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Estimation of Aboveground Biomass of Arbor Forest
Based on Landsat 8 Image
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Abstract ; With the Landsat 8 image and 96 field survey data in Zhejiang Province as the data source,the
vegetation indices , texture features, terrain factors were extracted and optimized, and the preferred varia-
bles were selected. The factors were grouped into two sets of independent variables : vegetation indices,
vegetation indices + texture features. The least squares regression method was used to construct the
aboveground biomass estimation model of arbor forest,and the estimation results were compared and ana-
lyzed. The results show that in the constructed models, the model accuracy of vegetation indices + texture
features set is better than the model constructed by the vegetation indices set. The result indicates that the
texture features of the multispectral bands have the effect of improving the model estimation accuracy. In
addition , the variable screening method adopted in this paper takes into account the correlation between
variables and the collinearity problem,which can improve the stability of the constructed model.
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Fig. 1 The border of the study area and distribution of survey samples
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Tab. 1 Technical parameters for Landsat 8 OLI
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9 1.136 ~1.390 EEPN 30

3 Pt R 1R A, 2 5 AR R, H
HR SRR S A KRS R 7 a0 1 F 135°, 42 H)
T 3x3 G 8 PR BUHAFE . HAE FE K
BRI 2 R,

R FH B IR BRAH O REOE GG 7 2K A ik
FEIA AR R T 5, SR B R BRAH O R B0
PRI 5 I AR Ak b AR W AR B E A O (P <
0.01) iy A A2 5 A, R 5 R J7 22 B Ik IR -3k %
AR A A — 2 0 e, BRI B S R
TARLA AL A

772 i A 1 ( Variance Inflation Factor, VIF)
AR B Z AP TE 2 AL R 1 7 22 A
FAAEZ B LR PR A9 7 22 22 1, O 7 R0 8 Y 30 5
VIF R, SR 3L ™ 5 o e i3
BI: 340 <VIF <10, AFfEZ B L2t 2 10 <
VIF <100, fF7E5m i 2 d L2 b XY VIF =100, 17
TE L EANE . RIRMICH Sk veR " A
WFFEIE O <VIF <10, 75202 >0. 1 R EATHH], %t
B AR T

ST AR B AR o i A R AR B
MR R + BOMFFAER 2 Fp g A2 &, 2 5B
P, XF LU 3 B S0 3 R AR BE 18 0 SR 1 il 5A
ROR
2.4 fidg/ N 3l H

SR F I B /Iy — 3 1] A 32l Sr TR R AR b A= W)



556 1 AR5 : HEF Landsat 8 SEAL A TR AR M _E A= 9y A 45

41

Al LR, i B/l T 3¢ [9] )5 5 ( Partial Least-
Squares Regression, PLSR) % £ JG [0] 5 43 #7 . #L751 4H
KM AN R o3 B B G 5T — A, W] LA S50 i

R A TR AR AR

xR2 BELTERT
Tab. 2 Modeling variable factors
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Tab. 3 Pearson correlation coefficients between independent variables and arbor forest above ground biomass

5 i FHOC R B 5 i (B3 5 i LEES 1
NDVI 0.644 ** Greenness 0.306 ** B6_Mean -0.320*"
RVI 0.678 " IR 0.321"" B6_Variance -0.345""
RVI54 -0.400 " B1_Mean -0.336"" B6_Contrast -0.295""
RVI64 -0.398 " B2_Mean -0.342"" B6_ Diss -0.277*"
SAVI 0. 644 ** B3_Mean -0.407 " B6_Entropy -0.318*"
NLI 0.387 " B3 _Entropy -0.321*" B6_Second 0.285"*
ARVI 0.646 " B3_Second 0.316""

PCA2 -0.500 " B3_Correlation 0.282""
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Tab. 4 Independent factors filter based on the VIF method

A LEPES 4 A LEPES ¢ A HHRFEL
RVI 0.678 ** B1_Mean -0.336"" B6_Variance -0.345""
NLI 0.387 ** B3_Correlation 0.282**
5513 0.321 "¢ B6_Mean -0.320
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Tab. 5 Two independent variable sets constructed based on independent variables selected by VIF method
[Shelastie o Tt i ALY
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MBS + SO ARE RVI,NLI , #§3k ,B1 _Mean ,B3_ Correlation ,B6_Mean ,B6_Variance
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Tab. 6 Biomass estimation models based on different independent variable sets
and PLSR method
[ShlasTie o T i A A
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RSB + SOHARAE 2.9581 x RVI +4.2002 x 10* x NLI +0. 0030 x #4& — 4. 5295 x Bl _Mean + 10. 0608 x B3 _ Correlation — 7. 7782 x
B6_Mean - 9. 8515 x B6_Variance —4. 1966 x 10*
x7 AREBZESKM PLSR BT E LR
Tab. 7 Comparison of prediction accuracy of PLSR models with different sets
of independent variables
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TG R+ SORRHIE 0. 4212 20. 30 0.10 0.27
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Fig. 2 Comparison of two model evaluation indexes
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