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Dataset

We propose a tree-level biomass estimation model approximating allometric equations by LiDAR data. Since tree crown
diameters estimation is challenging from spaceborne LiDAR measurements, we develop a model to correlate tree height
with biomass on the individual tree level employing a Gaussian process regressor. In order to validate the proposed
model, a set of 8,342 data points on tree height, trunk diameter, and biomass has been assembled. It covers seven
biomes globally present. We reference our model to four other models based on both, the Jucker data and our own
dataset. Although our approach deviates from standard biomass—height—diameter models, we demonstrate the Gaussian
process regression model as a viable alternative. In addition, we decompose the uncertainty of tree biomass estimates
into model- and fitting-based contributions. We verify the Gaussian process regressor has capacity to reduce the fitting
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uncertainty down to below 5%. Exploiting airborne LiDAR measurements and a field inventory survey on the ground, a 400
stand-level (or plot-level) study confirms a low relative error of 1% for our model. ii—gg
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A trade-off between time-consuming in-situ measurements and coarse-resolution biomass estimation is the estimation of He'f’gt)(m) D'a"('et;r (cm) B'Om?zls)(kg) (e)
tree-level parameters (such as height, crown diameter, etc.) from high-resolution remote sensing data as input to ¢
aII(?metric equt—tations. AIthough -highly correlated with biqmass, param?ters such as wogd density and diameter_ Fannot Fig. 2. Summary of data collected: Geospatial distribution of the measurements plotted on top of the biome classification map. Circle diameters represent the
reliably get estimated by aerial imagery. Jucker et al. confirmed that height and crown diameter of trees are sufficient to number of records at each geo-location (a); violin plots of the distributions of tree heights in meters (b), tree diameters in centimeters (c), and above-ground
estimate the trunk diameter by a single equation [2]. Crown diameter and height can be derived from airborne laser biomass in kilograms (d) for various biomes. The number of records for each biome is shown as absolute number to the right.
scanning (ALS) data. However, the crown diameter estimation is a source of significant model error. In this paper, we
proposed to estimate biomass from tree height, alone.
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We compare the single-input Gaussian process regressor (biomass-height) model [3] with a random forest (RF) biomass- ESTIMATION BENCHMARKED ON THE JUCKER DATA. BIOMASS FROM THE DATASET CURATED.
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and biomass—height—diameter . The form of the three allometric equations read: MODELS: LR. RE. AND GPR
LR: InB=aln(HXCD)+b+¢€ (1) or LR:InB=aln(D)+b+e¢€ (2) LR 0.664463 | 1108.855 0.26314 LR 0.749947 8230.41 0.150352 ,» RF,
LR2: InB=aln(H)+b +e€ (3) LR2 0.53256 1466.553 0.2931 LR2 | 0.245381 | 7722.323 | 0.504575 - 0025;71 O?SFM 0(()311:11%34
LR3: nB=aln(H) +bIn(D) +c+e  (4) LR3 | 0950643 | 424.6752 | 0.079669 LR3 | 0.780377 | 8204.319 | 0.109171 %RMSE 0.074465 0.227719 0.123556
where a, b, ¢ are the coefficients and bias terms determined by the training data; CD refers to the crown diameter; and € RF 0.803928 | 1147.066 | 0.20911 RF 0.812044 3679.73 0.366505
is model residuals. Since no crown diameter measurements in our collected data, we utilize an alternative biomass- GPR | 0837668 1117.9 0.218732 GPR | 0656328 | 4950.192 0.34472
diameter model in Eqg. (2).
To evaluate model accuracy, three indices get derived: R—squared (R2), root mean square error (RMSE), and model bias.
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R—square refers to the coefficient of determination, and is defined according to 4 Height o 4~ LR2
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where y; and y; are the ith ground truth and predicted values. ¥ amounts for the average mean of ground truth. ‘gozs X\ %
According to these definitions, the R—squared score may receive impact by a single, strongly biased estimation. Thus, 20_20_ go.z *
calculating R2, we exclude outliers when the corresponding absolute error exceed the mean absolute error by at least E £ \
three times, cf. red circles in Figure 3. - 0.1 A
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Bias relates to relative systematic error. It is defined as oanGe 0aAGE
R Fig. 5. Study of model uncertainties when working with tree height H, tree diameter D, Fig. 6. Biomass-dependent fitting uncertainties for the five candidate models
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Bias(y;, ;) ;Z . (7) crown diameter CD, and the product H x CD as input parameter of the allometric equation trained on the Jucker data. The overall fitting uncertainties of the five candidate
l The overall model uncertainties read: 18.25%, 14.13%, 29.81%, and 20.57% respectively. models reduce to 8.80%, 11.45%, 6.13%, 6.90%, and 4.50% respectively.

The negative or positive value of the bias indicates biomass under- or overestimation.
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Fig. 3. Plots of the fitted curves with corresponding prediction errors (left column), scatters of predicted and Fig. 4. Plots of model fits including corresponding prediction errors (left column), scatters of predicted and assumed ground truth; (c): scatter plot of model
observed are biomass shown in the middle column, and the distributions of errors is depicted by the contents of observed biomass (middle column), and the distributions of errors (right column) based on curated data. Each predicted biomass versus LR3 model reference. The data
the right column. The evaluation is based on the Jucker data [2]. Each row corresponds to one of the five models— panel corresponds to one of the five models, i.e. LR: (a)-(c), LR2: (d)-(f), LR3: (g)-(i), RF: (j)-(I), GPR: (m)-(o). are from [4].

from top to down: LR (a)-(c), LR2 (d)-(f), LR3 (g)-(i), RF (j)-(l), GPR (m)-(o).
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