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Multiscale Forest Gap Segmentation and Object-oriented Classification
Based on DOM and LiDAR
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Abstract; Aiming to study the effect of segmentation scale on object based segmentation and classification
of forest gap through fusion of aerial orthophoto (DOM) and LiDAR data, the typical natural secondary
forest in Maoershan Experimental Forest Farm Donglin Industry Zone of northeastern China was selected
as the experimental area. The DOM and airborne LiDAR were used for multiscale segmentation and
object-oriented forest gap classification. In the process of image segmentation, three segmentation
schemes ( segmentation of DOM, segmentation of LiDAR data and segmentation of a fusion of DOM and
LiDAR data) were adopted. For each segmentation scheme, 10 segmentation scales were set, then based
on the segmentation results, spectral and height features extracted from DOM and LiDAR data were used
for object-oriented forest gap classification with the support vector machine (SVM) classifier. The results
showed that the classification accuracies of three segmentation and classification schemes showed a
decline trend with the increase of scale, which was opposite with trend of ED3 ( Modified). Based on the
LiDAR data at scale parameter of 10, the best segmentation result was got. At all scale (10 ~100) , the
classification accuracy based on LiDAR segmentation and classification was higher than that based on two
other data segmentation and classification schemes, and had the more obvious advantage than using only
DOM. Based on scheme of LIDAR data segmentation and classification at scale parameter of 10, the
highest classification accuracy was got with Kappa coefficient of 80% . The classification accuracies of
three segmentation and classification schemes at the optimal scale were significantly higher than these at
other scales. The segmentation scale had important effect on the object-oriented forest gaps classification.
Key words: forest gap; image segmentation; LiDAR; aerial orthophoto; CHM; support vector machine
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Fig. 1 Location of experimental site ( Maoershan experimental forest farm)
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Wik S Bz ME
- % WF KT
Blue
3T DOM 43 (AO) Green 10 ~100
- ’ KA 10
Red
3 ; ; ya ~
TOLDAR S8 0-100
# (L) L kK10
Blue
DOM&LiDAR 3 [d] 4% Green 10 ~100
#(AL) Red HK N 10
CHM

R2 HEREXNRD LRI REFE

Tab.2 Image object metrics used in classifications

R 51 B 2 Xt G R AE 46 bR b7 A
Blue B {E
Y63 (SP) Green bR 9
Red RI T  2257
-1 fE
)% (HE) CHM e ifi 2 3
AR BRT-1 22 43

eCognition Developer 8.7 B {4: ) SVM /32 28 47 K
Bl AR AR BRI L 3 R A4y, SVM 4 2 A2 il
ok S 2 P A 4 e A A 5 [ 2 48 3 — v 4 1 R AR A
(], K J5 3% AN B Y g 48 4R E 2 (8] v SR OBUR 11 73 26
AT o X i A KR A 3Kl A R 5 S % o B
HEAT Y (2 1 (Linear) | 2 i 50 | 4% 4] 2 (RBF) |
SH) o RT3 FharHEIJ7 S, N 12 A X RRFAL 4R
b (3 2) VR 9% A B . R A Linear 2 ok £ 1)
SVM 73 e b A7 00 28, e T E R AL 46 : SVM 3 26
feeAE S RO, S TR AR BRI 23 A FVRR AiE ST
P 3 e R B dhE 2 (PRBRE L FE AR B AR S AR A ) S 2
PERT 73 Y, R 1A A Linear 2 s SVM 7328 88 2

JENE P Linear 2 pR LAY SVM 43228 A0 X fij 5
HiZ B, AL T 30 Fror2degiL,
2.4 HEREFEM

ARG R AT ED3 (Modified ) £ 45 i 17 43 1 7
L/ I % LN UL W= T RS R = AP A ]
TS XL ZEZNIE S B R0 50% B,
Bl A3 E X G A B bR iE D ML S % 2 3 E 1 4 E .
ED3 ( Modified ) 7£ 0 ~ 1 2Z [i] ) 19— {48 B0t 55 7 ik
H

j))

4 L As,)

3 2 |
(1)

A E FX EG B 55 3 (Modified )

I—2% Zh b kR
Xt 2% Zh I j 14y E 2 i IE
J—XE i 2% 20T i 1095 8 2 0 B
A——Z N TE
E B 2R o B R . T T RCE LR A
35 MR Z % Z B 20 M ENBRS % 2B
(K 2) 34555 B HE LN DS HEXN G, B
F ArcGIS10. 0 #1158 E XF 49 0 5 &2 317 9F o
A RIS R E SARMETE .
2.5 NELERBEIFN
Xt 3 Bl 3B 5 43 2607 R 30 Fhoy 245 R 4T
KR, R Kappa RECEM #5457 LANDIS
45N Kappa B0 K/INRIAr 6 AN IX BE, 23 AL
T—B R R . 24 Kappa REUNT 0 B, —

5



156 & Bl M ¥ iR 20174
HEREM ;0 ~0.20, —BHRAE)E M 55;0.21 ~ 0.9+ =IEFDOMSTH 0L FLIDARKHRS
0.40,55:0. 41 ~0. 60, £ :0. 61 ~0. 80, i % ( 5 — - o 'DOMLIDARWHJ%H
SR ) 0. 81 ~ 1.0, Mk & Kappa 25U HLEL 3% "

L LAFRAS LR 1 b 25 SR < 43 ) R S AR B 4 4 0 2 041

)5 ; DOM&LIDAR Py 7] 5 26 5 P — o K4 43 zhe| |

K IEH A . Kappa — 2 T Ko 2 AR 7 R 4> ey
10 20 30 40 50 60 70 80 90 100

RLERM Kappa AR E B 2SR E . T EM
M ZABRIE, Z S E kN
7= ok (2)
SV(k) +V(Ey)
K kL, Kappa 00 WA~ A
V(k,) V(k,) ——M 1 Kappa REH T2

Kappa Y10 )7 2% 5 % FOODY %8 717,
R Z B E R TG FE (1.96,95% & A5 X [H]) ,
WA 48 AR5 (H,) o

3 HRESW

3.1 EEoERETM

FEFTA R (10 ~100) |3 LiDAR 4 43 %
ED3 ( Modified ) {& (0. 64 + 0. 13) 53 F DOM 4} |
B = % B 6l 4> #) ED3 ( Modified ) fif ( AO: 0. 64 =
0.09;AL:0. 64 =0.09) (15 {E H B B 22 5,1
HF LiDAR $U¥E 4> %) ED3 ( Modified ) {8 45 1k %% K
(5) o 3 Fhip sl Jr R FEAHR AR 45 T AH 7] B 22 Ak E
fiE, BIAE 10 ~ 40 RUEE 280 BE A& 43 %1 R By 3 K,
ED3 ( Modified ) {& Ft &, 40 ~ 100 R BF & ¥ |-
ED3 (Modified ) 3£ JG B & X Il o 3 Fpr &I 4E 10 R
J& ED3 ( Modified ) {8 25 5 55 W] &, At R 2 5%
3MEITEER RIS, B AR E S 10 315
T AR 4y %) 45 5 (A0 ED3 ( Modified ) Jy 0. 48 ; AL
ED3 ( Modified) 2% 0.31; LI: ED3 ( Modified )
0.46) . Kt 3 F oy &1 J7 58 09 Je A 20 %0 ROBE 33 0y
10, Fiffi ] LIDAR 3048 20 %) R Z 80 10 1y
ED3 (Modified ) {4 f Ik, 3% 1 J& 3 B 40 %1 7 £ o
ED3 (Modified ) AR {E (&1 5) , PRtk dme 43 4521
3.2 MESEER

Xf 3 T A 6 G2 B A AR RS A T R, A BTN 4
FRFIE CTE AR FDE AR ) 2 REES B2 W . 76 10 RUEE
SR H) 3 FharE T 52 RE 08 B AT M A B AR B, {HL B
& O3 E ROBE B8 K, %o T MR B 1 43 1) >k 150 R A7 7E W
BARIARKIE . BRREZS B WA, 7855 i
T e T T ) 5 A 2 5 ) 3 R 6 52 Y T R ORTE
Mo 76 10 ROEZ ¥4 %, T DOM 43 & 5
DOM&LIDAR #p 1] 43 #1 #B & 1k 52 2| B % 5%
(E 6e 61) i nE2NIE55% 2NN RAR
REREFIE & . WHME RORE , BT LiDAR ¥4

RIE
KIS 3 ol T 2 R 2507 10 ~ 100 1) 73 ) 45
ED3 ( Modified ) {f
Fig.5 ED3(Modified) values for tree species segmentation

results at scale parameter ranging between 10 and 100

110 REZ B 73 I BOCR b (K 6a) ,iX 5%
ED3 (Modified ) PFH $5 bR 45 SR W1 5 . BT LiDAR %
i o3 F I A RORE 9 35 R 2 A 2 A LR LA W)
FUEE T B H A P b 23 50 07 5™ 5 (18] 6b ~ 6d) , HiAfth
PP I3 H) D7 278 20 ~ 40 RO AL T 58 i ] LiDAR
o3 SR AE AR R RUEE TR /9 73 A P A 23 1 07 58 91 3%
A 54K ARBR 4 IR LR A ARBR I 23 1 o o
33 3MABARBEENSHE

BEE RO R3S R, 3 e ) 5 00 2607 S0 266G
JERAR BT B &%, 5 ED3 (Modified ) j# % A4
FARVIRSE R DO E JUN R SRR g N 2 i
K EER) R85 2R . TERTA R b, kT LiDAR $04E
o815 00 K77 903 28K BE (Kappa) W] I 5 F HoAth 2
For 85702779 (K 3) o JETF DOM JpE1-70 2K 75
FIr NG EAR T A BLAE (Kappa oy 16% ~39% ) , )t
H 2 REZHAE 70 ~ 100 0, — B0OrE R s .
DOM&LiDAR 3 [] 73 %1 15 73 28 7 48 1) Kappa F 4 H
AAERJEZ %10 LI Kappa REK T 60% , —E 1k
PR o BT LiDAR 84870 #1-0r K 7 RIERE S
%10 ~30 | Kappa RECKTF 60% , H N JE S % 10
| Kappa & %(H 80% , — 8 M £, DOM&LIDAR
P I) 23 A 23 26 5 Bk DOM A LL RE 98 42 i 70 2K 6
FEMHROR I A R fe BAR Y . BBl ] LiDAR %4
3%, I LIDAR $2 B i BE F7 AL #E 17 bR B 43 26
T2 B8R e BRAEL L fie A A% B T[] X RAR B> 2R 0T 1

AW SR 3 o3 J7 G AR AT B o0 SR B R
JESHOE LN BRI R EZ %, 5T DOM ) # -4y
IR IR o MG RN 39% (REZHh 20) 5
DOM&LiDAR {5 [ 3 1 =43 2 J7 5 ) e i 70 K G JE
H68% (RUEZHCN 10) s 55T LiDAR 4 70 %1-7>
KRNI i FHEE R 80% (RS KN 10),
XALSE 30 PR AE R b e S . I, AR T
DOM 73 #7328 5 Rl RUE Z 50 20, HoAth 2 Fif
oy F=0r 207 R AR ESH Yy 10,

BT DOM 731 7r 28 07 R HAB RS F LR



59 1

BRI 4 2T DOM J¢ LiDAR 9 2 RUEE 701 45 T [ X G bk B 73 26 157

J&E 0 N T B e AH 22 23% P SR 22 12% 5 A
Fofr o =03 248 Oy 58 A RUBE 5 S5 O R JBE 0 20 e
EiAH2Z 43% (323 v LI/HE) f142% (3£ 3 ) AL/SP
+HE), V¥ 2% 26% (£ 3 F LI/HE) fl 30%
(£ 3 AL/SP + HE) o AR R Z 8] 73 K i A¢

o e 0 25 50 100
KB PRBRATE] - m

(a) I0RJFE-LT (b) 20R -1

(e) 10R EE-AO

(H) 20 JE-AO

(i) IORJE-AL

(j) 20N Z-AL
K6 3 Fhar il oy 52 bR B a1 45 2R R 1)

Fig.6 Examples of forest gap segmentation results by three segmentation schemes

B ES(E3), £3ELLTREMRE S HA
RPEHR) Kappa — Z Fa 5o 2528, ot — 2B 1 3 Bl &
P RTT R B o R T AR
FEPHNGIE (Z (IR T 1.96) , RE S HOxt 73 Je 4
RAHEL

() 309 LI (d) 40 JE-L1

() 30/ EF-AO

(h) 40 EE-AO

(k) 30} F-AL (I) 40R EE-AL

®3 RMRESHMRER Kappa ZH K Kappa-Z 121

Tab.3 Kappa coefficients and Kappa — Z test of optimal scale and other scales %
AO/SP LI/HE AL/SP + HE
R
K Kzn_K H():szzo K Km_K HO:K:KI() K Kl()_K HO:K:KI()
10 31 8 25.8 80 0 NA 68 0 NA
20 39 0 NA 79 1 4.6 59 9 29.4
30 36 3 10.7 63 17 51.6 44 24 77.7
40 32 7 23.8 56 24 78.8 32 36 116.6
50 28 11 35.9 54 26 86.5 32 36 117.8
60 23 16 54.8 49 31 104.3 29 38 129. 4
70 25 14 50.0 46 34 115.1 29 38 127.2
80 18 21 73.0 40 40 138.2 26 42 142.6
90 16 23 78.7 37 43 150.6 33 35 121.3
100 18 21 74.3 38 42 147.5 29 39 136. 8
SE A 27 12 54 26 38 30

K O Kappa R, Ky o RUEE S %1 20 i 9 Kappa 2%, Ko RUE S8 10 ) i Kappa R %,

4 itig

2R R SR AR BN EE R, o F REEAE N
REEMNHERZ —, HEZ WA &G0 5 K5
R s eCognition Developer 8. 7 Zx {4 p R & £
AR SRR 2 8000 1 B35 52 i 2 4 16

G RN R 7 R T B G, /N RUBE 7 2R /)N T
B 42 SRl o 0 ROBE 2 % B BF 5 00 4 5
FHTRIRE I 55 9, % AN ] 9 12T H RS, e I ROBE AN
SRR o A5 09 B DI 23 8 RURE 7€ SO BEAR 31 i
7R 2 NG BE B RUBE AL 3 Rl 81 =03 28 07 S8R i L
TR #E R E(AO/SP.20; LI/HE ;10 ; AL/



158 & o Bl B ¥ iR

2017 4

SP + HE:10) , Z i fIBF 530 © 4858 B — R fl R
e A AT e v Ay R T R 1% 40 R
R 5 4 205 BE A T LU L R [ 43 1 R
X T4 2K B A 3 T B , SR U A 45
TEAE 27 R RS R I A0 2R . AR TR E X e R
JEBEAT T BRGE , B AR TS fe i A SO I R, 5 — 7
TR AT T 3145 T MRBR 23 K5 18 Bt R 5 5088 A i A2
A 1 e 05 B A 1 B A R BE A R S B R R AT T
A% FR0RS B2 B0, BRI 3% e O R 2 5 LA AR Y T
JHPE

HEF LiIDAR $ 8 43 %1 5 1Ay 5 4 E0 K H 4>
) J5 B 5 4 (LI ED3 (Modified ) J 0.31) , % F
LiDAR %48 16 i 45 R L #6 L 36 F DOM 43 ] 35 £
B A RS B R A N R X R
9 LiDAR 423 (9 CHM B8 & 4F i & B0 bk 43 19 17
P, BRBR 15 L DOM (9 31 5356 W , 9% EL A6 9% 3 14
SRR, YANG 21 Ay i R 28 . E A
RUBE BB T DOM 3 47 K B2 26 0 38 0 A 1t
M, EERERTET K B 52 DOM f B 3% %%
MR AR K 5 ply T U2 T S R LA R AR [R) 0 i A A
B 5 B A 8 Ak 2 B | A P ' ST 119 78 16 S BORK B O
T A A 5 BB B T R AE 2 5 R )2 2 R
B OR % 5, DOM JF R BB 4R At @ 5 B
DOM&LIDAR B[] 43 #1432 5 %6 3F A J& fe 16 o7
% EEE A SR DOM 514 16 it 45 1F i 1%
R RN AR B T 5 5 B AR F B 2y T B R, B R A
R 587 % I ¥ DOM e /b 21 40 3 B HL. % 91 5% 5%
BR M EE 2 T DOM T #2436 10 0 38 75 B 9F R 58

B AW IT X Ik b bR SR T A %, AR AR B 2 R
M S i A 2 A AR T G B S AR S O R B 7 A
R

X G AR AIE SR THT 1] 0of R 3 SR A B SR AR o A
58 R G sy B2 R ik 3 202 9 07 T Y A
AW 5 3 F R E XS DOM 5 LiDAR %4k o
[Fi AT 171 6 R B 2 1 5 0 6 B 520 5 SR B 22 1)
Ik L3 i SCHLRR AL, I A 23 52 0 g5 I RO 1Y 8
VA B AN TR) 5 RO 53 0 JBE B AR 22 57

5 &

(D) FEFFA RBEET (10 ~100) Fol i f] LIDAR
B 23 =53 200K BE W] I i 1 A A 28 T R Y
S3MEEE AR L B A DOM (It #4558 fin i)

(2) 5T LiDAR 48 43 #176 ROEE S50 10 |- i
F147EIF 4, I F LiDAR $2 30 & B S [m] RpAF
A7 1T 1) X R 43 S AR AT T e R RS B (Kappa R 5
H80% ) .

(3) % 3 B4y 1—43 25 07 %8 30 Fhor 45 R G
JEVEAN S 8,3 b oy =00 26 05 F8 e L RUBBE 19 23 2R
JE W R T RO A RO HE . E — A — I
P4 E R A A i o

(4) B B 45 R BR T REESHOE W 5k, 41
) 3 v BT P 0 B A 2 5 e 6 4 TR
FIEAR

(5) 43 FI R X T8 [0 %5 G AR 03 2 45 A 6
B VEIC B 09 43 E R0 2 5 X R R 15 B T 5
W BE ) 3 R EE R

& % x Wt

ST-ONGE B, VEPAKOMMA U, SENECAL J F, et al. Canopy gap detection and analysis with airborne laser scanning. Forestry
applications of airborne Laser scanning[ M ].
VEPAKOMMA U, ST-ONGE B, KNEESHAW D. Response of a boreal forest to canopy opening: assessing vertical and lateral tree
growth with multi-temporal lidar data[ J]. Ecological Applications, 2011,21(1) ;99 - 121.

ASNER G P, KELLER M, PEREIRA R, et al. Canopy damage and recovery after selective logging in Amazonia: field and satellite
studies[ J]. Ecological Applications, 2004 ,14(4) . S280 - S298.

NEGRON-JUAREZ R I, CHAMBERS J Q, MARRA D M, et al. Detection of subpixel treefall gaps with Landsat imagery in
Central Amazon forests[ J]. Remote Sensing of Environment, 2011,115(12) ;3322 —3328.

CLARK M L, CLARK D B, ROBERTS D A. Small-footprint lidar estimation of sub-canopy elevation and tree height in a tropical
rain forest landscape[ J]. Remote Sensing of Environment, 2004 ,91(1) :68 - 89.

HE Y H, FRANKLIN S E, GUO X L, et al. Narrow-linear and small-area forest disturbance detection and mapping from high
spatial resolution imagery[ J]. Journal of Applied Remote Sensing, 2009,3(1) :2701 —2712.

MALAHLELA O, CHO M A, MUTANGA O. Mapping canopy gaps in an indigenous subtropical coastal forest using high-resolution
WorldView-2 data[ J]. International Journal of Remote Sensing, 2014 ,35(17) :6397 —6417.

VEPAKOMMA U, ST-ONGE B, KNEESHAW D. Spatially explicit characterization of boreal forest gap dynamics using multi-
Remote Sensing of Environment, 2008 ,112(5) :2326 —2340.

GAULTON R, MALTHUS T J. LiDAR mapping of canopy gaps in continuous cover forests: a comparison of canopy height model
and point cloud based techniques[ J]. International Journal of Remote Sensing, 2010,31(5) ;1193 —1211.

Berlin; Springer,2014.

temporal lidar data[ J].

10 YANG J, JONES T, CASPERSEN J, et al. Object-based canopy gap segmentation and classification: quantifying the pros and

11

cons of integrating optical and LiDAR data[ J]. Remote Sensing, 2015,7(12) : 15917 - 15932.
JOHANSEN K, ARROYO L A, PHINN S, et al. Comparison of geo-object based and pixel-based change detection of riparian



%9 1) BRI 4 2T DOM J¢ LiDAR 9 2 RUEE 701 45 T [ X G bk B 73 26 159

12

14

15

18

19

20

21

22

23

24

25

26

27

28

29

30

31
32

33

environments using high spatial resolution multi-spectral imagery[ J]. Photogrammetric Engineering and Remote Sensing, 2010,
76(2):123 - 136.

WAL, 8 AR, R K R THI 1] X6 42 7 ¥k B I [8] 7 41 MODIS 50405 38 3t 3% 8L 4R B —— LR 1 3o 1 [ T] . 38 4, 2017,
21(3) :479 -492.

ZHANG Meng, ZENG Yongnian, ZHU Yongsen. Wetland mapping of Donting Lake Basin based on time-series MODIS data and
object-oriented method[ J]. Journal of Remote Sensing,2017,21(3) :479 —492. (in Chinese)

SRR, AR, BRI SC, 45t A X Bk s ) 0 25 78 AL 8 R I 5 3R [J/OL] . A&l HLAR 27 4% ,2017,48 (1) : 104 -
111. http: / www. j-csam. org/jcsam/ ch/reader/ view_abstract. aspx? flag = 1&file_no =20170114&journal_id = jesam. DOI;10.
6041/j. issn. 1000-1298.2017.01.014.

ZHANG Chao, LIU Jiajia, CHEN Yingyi, et al. Remote sensing monitor and evaluation on patch morphology changing in land
consolidation areas [ J/OL ]. Transactions of the Chinese Society for Agricultural Machinery, 2017,48 (1):104 - 111. (in
Chinese)

BONNET S, GAULTON R, LEHAIRE F, et al. Canopy gap mapping from airborne laser scanning; an assessment of the
positional and geometrical accuracy[ J]. Remote Sensing, 2015,7(9) :11267 — 11294.

B IR, P AR R Rl TAT ) % 2 5 288 R A 46k )t B S B IR IO TR [T ] ROl AR A4, 2017, 33(3) 1198 -203.
LUO Kaisheng, TAO Fulu. Method for wetland type extraction using remote sensing combing object-oriented and tasseled cap
transformation[ J]. Transactions of the CSAE,2017,33(3) :198 —203. (in Chinese)

XEF 23N, B3, 4. 5T 2 AR 8L B AL AR RO AR 256 95 00 T 1) X BB 0 2 [T/O0L ], ROV ML 4, 2017,48(1) .
119 - 127. http; / www. j-csam. org/jcsam/ch/reader/view_abstract. aspx? flag = 1&file_no = 20170116& journal _id = jesam.
DOI: 10.6041/j. issn. 1000-1298.2017.01.016.

LIU Shu,JIANG Qigang,MA Yue,et al. Object-oriented wetland classification based on hybrid feature selection method combining
with relief F, multi-objective genetic algorithm and random forest [ J/OL]. Transactions of the Chinese Society for Agricultural
Machinery,2017,48(1) :119 = 127. (in Chinese)

B A, Eo50] L BUWIW] %5, 25T ENVISAT ASAR \LANDSAT TM 5 DEM {9 /% 3% 5 B4R I ik [T, iRy %4
SRR, 2017, 42(2) ;185 - 192.

LU Chunyan, WANG Zongming JIA Mingming, et al. Peatland extraction based on ENVISAT ASAR, Landset TM and DEM data
[J]. Geomatics and Information Science of Wuhan University, 2017, 42(2) ;185 —192. (in Chinese)

KIM M, MADDEN M, WARNER T. Estimation of optimal image object size for the segmentation of forest stands with
multispectral IKONOS imagery[ M ] // Object-Based Image Analysis. Berlin: Springer,2008:291 - 307.

WANG L, SOUSA W P, GONG P. Integration of object-based and pixel-based classification for mapping mangroves with IKONOS
imagery[ J]. International Journal of Remote Sensing, 2004 ,25(24) :5655 —5668.

COMANICIU D, MEER P. Mean shift: a robust approach toward feature space analysis[ J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2002,24(5) :603 - 619.

MICHEL J, YOUSSEFI D, GRIZONNET M. Stable mean-shift algorithm and its application to the segmentation of arbitrarily large
remote sensing images[ J|. IEEE Transactions on Geoscience and Remote Sensing, 2015,53(2) :952 —964.

BENZ U C, HOFMANN P, WILLHAUCK G, et al. Multi-resolution, object-oriented fuzzy analysis of remote sensing data for
GIS-ready information[ J]. International Journal of Photogrammetry and Remote Sensing,2004, 58(3 —4) :239 —258.

LI P, GUO J, SONG B, et al. A multilevel hierarchical image segmentation method for urban impervious surface mapping using
very high resolution imagery[ J]. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 2011,
4(1).103 -116.

LI D, ZHANG G, WU Z, et al. An edge embedded marker-based watershed algorithm for high spatial resolution remote sensing
image segmentation[ J]. TEEE Transactions on Image Processing, 2010,19 (10) :2781 —2787.

VINCENT L, SOILLE P. Watersheds in digital spaces: an efficient algorithm based on immersion simulations [ J]. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 1991,13(6) .583 - 598.

CHO M A, MATHIEU R, ASNER G P, et al. Mapping tree species composition in South African savannas using an integrated
airborne spectral and LiDAR system[ J]. Remote Sensing of Environment, 2012,125(10) :214 -226.

PANG Y, LI Z, JU H, et al. LiCHy: the CAF’s LiDAR, CCD and hyperspectral integrated airborne observation system[ J].
Remote Sensing, 2016,8(5) :398.

BAATZ M. ECognition user guide[ M ]. Munich: Definiens imaging GmbH ,2010.

VAPNIK V N. The nature of statistical learning theory[ M ]. Berlin:Springer-Verlag,2000.

JANSSEN L L F, WEI F J M. Accuracy assessment of satellite derived land-cover data: a review [ J]. Photogrammetric
Engineering and Remote Sensing,1994,60(4) :419 —426.

LANDIS J R, KOCH G G. The measurement of observer agreement for categorical data[ J]. Biometrics, 1977,33(1) ;159 — 174.
FOODY G M. Assessing the accuracy of land cover change with imperfect ground reference data[ J]. Remote Sensing of
Environment, 2010,114(10) ;2271 -2285.

KE Y, QUACKENBUSH L J, IM J. Synergistic use of QuickBird multispectral imagery and LIDAR data for object-based forest
species classification[ J]. Remote Sensing of Environment, 2010,114(6) ;1141 - 1154.



