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Abstract: [Objective] This article takes the deciduous broad-leaved forest in the Tianma National Nature
Reserve in Anhui Province as the research subject, exploring the application potential of the quantitative
structure model in biomass estimation of individual tree in complex environment using unmanned aerial vehicle
laser scanning data. [ Method] Through ground surveys and the use of unmanned aerial vehicles, plot data and
LiDAR point cloud data were collected, with the ground data serving as the reference measurements. The

comparative shortest-path algorithm was used for point cloud segmentation. Subsequently, tree parameters (such
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as diameter at breast height, trunk volume, branch volume, number of branches, canopy base height, canopy

area, canopy volume, and crown width) were extracted from the segmented individual tree point clouds using the

quantitative structure model. Pearson correlation coefficient and variance inflation factor were then employed for

variable selection of the parameters. Finally, an individual tree biomass estimation model was constructed based

on the three machine learning algorithms. [Result] Among the biomass models, the one based on random
forest (RF) achieved the best training performance (R* = 0.880 0, RMSE = 192.81 kg, rRMSE = 29.88%). The
performance of the multilayer perceptron (MLP) model (R* = 0.820 0, RMSE = 233.62 kg, rRMSE = 36.65%)
was quite similar to that of the support vector machine (SVM) model (R* = 0.810 0, RMSE = 243.67 kg, rRMSE =

37.77%). [ Conclusion] This article confirms that the tree parameters extracted from the quantitative structure

model can be used to construct a high-precision biomass estimation model for deciduous broadleaf species,

providing a new method for resource surveys in complex forest environment.
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Table 1 Basic information of sample plots
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Statistical value DBH Tree height breadth
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Table 2 Plot segmentation accuracy statistical results

B SR 7 FIREL Fii

Plot Actual tree count Segmented tree count TP FN kP ! P F-score
1 20 19 18 2 1 0.90 0.95 0.92
2 23 22 19 4 3 0.83 0.86 0.84
3 27 24 21 6 3 0.78 0.88 0.82
4 23 23 18 5 5 0.78 0.78 0.78
5 36 37 30 6 7 0.83 0.81 0.82
6 27 26 20 6 5 0.77 0.80 0.78
7 19 19 18 1 1 0.95 0.95 0.95
8 17 19 16 3 1 0.84 0.94 0.89
9 28 28 25 3 3 0.89 0.89 0.89
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Fig.5 Comparison images before (a) and after (b) TreeQSM modeling
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Table 3 Parameter statistical information

it FEFER/m B/’ & R EE/m g Z IR /m g E AR /m EE/m

Statistic Trunk volume Branch volume Branch number Crown base height Crown area Crown volume Crown width
FIIME Average 0.82 0.76 146.97 7.89 16.79 39.72 3.78
P % SD 0.58 1.40 166.26 3.17 19.34 103.76 2.31
H/ME Min. 0.12 0.01 8.00 0.44 1.38 0.01 0.67
PUGL Pys 0.41 0.11 41.00 5.47 5.09 0.71 2.10
AL Py 0.67 0.25 85.00 8.34 10.49 3.81 3.25
EDUSAL Pys 1.04 0.68 173.00 10.43 19.27 26.33 4.85
B K AH Max. 3.56 10.35 903.00 14.57 138.73 929.58 13.17
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Fig. 6 Diameter at breast height (DBH) and crown width fitting results
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Table 4 Correlation analysis of each modeling factor

FSES A ETEH gk J= AR ek ek J2 JE i v &
Factor Biomass Trunk volume Crown volume Crown width Crown base height Branch number
W) Biomass 1.00
F T Trunk volume 0.91" 1.00
56 ZAFL Crown volume 0.72"™" 0.71"" 1.00
seilE Crown width 0.77" 0.77" 0.73™ 1.00
S8 Z AT Crown base height —0.46"" —-0.40™" -0.38"™ —0.46™" 1.00
43 34 Branch number 0.64™ 0.617™ 0.77" 0.81" —-0.44™ 1.00
1) **% & 77 J£P<0.0017K-F 2 % 48 % (Pearsonik).
1) *** indicates significant correlation at P<0.001 level (Pearson method).
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Fig. 7 Scatter plot fitting comparison of biomass estimation models based on the three machine learning algorithms
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