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JE 7 BEVO R N T P Y 0 B R A s CBH R AR FEE
CBD B {H (38 % ¥ & 4 30 Ib/arce - ft=0.012 kg/m®)
B A% & (Scott #l Reinhardt, 2001), #0f& 1 fr
o FEEE FIR S B S EE, PR Tk
TP AR N . CBD AN CBH AT L3 i Y A1 i A
BB, (HRFERHS . BiAm, HMELI#ET 725 1]
HhfE, RIE TR A i SR H (Chamberlain
G, 2021) BEREORBA Y UL P R
HIPEF, BB W ARAR o A 1 25 (8] S v, Al
BKAT R R IT T B A B AR AROE 2 AT S8
PHEATHE (Erdody #l Moskal, 2010).
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Fig. 1 Depiction of CBD and CBH used for simulation of

fire behavior
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MELRS CBHARRY, HRK%0.88, RMSE 4 1.62 m,
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Fig. 2 True color UAV multispectral image of the study area
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Table 1 Features of LIDAR and multispectral image
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Fig. 4 Distribution of VARI at various spatial resolution
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Table 2 The best subset regression of estimation of CBD and CBH for various data sources

Bt s P BIC 2L ] 77 7
LiDAR <0.0001 -199.85 CBD"=0.029H,  +0.017H ,~0.280VCI+0.235
ES Ny <0.0001 -189.44  CBD™=0.783EVI__ -0.00005Rededge_,~0.630Homogeneity—1.331VARI_,~2.790VARI__ +0.511
LiDAR+Z5Li#  <0.0001 -207.29 CBD**=0.019H,  +0.001Blue, —1.3420SAVI  -1.414NDVI_ ~1.763Correlation+1.969
LiDAR <0.0001 99.97 CBH*=0.112H _ +0.095H, -0.0381, -0.069LAI-2.842VCl+1.802
ESniip 261 <0.0001 131.25 CBH"’=4.994CLrededge_,~0.006Red ,+0.019Blue ,~0.140SR, _ +1.712
LiDAR+Z)i  <0.0001 95.96 CBH"*=0.117H,_+0.051H,;+0.004Blue_,~0.000031,,,~0.051 LAT-1.918VCI+0.672
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PEE A P P LiDAR B Ak 35 45 S (K R
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Fig. 6 Accuracy of estimates of CBD and CBH using the best subset regression and random forest
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Table 3 The importance of selected features using the best subset regression
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FEEAR B P VIF AEXT B % FEAEAR B P VIF AEXT B %
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Fig. 7 The number and the top ten importance of selected features using random forest
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Fig. 8 Spatial distribution of estimated CBD and CBH using the best subset regression and random forest, respectively
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LiDAR and multispectral images
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Abstract: Wildfire behavior modeling programs require spatial layers of Canopy Bulk Density (CBD) and Canopy Base Height (CBH) to
predict fire spread. However, the two canopy fuel metrics have been investigated by only a few studies in China. Inaccurate spatial estimates
may result from the utilization of traditional field-based estimates, which assume averages across spatial extents. Recently, unmanned aerial
vehicles (UAVs) have emerged as valuable tools that provide LIDAR point clouds and multispectral images for estimating CBD and CBH at
fine resolution. The main objective of this study is to develop an area-based approach to estimate CBD and CBH and evaluate the accuracy
of various UAV datasets at 10 m resolution at the local scale in China. A case study area is set up in Jiaohe City, Jilin Province, which is
predominantly covered by coniferous forests in low mountains and hills. Field data, species, crown base height, total tree height, and
diameter at breast height are obtained from 106 circular plots and served as modeling and validation datasets. The Fire and Fuels Extension
of Forest Vegetation Simulator is used to calculate CBD and CBH for each plot. Best subset regression and random forest models are
employed to establish relationships between the 106 field data points collected and the predictive variables derived from UAV LiDAR and
multispectral imagery. Given the nonlinearity of the data, the Box - Cox procedure is utilized and shows that 0.5 power transformation is
appropriate for best subset regression. The R value of CBD is always lower than that of CBH when the same models and input dataset are
used. The fusion of LIDAR with multispectral imagery produces the best accurate estimation of CBD when random forest is employed (R* =
0.5142, root mean squared error [RMSE] = 0.0773 kg/m’, relative RMSE [rRMSE] = 40.73%). LiDAR achieves the most accurate
estimation for CBH (R” = 0.6477, RMSE = 1.6245 m, rRMSE = 31.17%). For the best subset regression and random forest models, the use
of LiDAR point clouds alone has higher accuracy in estimating CBD and CBH compared with the use of multispectral imagery. The best
subset regression models have R” values that are greater than those of the random forest models for multispectral imagery alone. This finding
indicates that the CBD and CBH values estimated using multispectral imagery are higher than those estimated using LiDAR at a margin of
the study area because of crop land. For the various models, fusing LiDAR with multispectral imagery does not necessarily improve
estimation accuracy compared with using LIDAR and multispectral imagery alone. Therefore, we recommend using the random forest model
that fuses LiDAR and multispectral imagery and LiDAR alone to map CBD and CBH in the study area, respectively, because they have the
lowest RMSE. The best subset regression model involves 3 to 6 variables, and the random forest models have 10 to 52 predictive variables.
Among the original LiIDAR predictor variables, height features are the most important, and structure features have considerable importance.
The selected multispectral imagery features of both models exhibit diversity in various canopy flue metrics. This study provides clear
evidence that UAV LiDAR and multispectral imagery can be used to derive fine-resolution CBD and CBH, which are crucial for fire
behavior modeling at the landscape scale and for forest management activities and decision-making.

Key words: remote sensing, LiDAR, multispectral images, canopy bulk density, canopy base height, the best subset regression, random
forest
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