model is trained and
tested on a public dataset of remote sensing images containing DSM data. Experiments show that, the Mean
Absolute Error (MAE) between DSM reconstruction results and true values is 2.1e-02, the Root Mean Square
Error (RMSE) is 3.8e-02, and the Structural SIMilarity (SSIM) is 92.89%, which are all better than the classic
deep learning semantic segmentation networks. Experiments confirm that the method can effectively
reconstruct the DSM of single-view remote sensing images with high accuracy, as well as the structure of

feature distribution.
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REIRFAR R B (Digital Surface Model,
DSM) s fE£ 7 = A2 (Digital Elevation Model,
DEM) [ ZEAL b, #t—2a 8 b By, &
FEMRGE, DLAARHE W S ) = B O R, FEVE
Fe TR i 5 0 e) A AT e BN, A T
TR TG SUhREN . ARSI SR

2HT, DSMPERIN 3 22 Ml ML BOL R A
AR 5 I & (Light Detection And Ranging,
LiDAR)##E, Bl 3 AR AR B /0 55—,
e ot I ) R RN RA: B, T RE.
AT A T BN P R BB I DSMTGVE SRS . Bt
b, T HER 22 38 AR B 7 (19 s
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DSM, WA AL E (single-view) #4537
DSMEFA B T8, FEE R 1% @8 T
ANIE € 7] (ill-posed problem ),

W AERBEAE TR L SRR &, HAE BG4
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Field, CRF) B IEHAT 45 &, 1R MR 2 40 F 1) Bt
FRHCNNZE ) FR 4 R R RR AR, Se 3l 7 A 1A
SRR BE Al 115 Srivastava®E NIRRT —Fiols
VB 53 2 v P T R 25 EAT 2R MRS A I R
BRECH T ONNEEARLYI SR, Skl 1 AL B AR
TR -

SR _E3R T3 V50T A ST B 7806 B & & A
BENAE—EMIE. B%, SCIRS, 1014+ %
FHRR IR BEAG T T, AR Font G2 % M ElE Sk
IR, A SCHIBT AN GUR R AR, —#
FAERKMZER, — 7 HEREEKEZ NIENY
B, HAFWETFEREFRAR, BT RmE
) B NSRBI LIA S AN TRE s 55— 5 T8
MARREGTIE . RN EUC. R A
FEAR T, R 25 W A T B R CININOHE DA 5 X
BB ERINTE B R . HR, STR[11]%

(d) DSM%i#i

K 1R A TS R R



976 R

()

IS 543 %:

FH 13 B T 7 v A T i I AR A bRiE, 2R
TN 8 SR A R PR V25 1 S 3 A
KRR R B R, AL 2 F e APLLIDAR
B SR N8 b A4

ZRERTR, A BESLIM—F{UKELIDAR
Bl FETIREE S SITE o B1H AR 2 s A K i
GG DSMI 7%, FF S i 21 v ) 4 o
2 HK[FE

2.1 %R
AR AE SEILE R LR R i DSM U
&, HHR RGBT 8% (o) 5 AR
VR A% 5 R LI DSMAHE , 3 (8 ML H B 2 4
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Encode-Decode, MRFED) )i X 73 #| P 25, 2%
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NetfFk 2zt & B8, A 7 —F2 RERZE
bGP g e T, S Ess . K
HKGRINN DN REL 3 < SR, i = 2,3, 41,
XRIIN =1,2,3, FERHIERZBZ, fih g
(1)) 52 B (receptive field)#K, BIXTRL T R EBHRAS
A RS I RFE SR NS R o SRR UK 2 RS R AIE
TR A BN, AT RARBT R Z G
HARSRRIT: Egwmiddedt, MANERLd1 x 168
GHZ SR B IE 2 (channels), 75 21 [FRFIE K $%8
EECEI 73 RAE sy, il T ~ 2y KSR AR
AN AR i N g B RS FRGE TE i, 0 SR N
Y1 ~ ya xi Sy R R WX (3) s
T, =1
%:{Km“1<i§4 (3)
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WIANEIL/2, WIEHCNEIAR2ME: BE, BN
AN [ ERERE, 458 S50 5
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1R RNEEA D o MRAD I 25 5 g g P Sk
A, ME—BAN AR g R R SRR AE AR
FoRFE. ASHCR A T B (deconvolution ) M3k
1T B RFEHAE, IR £ 5 E MK % (dilation
rate) FMIANE K B% (padding), BRI #rt H br )R F
FROE ] o A SCBTE B 9 i i DL AE ResNet i ETH (1)
Befil B3I TSR AR, AN TR S5
EAEH & (HH I ResNet-501M 5, HJEAK ST
2194.6e4-07, ASCHIZmRIGERRTIN T £16.0e4+-05%
B, WEAN1.3%). LRFIYmAED & T R
MERFEDIRE, EERZ A, MRFEDHIEAAAE—
oy gmfgas e, RO N TRRE SR EL, A R
BN ST, SRRt G ik A —

B, HARZMT ERRFENGRRSOVE RS
DRl AN P BRI o 3 19X 2% PR AR P RO A T
5 B R 1IR .
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3.1 SKIGMEARERK

AR MBI SRl £ R BEIEEE GRSS
(Geoscience and Remote Sensing Society)#2fL ]
—MRATHEAESE, 2R S 52783 K AR K 2
IR, AR R AT 1024 x 1024, RGB =@
TH, BG I RR S E RPERE TTT P 2 BLIA N B A
v b4 R (Jacksonville, Florida), LA A P9 AR Hz 8
JH B EIE (Omaha, Nebraska); 5215403 H Digital
Globes \] i worldview R 41| TR ATE, HuH R AT 7]
k% (Ground Sampling Distance, GSD)>40.35 mpp
(m per pixel); FZBHDSMEHEHLIDARIEHL,

MRFEDERIN A AR 9512 x 512, (AL
o JE B R A AIDSMBE T #8Y, SR JE At
TR SRR . ASCRR BRI &5
AR, DA sl pik B A AR E S, FE
(EREF

(1) BEALKP B BRI A s

(2) BEMLIEF90°;

(3) Bt M La-yA byl B o

SRS, SCRHPEEILA 166985k
512 x 512 RGB =18 1H (1) S0 2 2 A4 S DS M,
BE ALk B A 1980 % il 2k 4, 10% N IR IESE,
10% AR o
3.2 MEKBHGIT. RENBLTESES LR

ARSI A T Keras iR B 2% SJHEZL S T 55
EEA,

(1) R RERIT: SLIGR Bk T4
X% ZE (Mean Absolute Error, MAE)F14 /7 fR 1% 2%
(Root Mean Squared Error, RMSE){E A4 2k i
B, —FB AR (4) =X (5)Fw

T Y,

z, P K, > Y,

| T Y K, > Y3

z, Y K, > y,
Ziyfih B

Ty Y
T, K2 >y,
> >
>
v, )
T > K > Y3
" v,
T, > K, > y,
fiht He

conv, 1x1, stride=1 conv, 1x1, stride=2

conv, 3x3, padding=same M deconv, 3x3, stride=1

K 3 gt S5 ad Beai i



978 B 7 5 F

2 %

43 %

% 1 MRFED&EMHHEER T FBERIER

M= R~ EEH

LITPN 512x512 3
FHIERE#1 256 X256 64
RRIE B2 128x128 128
FHIE I #3 6464 256
R I #4 32x32 512
FHIEEI#5 16x16 1024
FE I #6 32x32 512x2
RHIEEI#T 6464 256 %2
FE I #8 128x128 128%2
RHIEEI#9 256 %256 64x2

i 512x512 1

MAE = 12\% — i (4)
n [

1 2
RMSE = ;ZH%—%H (5)

A, wRoRHAE, 3R RTME; i g KR
K FHMAEAE 40 2% B U BOR S 0, I ZRIE A
[FE TS OL T, AL IEORS E = TRMSE£2.4%

(2) BRAEIYIGRAL 7. MRFE M S 18 (946
1R FH Glorot 1E 25 73 A H1 4k A% 77 19 (H FR A X a-
vier IEA VI, TEKerasH 177 vk 4 Fr &
glorot normal), ZJ7EMBEZSHHIIE RO,
bk 2 2/2/ (fan_in + fan_out) [ IE 25 4346 72 A
Horpfan_inflfan_out 2 FE 7k & 1 B AR Hh (R
i N A HH TV EH)

(3) #Z % (hyper parameters)iEi: 256K H
AdamFVEPOWEBEEE T BEMRAC L, i
SR I EEAEE R ERE, 20l 8: B =09,
Bo =0.999, ¢ = le — 08, 7 = 0.0001; I Z4F R i%kAL
fIBatchSize N1, IEAIKEB N Le+06 (I ZRid i
AR SIS LT3 1) s ARSI I GPUR &K H
NVIDIA GeForce GTX TITAN X (% /76.1 TFLOPs,
BAF12 GB), YR K 2175960 he
3.3 LILHER

MRFEDTE MR _F i DSM = 2 25 1 i 4
e Barf(al)—(ad) 75l Il AE b AL AR i A
Y. KTEAR S K e SR R K T AR /K 3 g
BEAE (b1)—(bd) 2 3N (al)—(ad) FIDSM EAH #4
J1H; (c1)—(cd) /AN (al)—(ad) FIDSM 2 45
PO ROTEIR S ORRE AR N, Baf
Fonm AR K. MWEATRTLLE H, DSMEREL
REREMBIEOE AR, SRR &

FE TR0 45 AR, 35T B RARAU M S 2 A
FAI AR AR /57 o

EHEFE AR T, A SCR A4 EDSME
AR 2 R AMAE, RMSEFRISSIM K ¥ DSM
BN . H g ME (Structural SIMilarity,
SSIM) & i 2 9 5k | B 45 A AR i P b, X (6)
FR

(2pypg + C1) (2045 + C2)
(u% + 3+ Cl) (05 +ol+ 02)

KA, py MR my Mg BME, o floy KRy FIgH
PREZE, oy Ry Myt 75 2, CiRICNH %L,
HiC =6.5025, Cy = 58.5225,

ASCHEREL T AN S 3E o B EMRFED
BATH AT SRS, AR FCONAU-net®!, Hr
FON) T M %% (backbone) K HHVGG16, U-netff]
FT ML K ResNet-50, £ %A SCHAT 5% &
BT T MBS B — N T RIS
7235 (Softmax B Sigmoid), 40— % 485N
L AERZH T EIAEE, DU R iy .
FCN, U-net 5 MRFEDYEMHASE [ (FL1670MFEA)
IR BRI R 2R, —HMMAE, RMSE
FISSIM S 36 25 Rt 28 an 5 Fr o o AR 25 SR ]
A1, MRFEDMDSMH 2 2R B B AL T2 L 1E X
SFEIMEFCNFU-net; HHPFONRH T HEKRE
A ZEHIMVGGI6/E N E T WS, ik B
B SCRHIEINBE 718055, R4l R % ; U-net>R A
T BAERZEMA S ResNet-501F 8 T M %,
REBS A RO R BGE SURFIE, DRI 45 SR 19 2 T B
BT, MRFEDTERR Z /A (1 3AE B X T £
REEMBETE, AR B 2 7 54 138 JURFIE
RO, R 2 27 56 T Bk BR 2 1k 14 VA Rk 5 5%
(ablation study)&5 &, UESE J ARG BCR HZ NS
REWS A R mRE I, R ER L RS B
ALY . MRFEDZEMNAEE [ &S TMAEN
2.1e-02, RMSE #3.8¢-02, SSIM }N92.89% [ 546 45
B, UL T EKSENDSMER, FHASGET
JE 46 PG R 4 T REAE RN 5 K45 2.

AR 5 SCER[ 1) BT 73S T lossi#bAT T 4%
[ L SESG o SCER[11]H P SE 36 R A T Brs sz il
= 5% & Pr 2 (International Society for Photo-
grammetry and Remote Sensing, ISPRS)#& L] —
ANAFTFHAEHE Vaihingen, A& CKHMRFEDE %%
P BT TGRS, BARYETT . Vaihingen
IR E 161R 2B A DSMARTE, HEHIH F
1208 N IR, 4lENIAREE; RN PG R
JSF#29792500 x 2000, K53 195 AR [H 1) 75 %

SSIM =

(6)
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(b1) 2 g 5 ’%/JD%Mﬁm

(b2) KInAEHHEDSMIE

(ad) KT

(b3) 7K M DSMIH (b4) KIFFKIEDSMELAH

(b) DSMEAH# )

(c] )zf)&cL AMDSM 4 (c2) j:ﬁ%\mffm}ﬁzDa\@L

(c) &

(c3) AKHEFZEMDSME & (cd) KIAKIDSM H

EERHA I

4 MRFERDSMH 22 45

*® 2 MAEROBIRRER

-A7S R EFM% PIRE WHRRE SRR
FCN VCG16 2.2¢-01 4.1e-01 0.6611
U-net ResNet-50 6.9e-02 1.0e-01 0.8534
MRFE ResNet-50 3.3¢-02 5.9¢-02 0.8490
MRFE-+#BkER 2 1B ResNet-50 2.1e-02 3.8e-02 0.9289

WS AG AT BT AR 0, AR BRI AR 3t
@/‘1260/\512 x b12[(IRGB 5DSME X}, Mk
85420 MRGBSDSMEE X . MRFEDE %4
WA LR R B 7 AT SOk [11]) I DS M H# &5
R, W3R,

4 2

T FAL P13 R A5 1) 3 4k B BOR B I A A

BB FEIIR TS, ASCHE 7 — i 0 ) 6 TR 2 2
STEAR B AL & R B DSME&# T %. RT7iE
Wit 1 —Fh 2 ROBE bk 22 Al & g AL - 0 1R 15 S 1)
Mg ——MRFED, fEZwmbSiiE, ilid 2 REEKZE
AlGHICNNSLEL 7R &4 h B R0E UE R E
ROPEEN, 3E T R A45 2 SR R 0 s EE T s 7R A
T B, SR FHARAAIE BTk R Ik ) SHE DR R T S N &
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IR AE RN G55 B . AT R SEIA AR T
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2, A T B SN TAE SRR AR s A T7vk
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