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Tab.3 Correlation analysis between measured tree height and remote sensing parameters in forests
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Fig.3 Simulation and verification of crown height in different forest with BP neural network models

M 4 T8 3 (a) AT LA i, A AR RS
FRESCE S BN 82, E T T B A
B BN MRS I R R B R I
H BP 128 I 265 75 f5c /N Rl R 6 T e 9 R b A7 75
e A AR A , ) BE S ) b S A 3t ) S 00 i T
R HTE 20 ~25 m Z ] BERUAGB 45 R T ik
T, P ECT PR 2R I R L 22 D
LR MRA AR T SR AR A B v A A By, 3L
WSO 2 BN ] i O J2 S A5t A 1] 4, X mf
REZ S R E B LN, i B 3 (e) T LU
H TR SRR A AR i e T e £ TP T 30 m e TR
SEMREE L P IR 22 T R AR S 2 HARE R
S A B Z WESCE S AL R B b
TR S PR R J2 45 4 9 72 A, 3 AT i i A ALK 3
DL T R ARG B A

4 ik

RIS T LAE 3 Ak A  PLSR A9 S 45
REILTF MSR,PLSR f93Z fLRE ] L MSR B 4T, 44K
AU BP i 28 ) 2% 1 S 45K FE S B i 45 R A0 T
PLSR, MEARYIOUEAS R A A 2 B, e i 5 i o
BP #HZ 45 H PLSR A9 56 AR 3 0y, (ELET IR 5
MREYEEUE RMSE M 2.07 m ¥ /03] 2. 29 m, )] BP
PRZE L XPIR S AT REAEAE L U A I O . Rl bt
B ER A SR SEL, W] R 2 A R AR 2= ) e )2 254
FEICTERRIE A G5 — MR s EF AR 3
G 2 GBS AL, 7T RE R E AR 2 R
TR AR E RDGIERAE ; TRSSHRA 1 s k2
AGABISEL, T BES TR SR 24 B 9t A LR



. 68 EH £ %

A

2020 4F

P, X BP R X 45 i A5 50N (] A BRI
(IZ ALRE S BT R PR RS ™ FE B & BRI
BB R OGS S B A R S8
PR AR i DX AR AORE 0 S RS FEAIR . SO S
% I WG 2 7K S-S5 AR AE I ARARGEE 2 N AT 2%
) S5 JO P T 4 i s e 8% AR et 28 1) T T 485 4 o
AES  AE—E AR R M T 1 RS R A ) B, T
BT Bk Ay 2 ] i 22 5 . Shamsoddini 25 B
5¥F AL B AE O 47 s A B AR ARG M B 8, WF 5T
BRIFHE TR MBS EER R S AR MO )2 1 2514
FRAE, A /D % S0 B A AR AR S 500 0 A n T
IR R A SIS, BRI
FERWALOCIES B 5 Z MBS AR B, 7648 2
FRMEER S B AR5 | A IR 7 i) 42 A
SIHAERE A Z R AR AT 1) TR S ARE 10 s o
BRI AR MY N7 A SCRE S0, 1 I b B X6 FR AR
968 T o S Y LA — S AR

FEARMOIES T 5 S 3 AF 5T v | AR AR AL B AL
FRAR B2 2% B SVR 28R iz Ge-
breslasie ’iﬁf ] KL o2 ml T F1 BP #1258 W 25415
BT RN 2 e T e, 24 SR 3 WA 2R M A ot
O AR GEE 2 50 o M A, ST RE D s, AR
SR UETE AR [0 55 S P, BP Ps X 4% b 2tk
PR SR B o g R IS i FH 3 B A5 23 (8]
HERBUR, s (R F e B R A 71 S A
SR, I HAFAE SR B — S [, AR 58
10 m 23 [B)43 PRI SPOTS 2068, [R5 | A%
1BeE MY T S AH DB FRRRE , ST AN Rl R
ST FRARTEE IO g S T AR AR | AR vk S SR in 4
A ZTTAl A AL ET X P T B A, (EURHF 9 IX sl A X
H— BRI AL RE ) B S R B 2 SRR
H. BP 28 o 2 27 3] 1k $UL A 1] S A5 BR ], 784 S5 1Y
I 2t — &,

5 %%

R T A R BT R 1 DX S AR e T 1
FEORG B, AR BF T 3T SPOTS 226G 1E 54 1R 38 L Sr
M OGEFHIERESE S 5L, 454 MSR, PLSR il BP
P8 X283 ST A DX ol ARobAR e 100 e S 3

1) SRS 505 1 b S I 568 T00 w3 A OGP X 48 F
HiESHL, Ui S S FURE W 1T b S AR AR 5 J 2
(AR Ak, [ Hb S IR AT 2 19 T B 25 R REAE |

2) BI ARG S M R B A S PR AR A
METASEL, LA BP it 25 W) 45 k) 32 7R bR el T9 v S 73
R 2R BT MSR F PLSR ., i HASCH Ok S

TERHIE S E S AR MY A 245 B AR GRE T0 /2 o i
J7 AR T

RBESEAT R, A — s B MITEL B Bt
L SO L TR BOND RS S O “ M F B4R
HA B ISR, 7E RS 2 B0 i B
APPSR (AR e P B T
AR | 1S ATl pR BRI S AR LA B i
BRI & BEATE— R R R 1E4 5 S A
s 25 SRR A IR, A e 07 1T, 7547 A
—EBEHLIE RS , S IR BT P AR S B i 0 3 A
WA T o SR B R R D BERLIE R 2 |
FEIES R E AT GBSO . M T AR S RS
R B S A AR, DR X R AR A A B B TEAS
— BT AY | L% 5870 SO ISR, BLET X e
3 Sz W BR MR 0 B9 AS (] A A 2 BOIE AT SR A Y

2% 3k ( References ) :

(1] SRR skopdle, X0 22, A5 FE X 1 H PR R MA 3Btk i
Rl o s SIS 7] . A S 24z ,2016,25(1) 29 - 14.
Zhang J P,Zhang L B,Liu C L, et al. Estimation of carbon storage
and carbon sequestration potential of mid — subtropical forest vege—
tation in Jinggang Mountain [ J]. Ecology and Eevironmental Sci—
ences,2016,25(1) .9 - 14.

[2] Pourrahmati M R, Baghdadi N N, Darvishsefat A A et al. Capabili—
ty of GLAS/ICESat data to estimate forest canopy height and vol-
ume in mountainous forests of Iran [ J]. IEEE Journal of Selected
Topics in Applied Earth Observations & Remote Sensing,2017,8
(11):5246 -5261.

[3] Wang Y,Li G,Ding J,et al. A combined GLAS and MODIS esti—
mation of the global distribution of mean forest canopy height[ J].
Remote Sensing of Environment,2016,174(174) .24 —43.

[4] Eisfelder C,Kuenzer C,Dech S. Iderivation of biomass information
for semi — arid areas using remote — sensing data[ J |. International
Journal of Remote Sensing,2012,33(9) :2937 —2984.

[5] #FE@,8 W, RWO7. ARk b A Yy G g g Al I o0 ik J
[J]. B+ % JF %, 2011,23 (1) ;1 - 8. doi: 10. 6046/ gtzyys.
2011.01.01.

Lou X T,Zeng Y,Wu B F. Advances in remote sensing estimation
of aboveground biomass in forests [ J]. Remote Sensing for Land

and Resources,2011,23 (1) :1 - 8. doi: 10. 6046/ gtzyyg. 2011.

01.01.

[6] ZF 22 BR/R%, MO0, . & ML T 5 AR & F Lk
YA or s kR (7], @R AR 50 A ,2016,31(4) 625 -
633.

Li L,Chen E X,Li Z Y, et al. Progress in forest tree height and
aboveground biomass estimation of synthetic aperture Radar[]].
Remote Sensing Technology and Application,2016,31(4) :625 —
633.

[7] Feliciano E A, Wdowinski S, Potts M D, et al. Estimating mangrove

canopy height and above — ground biomass in everglades national



53

g

BUE, 55 RS RAREOR OGS MR R IE B AR T g S T Y

[10]

[11]

[13]

[14]

[15]

[16]

park with airbone LiDAR and TanDEM - X data[ J]. Remote Sens—
ing,2017,9(7) :702.

Wang M, Sun R, Xiao Z. Estimation of forest canopy height and
aboveground biomass from spaceborne LiIDAR and Landsat image—
ries in Maryland[ ] ]. Remote Sensing,2018,10(2) :344.

AT BT 2 IR RS B =0 R X AR MOE )2 S B S AR
AT EATFE [ D], LR b [ B 2 B 18 8 1 BF 5 BT
2008.

Dong L X. A method for estimating forest canopy height and bio—
mass in the Three Gorges reservoir area based on multi — source re—
mote sensing data[ D]. Beijing ; Institute of Remote Sensing Appli-
cations , Chinese Academy of Sciences,2008.

bR, e B3, TS A 4E. 2T ICESat GLAS 1 2 B AR M
EA R[] I, 2013,17(1) 169 - 183.

Huang K B,Pang Y,Shu Q T,et al. In — situ biomass inversion of
forests in Yunnan Province based on ICESat GLAS[ J]. Journal of
Remote Sensing,2013,17(1) :169 —183.
B, AT AR OB A GLAS 15 ETM 6 B A%
M B AR AT SE ()], AERCR AR (B RRRE R L2011 ,47
(4):703 -710.

Dong L X, Wu B F,Tang S H. Reconstruction of forest aboveground
biomass by LiDAR GLAS and ETM[ J]. Journal of Peking Univer—
sity ( Natural Science) ,2011,47(4) :703 —-710.

S, S PO B A U IR 22 A B O o B RO IR
[J]. Abstbkoll R 222241 ,2014,36 (4) 28 - 15.

Wu D,Fan W Y. Retrieving tree height from LiDAR and multi -
angle optical remote sensing data[ J]. Journal of Beijing Forestry
University ,2014,36(4) :8 - 15.

B, E O, S LT R REOLE K GLAS Rk
MODIS ¥ i [ 25 e )2 s BE R I [ ] b [ ) 22 (ML Bk R
%) ,2014(11) ;2487 —2498.

Yang T,Wang C,Li G C, et al. Height mapping of Chinese forest
canopy based on spaceborne laser Radar GLAS and optical MODIS
data[ J]. Science in China ( Earth Science) ,2014 (11) ;2487 -
2498.

Yu Y, Yang X G,Fan W Y. Estimates of forest structure parameters
from GLAS data and multi — angle imaging spectrometer data[ J].
International Journal of Applied Earth Observations and Geoinfor—
mation ,2015,38 .65 —71.

B TRHaAK, HOHR, A5, B4R LIDAR 5 HI - 1A/HSI & 61
BRI A A0 DSR2 R R [ MRl B, 2016,52(5)
142 - 149.

Qiu S,Xing Y Q,Tian J, et al. Joint estimation of regional canopy
height by satellite LiDAR and HJ — 1 A/HSI hyperspectral data
[J]. Forestry Science,2016,52(5) ;142 - 149.

P AR BB, SRR 2. 2T Worldview -2 SARAIMA T IR
PEHCG I SO [T]. PR Al B R 2 24,2014 (10) 245 -
50.

Sun H,Ju H B, Zhang H Q, et al. Tree crown extraction and tree
height inversion based on Worldview — 2 imagery [ J ]. Journal of
Central South University of Forestry and Technology,2014 (10) :45
-50.

Majdar R S, Ghassemian H. A probabilistic SVM approach for hy-
perspectral image classification using spectral and texture features

[J]. International Journal of Remote Sensing ,2017,38(15) ;4265 -

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25

[

[26]

[27

[

—
(N3
oo

[

[29]

4284.

Kayitakire F,Hamel C,Defourny P. Retrieving forest structure vari—
ables based on image texture analysis and IKONOS - 2 imagery
[J]. Remote Sensing of Environment,2006,102(3) :390 -401.
Gebreslasie M T, Ahmed F B, Aardt J. Extracting structural attrib—
utes from IKONOS imagery for Eucalyptus plantation forests in
KwaZulu — Natal ,South Africa,using image texture analysis and ar—
tificial neural networks [ J ]. International Journal of Remote Sens—
ing,2011,32(22) :7677 -7701.

Beguet B, Guyon D, Boukir S, et al. Automated retrieval of forest
structure variables based on multi — scale texture analysis of VHR
satellite imagery [ J]. ISPRS Journal of Photogrammetry & Remote
Sensing,2014,96(4) :164 —178.

Zhu J, Huang Z,Sun H, et al. Mapping forest ecosystem biomass
density for Xiangjiang River basin by combining plot and remote
sensing data and comparing spatial extrapolation methods [ J]. Re—
mote Sensing,2017,9(3) :241 —264.

=5 DI Y = S - S T R 2 o N L R X
T Z RSB AT [ ] Aol BE%2015,51(1) 1140 - 149.
Guo Y,Li Z Y,Chen E X, et al. Multispectral remote sensing esti—
mation of aboveground biomass of forests in the upper reaches of
Heihe River basin in Gansu Province[ J]. Forestry Science,2015,
51(1) 140 -149.

Luo S Z,Wang C,Xi X H,et al. Fusion of airborne LiDAR data
and hyperspectral imagery for aboveground and belowground forest
biomass estimation[ J]. Ecological Indicators,2017,73.

WO M, T AR, A5 2T A b I 4 R AR
At 1A i SR A R i L (0], AR AR R 2 A,
2018,46(1) :65 -69.

Xu H,Pan P,Ning J K, et al. Application of multiple linear regres—
sion and neural network model in remote sensing estimation of for—
est aboveground biomass[ J]. Journal of Northeast Forestry Univer—
sity,2018,46(1) :65 - 69.

Ingram J C,Dawson T P, Whittaher R J. Mapping tropical forest
structure in south — eastern adagascar using remote sensing and ar—
tificial neural networks[ J]. Remote Sensing of Environment ,2005 ,
94(4) :491 -507.

B IF, ¥ % T FLAASH 5 QUAC A1 SPOT 5 1% K
SRIERET]. 2@ ,2012, (11) ; 21 -23.

Guo Y K,Zeng F. Comparison of atmospheric correction of SPOT 5
image based on FLAASH and QUAC model[ J]. Bulletin of Survey—
ing and Mapping,2012,(11) :21 -23.

Castillo M A ,Ricker M, Jong B H J D. Estimation of tropical forest
structure from SPOT - 5 satellite images [ J ]. ISPRS Journal of
Photogrammetry & Remote Sensing,2010,31(10) :2767 —2782.
Pk ¥ S0, Rt s, 5. e AR SO A B TR MOl S Y
T AR [T AL mOMROl K224, 2015,37(3) « 1 - 12.
Chen L,Hao W Q,Gao D L, et al. Recent advances in optical im—
age texture information in forestry [ J]. Journal of Beijing Forestry
University ,2015,37(3) .1 - 12.

HALH, BRI 2B, G5 TR 1 Il AR A OE T B RO
%5 MERSI B6 A R [ 1] RINK M (FERER),
2011,36(9) :1020 - 1024.

Dong L X,Rong Z G,Li G C,et al. Joint inversion of LiDAR and
MERSI in the height of forest top in Jilin Changbai Mountain[J].



- 70- B+ R i 2020 4
Journal of Wuhan University ( Information Science Edition ) ,2011, 6407 - 6422.
36(9) :1020 - 1024. [33] Shamsoddini A, Turner R, Turner R. Pine plantation structure map—
[30] Bl s FF ke JE R ,5% 454 GLAS FITM 138 B4 iy vg ping using WorldView — 2 multispectral image [ J ]. International
AR A AR E ()] B R 5T, 2018,33(4) - Journal for Remote Sensing,2013,34(11) ;3986 —4007.
713 -720. [34] Gallardocruz J A,Meave J A,Gonzdlez E J, et al. Predicting tropi—
Liao K T,Qi S H, Wang C, et al. Forest height and biomass map- cal dry forest successional attributes from space:Is the key hidden
ping in Jiangxi Province based on GLAS and TM satellite data [ J]. in image texture? [J].Plos One,2012,7(2) :e30506.
Remote Sensing Technology and Application 2018 ,33 (4) ;713 - [35] W13, R, £ B, 5% G563 R a0 D6k 5B RHER
720. BMAE S HOE[T]. ALK 4, 2017, 48 (4) 125 -
[31] Eckert S. Improved forest biomass and carbon estimations using 134.
texture measures from WorldView — 2 satellite data[ J]. Remote Xie S Q,Zhao T Z,Wang W, et al. Inversion of forest structure pa—
Sensing,2012,4(4) ;810 — 829. rameters based on image texture , spectral and topographic features
[32] Kelsey K C,Neff J C. Estimates of aboveground biomass from tex— [J]. Transactions of the Chinese Society of Agricultural Machinery ,
ture analysis of Landsat imagery[ J]. Remote Sensing,2014,6(7) . 2017,48(4) :125 —134.

Inversion model of forest canopy height based on
image texture,spectral and topographic features

GAO Kaixuan, JIAO Haiming, WANG Xinchuang
(School of Surveying and Land Information Engineering, Henan Polytechnic University, Jiaozuo 454000, China)

Abstract; To tackle the problem of low inversion accuracy of regional forest crowns based on optical remote sensing
data, in this study the authors used multiple stepwise regression (MSR), partial least squares regression ( PLSR)
and back — propagation ( BP) network models to perform regional forest crown height inversion based on the
texture, spectral and topographic characteristics of SPOTS5 multispectral images. The inversion accuracy of the
models was compared and analyzed to determine the optimal model for the study area . The results show that the
correlation between the texture parameters of each forest type and the measured canopy height of the plot is better
than other spectral parameters. The BP neural network model performs better than other models , and the
determination coefficients R” of the validation results for the broad — leaved, coniferous , and mixed forest were 0.
76, 0.97 and 0.92, respectively, and the root mean square error (RMSE) were 1.6 m, 1.35 m and 2.29 m,
respectively. Studies have shown that texture parameters can reflect the structural characteristics of forest canopy
well, and the BP neural network model combining image texture , spectrum and terrain feature parameters has good
application potential in forest canopy height inversion .

Keywords: forest canopy height ; multi — spectral imagery ; texture parameter; multiple stepwise regression model ;

partial least squares model ; BP neural network model
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