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Estimation of Effective Leaf Area Index Scales of
Rubber Plantation Based on Multi-source Remote Sensing Data
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Abstract: [ Objective | Aiming at the problems of small scale, destructive to vegetation and low efficiency
of traditional forest leaf area index monitoring. [ Method |Based on airborne LiDAR data and Landsat 8 OLI da-
ta, the effective leaf area index of rubber forest in point cloud strip area was inversed by using LiDAR point
cloud based on Beer-Lambert theorem, and the difference was tested by the measured leaf area index of sample
plot.Secondly, taking the effective leaf area index obtained from LiDAR point clouds as the training samples
and combined with Landsat 8 OLI data, the partial least squares regression model and BP neural network model
were respectively used to carry out scale-up optical remote sensing estimation on the effective leaf area index.

[ Result | The results showed that: (1) The effective leaf area index retrieved from LiDAR point cloud was highly
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significantly correlated with the measured leaf area index of the sample plot, but the difference was not signifi-
cant, and the correlation coefficient is 0.82.(2) In the remote sensing estimation model established by the re-
search institute, the estimation result of the BP neural network regression model was better than that of the par-
tial least squares regression model, and its determination coefficient R* was 0.54, the root mean square error
RMSE was 1.23,and the relative root mean square error rRMSE was 47.68%.[ Conclusion ] For forest parameter
acquisition and forest survey, the combination of airborne lidar data and optical remote sensing data can effec-
tively improve work efficiency, reduce survey cost and effectively make up for the shortage of manual survey.
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Tab.1 Description of variable parameters

iy AR AR AT MR
Data type Variable name Variable symbol and explanation
Landsat8/OL1 55 1~7 I Bt B1~B7
FAHAHBAEEL(DVI) DVI = B, - B,
N " Bs - B,
IH— LA g AR XL (NDVI) NDVI = 2 ——
5 4
N N - Bs - B,
SRR R (EVD) EVI =2.5x

Bs + 6B, -17.5B, +1
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H (S B (RVI) RVI = %
AR E B B (SLAVI) SLAVI = B, 537

Landsat8 OLI I TR B HE A (TND V) TNDVI = (B, — B)I(B, + B, + 05
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L is the soil adjustment coefficient,and L=0.5 is taken in this paper
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Tab.2 Correlation screening results of independent variables

A5 5t Variable B1 B2 B3 B4 NDVI DVI SAVI RVI
X FREL ,
0.43" -0.47" -0.49™ -0.50" 0.58" 047" 0.58" 0.54"
Correlation coefficient
A% Variable SLAVI TNDVI NDVI ME3 ME4 ME?2 PC2
0.50 -0.50 0.58 -0.50 -0.52 0.47 -0.49

Correlation coefficient

SRR FE R (P<0.01) 5 378 I EAH I (P<0.05)

*Correlation is significant at the 0.05 level ; #*Correlation is significant at the 0.01 level
RO, [l At NREAR A4 s DA - b A AR IR (X, X, o, X)) VBN AR B M, n RS Pl MR ol 1 728 B A A
AR IR I F=[, 5o ) o FTM=[m] 0 S0 HE X5 Y BRI —XF 00 ¢, Rl w0 I3 50 SR XT3 ¢ 11 [l
U, 3 1T 5 Rk IR B O 1k o AR I X AN Y XS ¢, A A ER AR R BT N4 o R, B2
{4 AL TUU AOA HE

BP(BP neural network regression model ) 11 £ [ 2% A5 Y J2& H §ij b FHEE ) B9 28 B 48 A A 2 — o HiAw
5 A Z (D), B 2 (CHD A 2 (0) L RN < BP A 28 N 26 FEAG 4G R B rpr IR 22 10 1, AR5 A A
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Fig.3 Comparison between LiDAR and measured values of sample plots
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Tab.4 Difference test
Paiil e BIIME KI5 AR OB R R
Groupe Number Rank mean Chi-square Significance (bilateral)  Correlation coefficient
LAI 44 47.95
1.61 0.21 0.82(sig<0.01)
LAI-Li 44 41.05

MCRE S0 i 1 BR A K05 LiD AR 088 S 38 A 280 1 B B0 A SR B P A 1 22 52 O0F AN
1 T LiDAR K3k Sz 36 it if BRURS R0OR 5 i i R 1 2R 42 20000 it A A 21 A 2 0 T RS &, [ LiIDAR
b T8 A A58 T AR SRR BN T R S0 o AR, (R DR R R 22 AT AR R, A
P BT B A A5 - e — AR S R 0 Ak B A R R M R AR BB T B RO E AR
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3.2 ETF Landsat8 OLIZEHE MM ERIEHE BRI Z# 1
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Tab.5 Model fitting results

F A Model R RMSE rRMSE/%
PLSR 0.38 1.41 54.92
BPNN 0.54 1.23 47.68
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RIS i TR A2 AR ) AN, AR I 25 A AE A —E 2200
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Ly, 38 38 HRAE 1Y 7 2R $ BBORE 50 X5 1 AR TG AR, BRI MG A 257t e — ) Al I 52 22 5 Bt A &0 T AR
FEB A B K, v (R AN B G M ok W S, A EL %5 T 55 B A1 225 ) 4% [ A5 50 903000 41 A 42 T 0 e /N — 3f
(] 9 A5 28 1) 0 S SR S, 2 A BB 0 AT, AR Bl A5 A 80 TR RO 3 O, DR S A Ak T R
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0, DTS B0 250 T AR T B30 v (AR A 5 ) Bh DA 28 JB 5 08 U 1Y) £ B R, WO B SR B ROt 2% e Je%
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Fig.4 Estimation results of BP neural network model Fig.5 Estimation results of PLSR regression model
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DAR WO = A5 2 1A 880 AR T8 B0 A7 25 SR 56, O DUAT R0 T R BOVE S U Rk A B
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