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Global digital elevation model correction method for coastal areas based on active learning

LIU Panpan, LI Yanyan, LIU Yan, LIU Yating, CHEN Chuanfa
(College of Geodesy and Geomatics, Shandong University of Science and Technology. Qingdao 266590, China)

Abstract: To address issues such as neglecting sample quality in traditional global digital elevation model (GDEM)
correction methods, this paper proposed a GDEM correction method for coastal areas based on active learning.
Firstly, a certain number of representative sample points were selected as the initial training set. Then, high-quality
representative points were iteratively selected for model training through a clustering-based batch processing
sampling algorithm. Finally. a machine learning model was constructed by using all selected representative points to
achieve GDEM correction. The accuracy of the model was validated by selecting mean square error and mean
absolute error with the coastal areas of Jacksonville and Charleston in the United States as the training area and
transfer experimental area respectively. Experimental results show that, compared with traditional GDEM
correction methods, the proposed method only requires 8. 57% of the sampling points to complete model training.
The root mean square error of GDEM is reduced by 3.31% to 51.65% and the mean absolute error is reduced by
4.76% to 48.72%. In the transfer experiment area, the root mean square error of the corrected COPDEM30 is
reduced from 6. 52 m to 1. 68 m. Compared with traditional methods, the root mean square error and mean absolute
error of the proposed method are reduced by at least 24.82% and 30.28% respectively, demonstrating that the
model has a certain level of transferability.
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GDEM & IEHA X $2 Tt /K AL 48070 B 1) TR R AN A% 3 O 4 10 v IXC 119 42 4 AT d 2 L
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AT 5 3 BRUAAS 5 38h 4k R RN A SR T4 i R S X (IR 1), e i R o TR AR I S R ARG B SR E
Ja# HFRRE R0 UE . A 5E i 4 /K (L 1 (b)) A F 0 2 L3k N ZR J6 38, 58 30 R 78 V806 5, b B0 5
30°16'6"N~30°37'20"N,81°55'5"W~81°23"11"W , M4y S Y 3= B0 5 I 1l AL 510 L Vi g 10 1 R0 AR DR X, b
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TA] 5 9 H I AE I AL i R B R 32°33713"N~32°56"34"N,80°10"40"W~79°34"26"W , &5 F2£ 5 [l — 16. 6 ~
32 m, YR 2. 87 m, IR RE 2. 4%, BRAM AR ST BEHSE K X P % 7 5 (light detection and ranging .,
LiDAR) # 7 HJE A A (digital terrain model ,DTM) B FEMEH —10~80 m A % HdE . 12 H X 45 5k i b 31
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Fig. 1 Geographical location and LIDAR DTM of the study area

1.2 SLIG¥IE

AHIF 5% K F 0 592 36 K008 £ 8 A 3G HLER LIDAR 2 .30 m &f A 2 57 /& B (Copernicus DEM GLO-
30,COPDEMS30) AH # 4 . & S B0HE (A ] kT 6 Al Landsat 8 %5 (38 1), J5 R 2 M 3R 78 35 28 W 56 )2 g &
TR 8 i 6 5 LA 0 A1 TR 45 ey TR 3R 0T b 3 194 B ST S5 R R A A W 3 S , L A SR e B L T AR AR R
TN %5 P 0 i et e N 2SI 2l B O B TR 3R A TED T G B3040 e 08 5z Ik i R N 2605 3 14 4 A1 15 0 T 4
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Table 1 Data source and data type

FE R R ke 1R B 25 A BHRAES PR /m
- 3DEP LidarExplorer
H [15] =X _
HLEL LIDAR https: //apps. nationalmap. gov/lidar-explorer/ # / Kt 2014
Opentopography W i
~ [16] -
COPDEM30 https: //portal. opentopography. org/dataCatalog? group=global bk 20102015 30
S EMEE B REE RS R% s 2010 20
https:/www. webmap. cn/mapDataAction. do? method= globalLandCover
R i kS ;
5 E R R B S e B SE 8 % hetp: /lidarradar. jpl. nasa. gov A% — 1 000
GLAD https: /glad. umd. edu/dataset/ ks 2010 30
ol
[N]
iﬁg;{lﬁﬂ IR YN % B 2% 51 2% https: //ghsl. jre. ec. europa. eu/ A& 2010—2018 100
ﬁrﬂﬂ,%[goj 3 ] [ 5% Hb Bk P BB oo s 2015 500

https://eogdata. mines. edu/products/vnl/ # annual_v2

Landsat 821 3 [ M 5 45 =) https: //earthexplorer. usgs. gov/ A% — 30/15
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1.2.1 COPDEM30

B HJEEUF & B (copernicus digital elevation model, COPDEM) i X M fifi X /& ( European space
agency» ESA) %A N WorldDEM %l £ w2145 . I {5 Bl JHC At v 75 e Bl v ims 8 i b SO0 00 10 12 4 Bl B 3 i
iR (ALOS World 3D-30 m, AW3D30) 5 i#F AL 4k 1 & 55 1 S 53 4 S8 4 BR B 7 & FE AR Y (advanced space-
borne thermal emission and reflection radiometer global digital elevation model, ASTER DEM) DA M it K &
LS i H TR I 22 1 4y 807 i3 B A5 B8 (shuttle radar topography mission digital elevation model, SRTM DEM)
S JRTREFEAF S . COPDEM A 3 Bl 43 HF 577 i 010,30 #1190 m, Hrf, 10 m AU 39 AEKMHE XK 30
190 m 4 Fk., COPDEMS30 £ 90 % 2 R % 22 (line error at 90% probability, LE90) Y & {4 4 X 55 #2
R T 4 m 18 90 % RIMEZ 1R 22 (circular error at 90% probability, CE90) 44 X - #5 E LT 6 m. 1R
i COPDEM J fify B8 585 i Bl A1 70 B R AR BE ST 2 X 30 m COPDEM /R R FE R 4
1.2.2 #l#k LiDAR DTM

Bl LiDAR £z DATRR B o 5 8 R M B 20 T S 0 2, 2 B TRk B DTMY™ L R BF 58 A 3
Hffi I 3DEP LidarExplorer M ufi JRHUSE 5 X LIDAR 51 2 &dls » AT 58 X3 LIDAR £ = 808l S 80k i 3% 2
JI7R o R T ARAS I DX M U6 A 2, PR S R A A T AR Y 0 D D T v AR BB i e T A G R N T G
J5 2 DR S 2 E— 20 b B DL R AG 0K R M T 2 SR (0 e B A R 0 32 T AR (R AR B 30 m g
PR DTM, B 5 JEGR FE o —10~80 m AYMHRS (F3t 1 667 320 1WA .

%2 #l#E LiIDAR A =5 HiHn
Table 2 Parameters for the collection of airborne LiDAR point cloud data

X . P MR/ b 11/ X
X 35} A& CAT R /m =, Vo ik w451 % / k Hz 3 FUREE/ cm
(pts/m?) (pts/m?)
78 vt 4k /R Leica ALS80 1 400 24, 64 1.88 586 5.7
25 IR 7 Riegl LMS-Q1560 2 043 7.72 0.81 800 <6.0

2 ETREMLERNXEDNZIMNIFEEEX GDEM EIEFH X

BT T AR GEHLAS 5 2 J7 k1 GDEM & 1 J5 15 75 5 2. W VI 2R AR Joi dk 56 ] R0, 2 1 — o i 1 SRS HiE b
HAR X 3 2 ) BT I X GDEM B IE i, 32 2020 SR 40 45 2504 70040 B8 B A 4 7 L GDEM & IE FURS B2 1
(K2,

2.1 HEmLE

i T GDEM 5 LiDAR DTM BJ 445 RGEAGE— , 1 56 . 1§ B 55 B [E K1 3 FRK S8 #E R (national oce-
anic and atmospheric administration, NOAA) JF & i VDatum Chttps: /vdatum. noaa. gov/) , ¥ FH 5 # 5|
WGS84/EGM2008; 48 J& » 5K fI Nuth % $2 A9k 5325 , L LIDAR 2% %) COPDEM30 i 17 Bt ofi s -7
ArcGIS10. 5 PR FEVE B 7E — 10~80 m AYHTIE X GDEM., Jf ) GDEM H $2 B3 B | 33 1] A sth 8 B2 AR
S N 5 B 5 R4 LiIDAR i 48 BORE 1 i R AE R I RE A s BEHL 23 1 7 = 3, Hod 7000 (3k3t
1167 124 AHAE R WA VI ZR i, T 3 827 B ARURE AT 8 , 4% 30 26 (331 500 196 4~) F TR ARG B2 554k
Fl GDEM Wi B A .

2.2 HEEE

XL G2 E 32 2] T S 5 R BORE AR TUA B M R A A 5 (R R, 2 1 — o R T SRR L b #ARE X 2 Bl 2
2] (cluster-based batch mode active learning, CBMAL) i) GDEM & 1E 7%, %5k EE A 3 H5: #11h
BEAR S BB REA AR EE B GDEM & 1E , BT FE a0 18 2 B
2.2.1 PR UIZR A

1465 A AR 5 — 3 ok B L B8 2 R P il SR SR . B MLl R R A 45 AR T A L (H AT RE i R SRR
PERE . A ELZ R 2B PE Al R DURE AR 8] A B0 B I 25 O 4 31 1k B — 20 AR e MR R AR, DR & 400 46 B AR 1Y
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Fig. 2 Process diagram of GDEM correction method in coastal areas based on active learning of clustering batch mode
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2.2.2 HEALMALSE

1% 58 22 D1 23 A ) 5 B i T A 28 125 (bootstrap) 14 Gt [a] J5t 22 b1 2%, RIVI A % A 0 2508 6 47 A7 ik [l 1) b
FEIE L2 AT S7 B DI RAEAS , T Y11 25 224 ] 288 AU Bl 295 g 1 o] DAY, 33 b 2 0 7 A 88 28 )1 2
b A Y 22 S e AT 4 v 0 AR T P B Y B i M . AR b T I A R R B A5 R AR R AR R S BOZ T
TE LA RV bk 2 A BTV 22 57t 45 By TEASE RN 5 o A v 7 A R B9 Ml 22 A BB 7 0 B S A AR 1) 22 R 1 AR
RUEAGERME, M 3R —Fh 2 G REMZE R SE BN Z TR R RZE R SE AR EEr
[ Jot 2% 5% 23 A 10 o 15 7E A AS 1] J2 104l S 5000 R AE L I 42 T 2 3027 I BERL A ROCR R RFE A (Y T i . HLAR D
BRUNE .

D BETHRFEA R — A 27 2] 22 B o 1% 2 o th 24> S B 1 ik 2 o) 4 21 A, 60 4% B ML AR AR (ran-
dom forest, RF) . £ 2 B 4% (multilayer perceptron, MLP) 1 37 £5 [ & [ I3 (support vector regression,
SVR),

2) R CARICHEA L I I 2522 D12 BB 5 ) I 2R ) A 2008 s A R b TR AR AR s R AT 00
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2.3 GDEM f&IE

R A oo R e A VI 2R RE AR L £ B RF B RL $2 3K 2 [H F 5 GDEM 1% 25 2 i) (1 56 & IFF FH I 25 47
AR T GDEM B IE . B IERE AL R AR .
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IEJEH) GDEM BEATAE E He e . X = GDEM 432 Kulp 5 A4 s A& 1E J5 5  X. GDEM (coastal digit-
al elevation model,CostalDEM v1. 1), Hawker 25" £ i 9 25 B3 € 50 %) A ML 8% 59 GDEM (forest and build-
ings removed copernicus DEM,FABDEM) fil Dusseau 25" A= i (9 & F2 8 — 10~80 m B2 BRUS 1 X 30+ 55
AR (DuilvumDEM) ,
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FA) B R B B R 2 . DR B B I SRR A
B 3G I, ML A% 2 2] B G PE Be K TR R,
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Fig. 3 Effect of the number of training points on the

RMSEs of the active learning methods
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TR AP EAS BEAE . H 5 GSx. GSy.iGS.QBC F1 DR J ¥ AH s A BF5E ¥ 19 R e 20 BIBEAR T

24.67%.22.15% .18.89% .28. 39 % Fl1 8. 66 %,

3.2 BERBESW

Kl 4 2y GDEM & IEHi 5 iR 25 481, 7l L)
F B 1E 5 COPDEMS30 K5 (R ysp =1. 17 m,
M .= 0.8 m) i T & IE Tl (Ryse = 6. 58 m,
My =4.5 m), JAH &R iE COPDEMS30 %
AR B S = AR SR R
1R R 3 = A . B AN LA EE CostalDEM vl. 1
(Rys: = 1. 87 ms M, = 1. 37 m). FABDEM
(Ryse=2.42 m, M, =1.56 m) # Diluvium-
DEM(R ye =1. 21 m, M, =0. 84 m) , KB 5%
TG . BRI AR T IE I M e
# # T DiluviumDEM. CostalDEM v1.1 #Fi
FABDEM 4 5| B& ik 7 4.76% . 41.61%.
48.72% sRyse Zr WIFBEAR T 3. 31%6.37. 43% F
51.65%  AHAWEST Jr ik (0 1T 50K BE ms I 1 3%
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4 Error statistics of GDEM before and after

correction in the experimental area
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T B U R A T AR 1 L A B TR A v i R UG DO I 5 deg mg A58 28 7 P 8 2K 307 T (B DX
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(F 5) W & IEHT COPDEMS30 iR 2 Eh e —20~3 m Z[a, #i8 COPDEMS30 77 7E i ff 22 . A BF
RHEBIESG GDEM(R yo: = 1. 68 m. M, = 1. 12 m) ¥ B B T COPDEMS30 (R v = 6. 52 m. M, =
4. 44 m) .CostalDEM v1. 1(Rye=2.68 m.M,; =1.96 m) Ml FABDEM(R e =2.31 m-M,z=1.43 m),
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