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Abstract 13

Computational visual intelligence has been shown to be able to comprehend the content of images, which has been 14

widely used to foster a digitized society, but is often underutilized in applications related to the green transition and 15

climate change mitigation. Here, we evaluate the capacity of convolutional neural networks (CNN) to interpret spatial 16

semantic patterns in optical RGB images to directly estimate forest biomass, an essential climate parameter previously 17

assessed from structural measures of trees. Trained with forest inventory plots, the CNN model demonstrates its learning 18

via interpreting the composition of biomass at tree level, differing from traditional approaches reliant on conversions 19

of aggregated parameters without explanatory rationale. The CNN approach yields consistently low bias across wide 20

biomass ranges, whereas traditional models show insufficiency without information on tree height. Visually interpretable 21

models link advanced computational tools with the power of data, facilitating the sustainable management of resources 22

for a carbon-neutral society. 23

1 Introduction 24

Forests represent a major sink of atmospheric carbon dioxide [1]. To mitigate climate change, sustainable forest management 25

strategies aiming to maintain or increase forest carbon storage have been proposed [2, 3, 4], supported by international 26

conventions such as the United Nations Framework Convention on Climate Change and the Sustainable Development 27

Goals [5]. These programs require monitoring, reporting, and verification of tree and forest carbon stocks to ensure 28

that countries are meeting their emission reduction commitments from forest conservation and restoration efforts [6, 7]. 29

The quantification of forest biomass is also crucial for the implementation of effective management strategies related 30

to the green transition and the maintenance or enhancement of ecosystem services, such as forest productivity and 31

biodiversity [8, 9]. Traditional ground-based surveys and field measurements for forest biomass reporting are accurate 32

yet remain time-consuming and labor intensive [10, 11], and thus effective, rapid, and scalable approaches are needed to 33

complement field-based inventories [12]. 34

Forests vary in regards to tree species composition, tree size, density, and age, all of which can influence the carbon 35

storage capacity of a forest [8, 13, 14]. Remote sensing technologies can only partially capture the spatial variations in 36

forest above-ground biomass (AGB) due to the trade-offs between sensor characteristics, costs, and data availability [15, 37

16, 17, 18]. High-precision ground-based sensors such as terrestrial laser scanning instruments provide accurate estimates 38

of wood volume, a proxy for AGB, by measuring explicitly the 3D architecture of each tree with millimeter-level of 39

details [17, 19]. However, these approaches are less amenable to upscaling because they rely on fieldwork by trained 40

operators. Airborne Light Detection and Ranging (LiDAR) provides a reliable alternative to upscale biomass measurements 41

directly over larger areas [20], or derive biomass from allometric relationships with tree height [21]. Data from public or 42

commercial optical sensors trained with airborne or spaceborne LiDAR enable height estimation from optical images, 43

which is considered a promising way to estimate biomass over large areas without the need for additional LiDAR 44

data [22, 23, 24]. Yet, most previous approaches are based on conversions of parameters, such as height, reflectance, 45

or radar backscatter, which are typically aggregated to match field plots before relationships between remotely sensed 46

parameters and field-measured biomass are established at the plot level. Results typically have a moderate spatial 47

resolution, inadequately representing the spatial variations in biomass within forests, and often cannot detect trees outside 48
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of forests, such as trees in urban areas or farmlands, which can contribute up to a quarter of national tree biomass for 49

many countries [23]. 50

Recently, high-resolution optical images with spatial resolutions higher than 3 m and advancements in deep learning 51

have made it feasible to detect individual tree crowns and estimate their height for both forested and non-forested 52

landscapes at various scales [25, 26, 27, 28]. These tree-level variables can be converted into AGB using allometric 53

equations established from field measurements [11, 29, 30, 31]. However, the allometric coefficients depend highly 54

on species-specific parameters invisible from airborne sensors, such as wood density [32], and the optimal mathematical 55

formulas reflecting the true relationships between airborne tree variables and AGB are hard to verify [33, 34]. Uncertainties 56

may further arise when upscaling allometric equations to remotely detected tree features, which may deviate substantially 57

from on-ground measurements that align with the established allometric relationships [35]. Besides, optical imagery-based 58

tree-level methods only capture trees visible from an aerial perspective, ignoring all understory that can contribute a 59

considerable part to the total tree count [25]. Consequently, errors at the tree or plot level can be high. Moreover, the 60

availability of LiDAR is not always given, and the reliability of using tree height estimated from optical images as an 61

indicator of biomass remains unclear. 62

Considering that aerial and satellite images with sub-meter resolution are increasingly available and the image quality 63

has reached a visually interpretable level in relation to information on tree structure, a direct estimation of AGB from the 64

image itself without the intermediate parameter extraction may lead to higher performance by eliminating the information 65

loss caused by the transformations. Convolutional Neural Networks (CNNs) are well-known for their ability to parse 66

spatial context information using convolutional kernels [36, 37], and have been applied to similar real-world applications 67

such as estimating age from human face images [38], food ripeness from photos [39], and house prices from street view 68

and satellite images [40]. However, multi-step feature- or tree-segmentation-based approaches have so far dominated the 69

AGB estimation research at plot or tree scales in the remote sensing field and a direct mapping from images to forest 70

biomass has rarely been tested. 71

The overall aim of the study is to utilize CNNs to infer AGB, normally assessed from complex field measurements, 72

directly from sub-meter resolution optical images, without any domain-knowledge-based modeling. We train the model 73

using field plots from the Danish National Forest Inventory (NFI) with aggregated plot-level AGB calculated from 74

non-destructive in-situ tree measurements [41], and visualize model learning to infer biomass from the optical red-green-blue 75

(RGB) images. We compare the CNN models with a conventional Random Forest (RF) model, which estimates AGB using 76

handcrafted plot-level features. Besides, we assess the performance variations when incorporating LiDAR-derived height 77

or height estimated from optical images as additional inputs. Furthermore, results are compared with tree-level approaches 78

that use allometric relationships to convert remotely detected crown diameter and height to biomass. Tree-level approaches 79

are relevant in cases where information on single trees is required, such as in restoration areas or regions with sparse tree 80

cover. We apply generalized allometric equations from the literature [29] and additionally propose an equation-free 81

method based on a smooth monotonic neural network (SMNN) [42], which correlates airborne-derived individual tree 82

crown segments directly with plot-based field-measured AGB. Here the aim is to develop a trainable allometric model 83

that provides more flexibility than conventional fixed-form allometric equations [29], thereby eliminating the need for a 84

mathematical formulation of allometric relationships. 85

2 Results 86

2.1 Convolutional Neural Networks Infer AGB from Optical Images 87

In this study, we employed CNNs to infer AGB from high-resolution optical images. We utilized a total of 2,423 Danish 88

NFI field plots (15 m radius) [41] with plot-aggregated AGB as the reference data, which were split into training, 89

validation, and a standalone test set with a ratio of 8:1:1. Optical aerial images captured during the summer of 2018 90

at a spatial resolution of 20 cm were used as the inputs. Three efficient CNN architectures were selected as spatial feature 91

extractors, which were subsequently connected with two different designs of regression heads (Figure 1.a, see Methods). 92

Regression head A performed a series of non-linear transformations to produce the plot-level AGB, while regression head 93

B generated an activation map reflecting the localized distribution of AGB (Figure 2). In the latter case, the model learned 94

to infer the localized pixel contribution of AGB by plot-level supervision. We trained the CNNs using the training and 95

validation sets with the plot-level AGB labels from NFI, and we evaluated the models using the test data. 96
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Figure 1: Overview of the plot-level approaches including our proposed Convolutional Neural Network (CNN) and a standard Random Forest (RF)
model. a. Architecture of the CNN for above-ground biomass (AGB) estimation from optical images. The model takes optical images as inputs and
outputs plot-level AGB estimates. The border of the field plot is demonstrated with the yellow circle (15 m radius) in the input image and the red circle
displays the buffered (3 m) area which is seen by the model for enhanced neighborhood context. Two different designs of regression heads are tested. In
design head B, the activation map reflects the estimated pixel contribution of AGB. b. Demonstration of the RF approach. The hand-crafted plot-level
features are used for the RF regression.

Different model architecture designs led to slightly varying testing performances, with coefficient of determination 97

(R2) scores, calculated between the estimated and referential AGB, ranging between 0.62 and 0.71, and relative mean 98

absolute errors (rMAE) in the range of 34.71% to 38.79% (Table E1). The activation map visualizes the learned relationship 99

between trees and AGB at a sub-plot level at roughly 2 m ground resolution, allowing for an enhanced interpretation of the 100

deep learning process (Figures 2.a-b). The model demonstrated a tendency to estimate high pixel contributions of AGB for 101

dense or large trees, and lower AGB for gaps, which agreed with human cognition and the expected sub-plot distribution 102

of AGB. The sum of all pixel values for each activation map corresponded to the total AGB estimate for the plot (Figures 103

2.a and 2.c). CNNs commonly rely on high-resolution input images to interpret spatial patterns [43, 37]. To simulate 104

the model performance induced by coarser input resolutions, we down-sampled the images to different resolutions and 105

established separate models accordingly (Figure 2.c and Table E2). The plot-level R2 score exhibited a rapid drop, 106

falling under 0.5 when the input pixel size was set above 80 cm (Figure 2.d). Degrading the input resolution resulted in 107

a skewed shift in the estimated AGB distribution, where estimates tended to center around the average AGB (100-200 108

Mg·ha−1, Figure 2.e) rather than following a similar distribution as the NFI references. With a coarser input resolution 109

and diminishing spatial contextual details, the activation maps tended to diverge from human interpretation, and the visual 110

saliency faded away, leading to more blurred representations (Figure 2.c). 111
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Figure 2: Localized pixel contribution of AGB estimation and performance variation with a decreasing input resolution (Res.). a. Examples of activation
maps generated from the CNN model using 20 cm-resolution optical images. The pixel color represents the localized pixel contribution of AGB at
roughly 2 m ground resolution. Examples were sampled from the test set. The yellow circles represent the borders of National Forest Inventory (NFI)
plots. The reference (Ref.) and estimated (Est.) AGB at the plot level are shown alongside. b. Example of the AGB activation map (second column)
and the AGB estimation map (third column) for a mixed-type forest area. The AGB values of the activation map were spatially aggregated to produce
the final AGB estimation map at 40 m resolution. c. Activation maps generated from optical images of different pixel resolutions ranging from 40 cm
to 320 cm. d. Changes in plot-level R2 scores and rMAE with an increasing input pixel size evaluated on the test data. e. Histograms of AGB estimates
on the test set using separate models with different input resolutions from 20 cm to 320 cm. The histogram of the reference AGB from NFI is shown in
gray color.

We used the same data split to compare results from the best-performing CNN design with a Random Forest regression 112

model (Figure 3), which estimated plot-level AGB using hand-crafted features extracted from the optical imagery, including 113

band statistics, vegetation indices, histograms, and texture properties (Figure 1.b and Table.E3). We focused on two major 114

aspects of the model performance: the model’s capacity of capturing the spatial variation of AGB, and the systematic 115

bias when aggregated beyond plot scales. Compared with the CNN model, which captured the variation of AGB across 116

landscapes by interpreting the spatial patterns, the RF model generated average values with limited variation, attaining 117

an R2 score of 0.3 with up to 58.09% rMAE (Figures 3.a and 3.c). Absolute errors of the estimates from CNN were 118

significantly lower than those from RF (Mann-Whitney U test, n = 258, p < 0.001). To evaluate the systematic bias when 119

aggregated to larger scales, we categorized the test plots into AGB groups with 50 Mg·ha−1 intervals and calculated the 120

bias within each group (Figure 3.d). The CNN model consistently maintained relatively low bias across a wide range of 121

AGB values, achieving lower than 12% bias for AGB values between 100 and 250 Mg·ha−1 and lower than 29% bias 122

for AGB > 50 Mg·ha−1. In contrast, the RF model was remarkably biased (35%-330%) on low- (< 100 Mg·ha−1) or 123

high-value (> 200 Mg·ha−1) AGB samples. 124
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Figure 3: Visual examples and evaluation of AGB estimation using CNN and RF models. Sub-figures a-d demonstrate the results when using optical
images as input; sub-figures e-g demonstrate the results when using optical images and LiDAR-derived canopy height maps (CHM) as inputs. a. AGB
estimated using CNN and RF models for an example area composed of both coniferous and deciduous trees. The AGB was estimated at 40 m pixel
grids, approximately matching the resolution of the NFI plots used for training. b. AGB estimation for the entire country of Denmark using optical
images from 2018. c. Plot-level evaluation against the referential AGB using the test plots. d. Overall bias evaluated at 50 Mg·ha−1 interval levels.
Positive bias indicates overestimation and negative bias indicates underestimation. e. AGB estimated using CNN and RF models from optical images
and LiDAR-derived CHM. f. Plot-level evaluation against the referential AGB. g. Overall bias evaluated within each 50 Mg·ha−1 interval.

2.2 Performance Gain from LiDAR Height but Not from Estimated Height 125

We then tested the impacts of adding two different types of canopy height maps (CHM) as additional input sources 126

reflecting the structural information of tree height. Firstly, we evaluated the CNN and RF models trained with both optical 127

images and LiDAR-derived CHM (Figures 3.e-g and Table E4). As expected, we noticed a performance improvement for 128

both models, particularly for RF with a rise in R2 score from 0.3 to 0.8 and significantly lower plot-level estimation errors 129

(Mann–Whitney U-test, n = 258, p-value < 0.001). Yet, the CNN models still outperformed RF, reaching an R2 score 130

of 0.85 (rMAE = 24.15%, Figure 3.f). Visual examples illustrate that both models exhibited comparable distributions of 131

AGB estimations with broad variations (Figure 3.e). The CNN model attained the minimum bias across a wide range of 132

AGB values, falling consistently below 17% (Figure 3.g). 133

Secondly, estimated heights were utilized in place of the LiDAR heights to simulate the performance when potentially 134

erroneous height approximates were used due to the unavailability of LiDAR data, which has become a recent trend 135

for large-scale biomass estimation [22, 24, 44]. We used canopy heights estimated from the optical images using a deep 136

regression model [25], which reported a tree-level MAE of 2.9 m in an independent test. Switching from LiDAR heights to 137

estimated heights degraded the performance of all CNN and RF models (Table E1 and Table E5). Notably, the inclusion of 138

estimated heights for CNNs resulted in slightly lower R2 scores than using only optical images (Mann–Whitney U-test, 139

n = 8, p-value < 0.001). To analyze the underlying reasons for the marginally worsened performance in CNNs, we 140

calculated the Pearson correlation between the MAE of the estimated heights against the LiDAR heights and the absolute 141

error of the estimated AGB against the referential AGB. The Pearson r was 0.47 (p-value < 0.01), indicating a positive 142

correlation between high errors in the AGB estimation and high errors in the height estimation, and that AGB estimation 143

could thereby be skewed by incorrect heights. Yet, integrating the estimated heights resulted in stronger RF models than 144
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those trained with only optical features, as evidenced by an increase in R2 score from 0.3 to 0.58 with significantly lower 145

estimation errors (Mann–Whitney U-test, n = 258, p-value < 0.001). 146

2.3 Neural Network Enables Auto-learning of Tree-level Allometric Relationships 147

Finally, we analyzed how the plot-level CNN approach compares with tree-level approaches that utilize crown area and 148

tree height to derive biomass for trees visible from an aerial perspective [30, 31, 45]. Tree-level estimators commonly 149

involve a preliminary step of single tree identification from the input imagery. Here, we used individual tree crown 150

segments predicted from the same aerial data in a previous study [25], which was also used as inputs for the abovementioned 151

CNNs and RFs. According to an independent test, the tree crown segmentation model achieved an F1 score of 0.77 (recall 152

= 0.69, precision = 0.96) [25]. Tree heights were attributed to tree crowns by using the 95th percentile values from two 153

different CHMs, including the LiDAR-derived CHM and the estimated CHM [25]. We tested two approaches for tree-level 154

AGB estimation (Figure 4.a). Firstly, we applied generalized allometric equations derived from literature [29] directly 155

on the extracted tree-level features, including crown diameter and height. Generalized equations were utilized since field 156

data and local allometric equations involving crown features were not available. Secondly, to overcome the drawbacks of 157

generalized allometric equations, we introduced a neural network-based model that could learn to automatically establish 158

a correlation between tree features and the total AGB by interpreting large amounts of data. The model estimated AGB at 159

individual tree level with the ultimate goal of approaching the plot-level NFI references when aggregated (Figures 4.b-c). 160

The bias from the missing understory was thereby calibrated internally. The problem can be formulated as shown in 161

Eq. (1): 162

min
θT

1

N

N
∑

i=1

D



Ci
∑

t=1

fθT
(xt

1, xt
2, ..., xt

d), yi



(1)

Specifically, given N training plots, we aim at minimizing the average distance (D) between the reference AGB (y) 163

and the aggregated tree-level AGB estimated from an allometric model (fθT
) which is forest type specific (deciduous, 164

coniferous, and non-forest). For plot i with Ci segmented tree crowns, the AGB of tree t is calculated by fθT
using 165

tree-level features (xt
1, xt

2, ..., xt
d) where d denotes the number of features involved. The proposed model, namely SMNN, 166

was implemented based on a smoothed version of the monotonic neural network (Figure 4.b) [42], which enforced 167

monotonicity constraints between the input features and the target labels. This was intuitive as the AGB of trees should 168

increase monotonically along both crown diameter and tree height, and enforcing monotonicity given prior knowledge 169

has been shown to be effective in many applications [42, 46]. 170
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Figure 4: Demonstration of the tree-level approaches. a. Overall scheme for estimating tree-level AGB from aerial imagery. The tree-level features
are extracted from optical images and canopy height maps using a CNN-based individual tree crown segmentation model [25]. The extracted features
(crown diameter (CD) and height (H)) are converted into AGB using allometric equations or the proposed allometric model. b. Architecture of the
learnable allometric model based on smooth monotonic neural network (SMNN) [42]. The network takes tree-level features as inputs and outputs
tree-level AGB estimates. c. Illustration of the optimization. The AGB per tree (z) is estimated from SMNN. The individual estimates (z1, ...zC ) are
aggregated at the plot level (ŷ) and optimized against the reference (y).

SMNN models were trained with tree-level features, allowing them to reveal the hidden relationship between query 171

variables automatically, without knowledge-based formulation of allometric relationships. We visualize the learned 172

relationship between tree crown diameter (CD), height (H), and estimated AGB in a simple manner (Figure 5.a). When 173

given both crown diameter and LiDAR height, the SMNN model established an increasing correlation towards AGB, 174

with considerable variability as reflected by the broad scattering. High AGB could arise from high crown diameter, large 175

height, or a combination of both. With the auto-learned allometric relationship, the estimated tree-level AGB yielded 176

an aggregated plot-level R2 score of 0.68 (Figure 5.c and Table E6). Removal of LiDAR heights in SMNN degraded 177

both plot- and tree-level correlation. Particularly, when crown diameter was employed as the only attribute, a limited 178

correlation was established towards AGB, resulting in horizontal gradient lines and a plot-level R2 of 0.37 (Figure 5.c). 179

The weak performance of SMNN with crown diameter implied that the monotonicity constraints might be violated, which 180

was logically expected as tall trees with smaller crowns could hold higher AGB than short trees with larger crowns. In 181

contrast to SMNN, the tree-level AGB derived from generalized allometric equations had a low plot-level R2 score of 182

-0.26 and an underestimation tendency, indicating a poor fit to the local scenario (Figure 5). 183
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Figure 5: Tree-level AGB estimation and plot-level evaluation when aggregated. The comparison involves results from allometric equations (Eq)
and SMNN models associated with different input sources including crown diameter (CD), LiDAR-derived height (LiDAR H), and estimated height
(estimated H). a. 2D histograms displaying the relationship uncovered between tree crown diameter (x-axis), tree height from LiDAR (y-axis), and AGB
estimation (color). Each pixel represents a specific detected tree with a specific crown diameter and LiDAR height, colored by AGB estimations derived
from separate models. For instance, the green cross markers represent a specific tree featuring a 5.4 m crown diameter and 12.5 m height with an AGB
estimation of 0.47, 0.48, 0.69, and 0.13 Mg derived from each model, respectively. A total of 105024 trees covering an area of 680 hectares are included
in the histogram. b. Visual examples showing the tree-level AGB estimates. c. Plot-level evaluation against the reference AGB by aggregating tree-level
estimations in each test plot. d. Overall bias of the SMNN model and allometric equations using CD and LiDAR H as input features, evaluated at 50
Mg·ha−1 interval levels.

Overall, the plot-level CNNs reached higher R2 scores over RF and SMNN models regardless of input sources, 184

particularly when only optical RGB data was provided without the structural information of height (Figure 6). When 185

LiDAR height was provided, the tree-level SMNN model achieved less than 10% bias on low-to-medium (50-200 Mg·ha−1) 186

AGB samples, with no statistically significant differences in estimation errors compared with the best-performing CNN 187

model (Mann-Whitney U test, n = 130, p > 0.05). However, an increase in errors was observed for larger AGB values, 188

implying a saturation in performance towards high AGB scenarios (Figure 5.d). In contrast, plot-level CNNs, which 189

analyzed the original input images directly, did not show a notable decrease in performance for high biomass cases 190

(Figure 3.g), implying that these models were capable of inferring biomass in complex dense forests without auxiliary 191

information on individual trees. 192
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Figure 6: Performance comparison in relation to varying input sources, including optical images, optical images combined with LiDAR-derived heights
(LiDAR H), and optical images combined with estimated heights (est. H). a. R2 scores of CNN models calculated between estimated and referential
AGB on the test set. Variation in R2 is a result of different model architecture designs (Figure 1.a). b. R2 scores of RF models. Two sources of
estimated heights were tested: one estimated from the optical images [25] and another from an existing global vegetation elevation map [22]. c. R2

scores of the tree-level SMNN models. Variation in R2 scores is a result of different tree-level features involved in the estimation (Table E6).

3 Discussion 193

In recent years, extensive research has explored the application of deep learning in the field of remote sensing analysis for 194

improved understanding of environmental resources, yet existing methods often fall short of fully utilizing the learning 195

capacity of interpreting spatial patterns from images to derive information that goes beyond the mapping of visible 196

features. Here, we proposed end-to-end trainable CNN models for forest AGB estimation directly from optical RGB 197

images, without intermediate estimation of tree crown size or height. Given optical images, CNN models established a 198

transition from coarse-resolution labels (i.e., plot-level AGB references) to a higher-resolution approximation, presenting 199

a localized distribution of AGB that conformed to human visual cognition (Figure 2). To quantify forest or tree biomass, 200

studies have traditionally utilized vegetation indices [47], spectral statistics [48, 49] or texture features [50, 51, 52], which 201

were handcrafted from optical images. Our model proved its capacity of automatic spatial context interpretation and thus 202

simplified feature extraction and multi-step workflow designs [45]. Automatic learning of spatial context turned out to be 203

feasible only with convolutional kernel-based models, whereas a traditional RF model was ineffective, which was expected 204

considering that CNNs are particularly strong in parsing spatial context information [53, 54]. We demonstrated the 205

feasibility of such a method applied across various AGB gradients and found that optical images with a spatial resolution 206

higher than approximately 1 m are a prerequisite. While our study only covered Danish landscapes, NFI measurements 207

and high-resolution optical images are available in many European countries, supporting efficient AGB estimation at 208

national scales (Figure 3.b). Satellite images with sub-meter resolution, broad coverage, and rapid acquisition such as 209

Skysat [55] facilitate the implementation of timely and larger-scale analysis. Overall, the fast emergence of high-quality 210

sub-meter resolution imagery and advanced deep learning networks are propelling future research in this domain, and 211

while other studies concentrate on estimating height from images [22, 24, 44], we provide an alternative approach to 212

biomass estimation. 213

Tree height is an essential parameter for AGB estimation [56, 57], yet the contribution of height turns out to be 214

contingent upon its accuracy. Our analysis indicated that when considering CNNs with only optical images as the baseline, 215

including LiDAR-derived heights increased the performance, whereas including estimated heights did not increase the 216

performance (Figure 6.a), suggesting that estimated heights would not replace the reliable LiDAR heights for accurate 217

AGB estimation. This could be explained by the fact that estimated heights were derived from the optical images. 218

Consequently, the inclusion of estimated heights did not introduce new independent inputs but rather propagated its errors. 219

This has been further proved by the positive correlation between height estimation errors and AGB estimation errors, and 220

raises concerns about the use of estimated regional or global height models for AGB estimation [58, 59, 60, 61]. We argue 221

that the error accumulations might be higher than expected through intermediate steps. However, integrating estimated 222

heights dramatically improved the RF and tree-level models that were based only on optical data or crown diameters. This 223

indicated the crucial role of heights for AGB estimation using non-texture interpretable models, consistent with common 224

findings [62, 63]. Here, the estimated heights proved to be an effective input, strengthening the underperforming models 225

even in the presence of noise. 226

Many studies routinely utilize high-resolution data to derive individual tree attributes, which are subsequently converted 227

into AGB using allometric equations on crown variables and height [11, 29], or even only the crown variables [30, 31]. 228

However, the limited number of adjustable coefficients of allometric equations may raise uncertainties and limitations 229

when adapting to new datasets [34, 35]. This was demonstrated in this study by the weak performance using generalized 230

allometric equations on crown diameter and height. In contrast, the proposed SMNN approach does not assume any 231

fixed relationship between remotely detected features and the field-measured AGB, allowing for diverse combinations 232

of these features through a learnable system. One possible explanation for the flexible combinations outperforming the 233

one-fixed combination of allometric equations is that the relationship between remotely derived tree crowns, heights, and 234

field-collected AGB may exhibit a more complex functional form than assumed. Through an end-to-end optimization from 235
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individual tree attributes to the referential plot-level AGB labels, SMNN leverages the scalability of airborne attributes and 236

the exactness of the field-measured AGB without explicitly establishing fixed allometric relationships. Finally, while we 237

do not recommend an estimation of AGB from crown diameter only, we show that SMNN delivers acceptable performance 238

for this scenario. 239

Overall, plot-level CNNs outperformed the multi-step tree-level approaches by maintaining relatively low bias across 240

a broad range of AGB values. Tree-level AGB estimation necessitated a prior step of individual tree crown segmentation, 241

which has become popular in recent years [26, 30, 64, 65]. Yet, these models were commonly found to be inefficient 242

for dense or ambiguously structured canopies [25, 66, 67]. Crown segmentation models that were limited to top-layer 243

canopies tended to be prone to performance saturation when applied to cases of high biomass (> 200 Mg·ha−1), including 244

particularly dense canopy crown cover of similar characteristics or complex multi-layer structures. Such high bias could 245

lead to severe underestimations of the total biomass when aggregated for large areas. Concerns about the error propagation 246

from the crown delineation and its complex relationship with AGB estimation errors have also been raised by similar 247

studies [68]. Despite this, the low bias (< 10%) of the tree-level SMNN for AGB ranging between 50-200 Mg·ha−1
248

suggested that tree-based approaches could be reliably applied for low-to-medium dense forests or trees outside forests. 249

Moreover, tree-level approaches enable biomass tracking of small individual trees, which may be part of tree planting 250

activities relevant to restoration and carbon crediting. Whereas plot-level models may ignore these trees, as they contribute 251

little to the total biomass. Different environmental settings and precision of estimation are favored by plot-level and 252

tree-level approaches and the optimal solutions depend on specific applications (Table 1). 253

Table 1: Comparison of the plot-level and tree-level approaches involved in this study.

Level Approach Advantages Disadvantages

Plot CNN Operates without height Requires high spatial input resolution
Estimates localized AGB from plot-level labels Requires large amounts of data for training
Highest plot-level performance Large model size
Readily applicable to similar landscapes Black box - limited transparency and explainability
Identifiable species-specific features are taken into account

Plot RF High performance with accurate heights Requires manual feature extraction
Fast training and technically not challenging Uncertainties from species-specific parameters
Conversion of tree height to AGB has been well studied Black box - limited transparency and explainability

Tree Allometric Eq Easy fitting Requires effective allometric equations, ideally
landscape- and species-specific

Broadly applicable, particularly for scattered trees or difficult
terrain

Accumulated bias from tree crown segmentation
(undetectable or understory trees)
Largely ignores species-specific parameters (wood
density)

Tree SMNN Trainable with local plot-level field data Reduced aggregated plot-level performance
No allometric relationship modeling Accumulated errors from tree crown segmentation
Broadly applicable, particularly for scattered trees or difficult
terrain

Black box - limited transparency and explainability

Accounts for undetectable or understory trees via training
Reasonable performance with crown diameter as only input
Provides AGB for all segmented trees, ideal for restoration
and plantation areas

Field-measured AGB from the Danish NFI served as the foundation for this study. Apart from the limitation of 254

unavailable tree-level AGB measurements to conduct tree-level estimation, the allometry-based conversion of field-measured 255

parameters to plot-level AGB and the temporal and spatial alignment of NFI plots and the input images could induce 256

considerable labeling noise. The cost of collecting coordinated field data and airborne data across large areas could be 257

high [69], thus limiting the evaluation of precise AGB estimation approaches to typically small scales [11, 68, 70]. Some 258

countries conduct NFI and aerial scanning campaigns with narrow time intervals and rigorous designs [71, 72, 73, 74], 259

making it a potentially huge database for relevant studies. Notably, NFI plots usually cover a rather small area with a 260

radius varying from 4 m to 15 m [17, 71, 75], and the inclusion of trees standing close to plot edges tends to differ from 261

what can be recognized from aerial images. For instance, the Danish NFI includes all trees with stems inside the plot 262

borders [41], while stems are typically shaded by tree crowns when seen from above (Figure 2.a). This implies a potential 263

bias between the airborne input data and the corresponding field references. The GPS positioning errors might further 264

result in bias. However, the significance of the bias is not easy to verify or quantify, considering the complexities of 265

situations and temporal discrepancies. 266

Finally, we foresee a couple of potential directions for further improving the current study. Firstly, enhancing the 267

interpretability of the black-box CNN models by integrating prior knowledge or ordinal relationships [76] would help us 268

to better understand or guide the training process. Secondly, integrating tree crown segmentation models with subsequent 269

tree-level AGB estimation models to establish an end-to-end trainable system directly from input imagery to tree-level 270

AGB estimates would mitigate the error propagation from intermediate steps. Thirdly, collecting detailed tree-level 271
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data including remotely detectable features such as crown measurements during field inventories would lead to more 272

interpretable and precise modeling or evaluation. Lastly, harmonizing the forest inventories with the aerial imagery 273

campaigns would reduce the uncertainties related to the temporal and spatial alignment of the input and target output data 274

for the model training. 275
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4 Methods 276

4.1 Data and Pre-processing 277

The study area spans across Denmark, utilizing two primary sources of airborne data as input: aerial photographs featuring 278

red, green, blue (RGB), and near-infrared (NIR) bands captured during the summer of 2018 at 20 cm resolution, and 279

canopy height maps (CHM) derived from Light Detection and Ranging (LiDAR) scanning data collected during leaf-on 280

seasons from 2014 to 2018 at 40 cm resolution. The average density of the LiDAR data is 4.5 points per m2, and 281

the vertical and horizontal root mean squared errors are approximately 5 cm and 15 cm. We also used individual 282

tree crown segmentation and height estimation products derived from the abovementioned airborne data [25], both at 283

a spatial resolution of 20 cm. Specifically, individual tree crowns were predicted from the airborne data by training with 284

manual tree crown delineations, and canopy height maps were estimated from the optical aerial images by training with 285

LiDAR-derived CHM [25]. Lastly, a global vegetation height estimation map (ETH height) [22] for the year 2020 at a 10 286

m resolution was utilized for comparison. 287

The ground truth reference data for this study were obtained from the Danish National Forest Inventory (NFI) [41]. 288

The NFI database comprised field plots with a radius of 15 m, where individual representative trees were measured. 289

The above-ground biomass (AGB) of the field-measured trees was calculated using local AGB functions associated with 290

tree species, stem diameter, and height [41]. We focused on the total AGB at the plot level, which was calculated by 291

aggregating individual measurements with a scaling factor that accounted for the distribution of tree sizes within the plot, 292

including all trees with stem diameter > 0 mm [41]. To mitigate the temporal inconsistency between the ground truth 293

references and the input imagery, only plots measured between 2015 and 2018 were used. 294

The high-resolution input imagery, including the optical RGB images, LiDAR-derived CHM, and estimated CHM, 295

were cropped into image patches matching the locations of the NFI field plots, with an outward buffer of 3 m to include 296

the neighborhood context. We tested different buffer sizes and found 3 m to be appropriate for including larger crowns 297

on the edges without introducing too much neighboring noise. The coarser-resolution ETH height maps were cropped to 298

cover the plot areas. Regarding the crown segmentation masks, we kept tree crowns with centroids falling inside the plot 299

circles to align approximately with the NFI scheme where all trees with stems standing inside the plots were included in 300

the AGB calculation. 301

The dataset was randomly split into training, validation, and test sets, with a ratio of 8:1:1. The training set was 302

used to train or fit the models, the validation set was used for model selection or hyper-parameter tuning, and the test set 303

was reserved exclusively for the final evaluation presented in Results. Through visual assessment, we noticed occasional 304

misalignment between the input imagery and the target AGB labels primarily due to three reasons: clearcut or growing of 305

trees due to discrepancies in dates between field campaigns (2015-2018) and image acquisition (summer 2018), variation 306

in the inclusion of trees at plot edges between field inventory schemes and image inspections, and uncertainties associated 307

with GPS coordinates, particularly given the small plot sizes (15 m radius). Firstly, we removed samples of obvious 308

mismatch from all sets. Then, we assigned sample weights (w ∈ {0.3, 0.5, 0.7, 1}) to the training and validation samples 309

based on visual pairwise assessments of the matching degree between the optical images and AGB references (higher w 310

indicates a better match). The weights assigned to the validation samples were neutral, while the weights for the training 311

samples were less stringent (Figure E1). A higher tolerance was granted to the training samples due to the model’s 312

expected robustness to a certain level of noise, with the goal of maximizing the number of effective samples collected. All 313

testing samples were assessed equally without sample weighting. Notably, the sample weights only concern the training 314

and do not concern the application for areas without AGB references. The resulting dataset consisted of 1897 training 315

samples, 268 validation samples, and 258 test samples (Table E7). 316

4.2 Plot-level Convolutional Neural Network Regression 317

We tested three common CNN backbones as feature extractors, namely Efficientnet-B0, Efficientnet-B1 [77], and RegnetY800MF [78].318

Efficientnet-B0 combined the inverted residual blocks [79] with squeeze-and-excitation blocks. Efficientnet-B1 expanded 319

Efficientnet-B0 by uniformly scaling up the width, depth, and resolution of the network. RegnetY800MF was proposed 320

by Radosavovic et al.for flexible and efficient model design, which involved a linear parameterization of block widths and 321

depths [78]. The backbones were initialized with weights pre-trained on Imagenet. We designed two types of regression 322

heads on top of the feature extractors to produce the desired output. Regression head A consisted of a global average 323

pooling across each feature map, followed by three dense layers combined with indeterminate dropout layers with a 324

dropout rate of 0.2. The dense layers gradually reduced the feature dimensionality to one, which corresponded to the 325

plot-level total AGB value we targeted for. Regression head B extended the feature extractor with a sequence of (1×1) 326

pointwise convolutional layers to ultimately generate a one-channel feature activation map (Figure 1.a). Here, the sum 327

over all pixels of this last activation map corresponded to the total AGB value we targeted for. With four dimension 328

reduction branches of the feature extractor, the spatial resolution of the input imagery sequentially reduced from (224 × 329

224) pixels to (14 × 14) pixels, resulting in a feature activation map at roughly 2 m ground resolution. A circular mask 330
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was applied to align the activation map with the referential circular plots (15 m radius), and the summation only involved 331

the masked values, avoiding potential artifacts caused by applying convolutional kernels on the circular edges. Notably, 332

the circular masks were only considered in the training and evaluation phases to compare with the NFI references. For 333

applications beyond plot scales, no masking was applied. 334

During training, the input images were augmented by random rotation, flipping, and color jittering including alteration 335

of brightness, contrast, saturation, and hue. The pixel intensity values were rescaled to the range of (0, 1) and normalized 336

based on the mean and standard deviation of the ImageNet dataset. The models were trained in a fully supervised manner 337

with plot-level NFI reference labels. We used the mean absolute error (MAE) as loss function, which was weighted w.r.t. 338

the sample weights. We used the mini-batch training strategy [80] with a batch size of 32. The mini-batch-level loss 339

for gradient descent can be formulated as in Eq. (2), where yi denotes the reference AGB, ŷi the estimated AGB, wi the 340

sample weight, and n the batch size: 341

wMAE =

∑n
i=1 wi · |ŷi − yi|
∑n

i=1 wi
(2)

We re-weighted the loss function calculated for the entire batch using the total sample weights for that batch instead of 342

the total number of samples to avoid reaching lower losses simply by drawing random samples with lower sample weights 343

by chance. The sample weights could be seen as prior knowledge or a warm-up model for the training. The final model 344

was determined as the one achieving the highest R2 score on the validation set. After training, we further adjusted the 345

bias parameter in the final layer while fixing all other parameters to mitigate the systematic bias potentially caused by the 346

iterative training [81]. Given a CNN model of the form f(x) = aT hw(x) + b where a and b (unadjusted bias) denote the 347

parameters in the final layer and hw denotes all other parameters, the adjusted bias b∗ was calculated using the combined 348

training and validation data by Eq. (3), where N denotes and the total number of samples and y denotes the reference 349

AGB [81]: 350

b∗ =

∑N
i (yi − aT hw(xi))

N
=

∑N
i yi −

∑N
i f(xi)

N
+ b (3)

4.3 Plot-level Pixel Intensity and Texture-based Random Forest Regression 351

Features extracted from the optical RGB images included statistics of each color band, common vegetation indices [82], 352

histogram intensities, and statistical texture properties calculated from the gray level co-occurrence matrix [83] (Table 353

E3). Features extracted from the LiDAR-derived CHM, and estimated CHM included statistics and histogram intensities 354

of the maps (Table E3). Random Forest (RF) regressors were fitted using these hand-crafted features, with total feature 355

counts ranging between 99-124 depending on whether heights were included. We conducted a grid search to determine 356

the optimal hyper-parameters including the number of trees, the maximum tree depth, and the number of features for node 357

splitting using the combined training and validation data. The fitting samples were weighted by the sample weights. The 358

final model was selected as the one reaching the lowest out-of-bag error [84]. After training, we further adjusted the bias 359

parameter using Eq. (3) by setting a = 1 and the initial b = 0 for RF regression [81]. 360

4.4 Tree-level Allometric Equation-based Estimation 361

Here, the tree-level AGB was estimated in two steps. Firstly, individual tree crowns were segmented from the airborne 362

data, and tree-level features were extracted based on the crown segments. Secondly, the AGB for each segmented tree 363

was derived using the generalized allometric equations [29]. 364

4.4.1 Individual Tree Crown Segmentation 365

Recently, a relevant study has used an attention-UNet-based model for predicting individual tree crowns across a wide 366

range of environmental landscapes in Denmark [25]. Here, we utilized the predicted individual tree crowns as inputs to 367

derive AGB at the tree level. The crown diameter, tree height, and forest type were attributed to each tree. Specifically, 368

the crown diameter was calculated by assuming a circular shape of the crown. The tree height was derived by overlaying 369

CHM with the segmentation masks and taking the 95th percentile height within the crown area. The forest type was 370

obtained by overlaying the 10 m resolution Copernicus forest-type map (2018) [85] with the segmentation masks. 371

4.4.2 AGB Estimation from Generalized Allometric Equations 372

We derived generalized allometric equations following the formula and field data from Jucker et al. [29] (Eq. (4), Eq. (5), 373

and Figure E2). These equations were fitted using public in situ measurements in global temperate forest zones, and the 374
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measuring of crown diameters allowed for a direct correlation between remotely detected tree crowns and field-collected 375

AGB [29]. Allometric equations involving crown diameters could not be established using the Danish NFI data due to the 376

unavailability of crown measurements. The fitting incorporated log-transformed crown diameter and height as regression 377

variables and the bias of logarithmic regression was corrected [86]. Two allometric equations were fitted between crown 378

diameter (CD, in meters), height (H, in meters), and AGB (in kilograms), one using 223 tree measurements in temperate 379

coniferous forest for the segmented coniferous trees, and the other using 440 tree measurements in temperate mixed forest 380

for the deciduous and non-forest tree segmentations: 381

AGBDeciduous = e−2.811 × (CD × H)1.807 × e(0.02152/2) (4)

AGBConiferous = e−0.951 × (CD × H)1.367 × e(0.02972/2) (5)

4.5 Tree-level Smooth Monotonic Neural Network Regression 382

Here, AGB was estimated in two steps. Firstly, individual tree crowns were predicted from the airborne data (section 383

4.4.1). Secondly, tree-level features extracted from the crown segments were used to estimate tree-level AGB using an 384

equation-free data-driven allometric model named SMNN. 385

4.5.1 AGB Estimation from Tree-level Features via SMNN 386

The smooth monotonic neural network had a three-layer structure (Figure 4.b). The first layer contained several groups 387

of neurons, each computing a linear transformation of the input features (tree crown diameter and height). The second 388

layer extracted the maximum units within each group. And the third layer extracted the global minimum units across 389

all groups. Increasing monotonicity on all features was enforced by constraining all weights in the linear transformation 390

layer to be positive [87]. We applied additional smoothing/softening by replacing the nonsmooth maximum operations 391

with the scaled Log-Sum-Exp (LSE, Eq. (6) [42]), a smooth approximation to the maximum function: 392

LSE =
1

β
log

N
∑

n=1

exp(βxn) (6)

Likewise, a smooth minimum operation was implemented by the negation of LSE. An additional non-negative constraint 393

was applied to the tree-level AGB estimations to avoid estimating negative AGB values. The model architecture was 394

rather flexible and involved two tunable hyper-parameters: the number of groups in the linear layer (K) and the number 395

of neurons per group (Kn). Empirically, we set K = Kn and conducted grid-search to determine the optimal choices of 396

K using the training and validation data. We also tested different features including crown diameter (CD), height (H), and 397

their log-transformed counterparts (log(CD) and log(H)). 398

We trained three separate models for deciduous trees, coniferous trees, and non-forest trees for two primary reasons. 399

First, allometric relationships are commonly known as species or forest-type specific [32, 88]. Second, monotonicity does 400

not hold for the forest type as a feature with respect to AGB. During training, the three models were trained independently 401

using the corresponding subsets of data determined by the forest type. The resilient backpropagation (Rprop) optimizer 402

was used with a learning rate of 0.1 [89]. The loss function was MAE weighted by the assigned sample weights: 403

wMAE2 =

∑N
i=1 wi · |ŷi − yi|

N
(7)

Here, yi and ŷi denote the reference and the estimated AGB, and N denotes the total number of samples. We used 404

only reliable samples with weight ≥ 0.5 in the training phase. The optimal weights for the three-model ensemble were 405

determined as the ones that achieved the highest R2 score on the whole validation set. All models were trained for 1000 406

iterations with batch gradient descent [80]. 407

4.6 Performance Evaluation 408

We evaluated the model performance on the test data using the following metrics. The coefficient of determination (R2) 409

score measured how well the reference data could be replicated by the model, also known as a goodness-of-fit metric. 410

Here, yi, ŷi, and ȳ denote the reference value, the estimated value, and the mean reference value, respectively: 411
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R2 = 1 −
SSresidual

SStotal
= 1 −

∑

i(yi − ŷi)
2

∑

i(yi − ȳ)2
(8)

The MAE between the reference and the estimated values was calculated as Eq. (9): 412

MAE =
1

N

N
∑

i

|ŷi − yi| (9)

The MAE relative to the mean reference value (rMAE) was calculated as Eq. (10): 413

rMAE(%) =
1

N ∗ ȳ

N
∑

i

|ŷi − yi| × 100 (10)

The above metrics quantified errors at the plot level, which could be highly affected by the location noise inherent in 414

the alignment of field data with airborne data. Therefore, we grouped the plots according to the reference AGB values 415

with a 50 Mg·ha−1 interval and calculated the overall bias within each group, which reflected the aggregated performance 416

beyond plot scales: 417

bias(%) =

∑

i(ŷi − yi)
∑

i yi
× 100 (11)
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5 Extended Data - Figures 418

Figure E1: Distribution of removed samples and sample weights assigned to the training and validation sets. The varying distribution of weights in
the training data and that in the validation and testing data is a result of higher tolerance given to doubtful samples in the training set than those in the
validation or testing sets. See details in Methods.

Figure E2: Generalized allometric equations fitted between height (meters), crown diameter (meters), and AGB (kilograms) using data from the
literature [29].

6 Extended Data - Tables 419

Table E1: Performance of models trained using optical images as inputs, evaluated plot-by-plot using the test dataset. The CNN models featured
two types of regression head designs, where -A represented the dense layer design and -B represented the activation map design (Figure 1.a). The
best-performing model of each approach is highlighted in bold text. MAEs are shown in Mg·ha−1.

Approach Model design Input MAE (rMAE) R2

CNN

Efficientnetb0-A Optical images 41.04 (36.45%) 0.66
Efficientnetb0-B Optical images 39.08 (34.71%) 0.71

Efficientnetb1-A Optical images 40.30 (35.79%) 0.66
Efficientnetb1-B Optical images 43.67 (38.79%) 0.62
Efficientnetb2-A Optical images 42.41 (37.67%) 0.64
Efficientnetb2-B Optical images 41.53 (36.89%) 0.66
RegnetY800MF-A Optical images 41.71 (37.05%) 0.64
RegnetY800MF-B Optical images 41.78 (37.11%) 0.65

RF Optical images 65.40 (58.09%) 0.30

Table E2: Performance of models trained using optical images of different resolutions, evaluated plot-by-plot using the test dataset. MAEs are shown in
Mg·ha−1.

Model design Input Input resolution MAE (rMAE) R2

Efficientnetb0-B Optical images

40 cm 42.81 (38.02%) 0.64
80 cm 46.71 (41.49%) 0.59
160 cm 52.16 (46.33%) 0.47
320 cm 55.55 (49.34%) 0.38
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Table E3: Hand-crafted features for Random Forest regression. R, G, B, and NIR stands for red, green, blue, and near-infrared, respectively.

Type Features Formula

Band statistics Mean, Median, Variance, Percentile (5th and 95th)

Histogram intensities

Vegetation index

Normalized Difference Vegetation Index (NDVI) [90] (NIR - R) / (NIR + R)
Excess Green Index (ExGI) [91] 2 * G - (R + B)
Green Chromatic Coordinate (GCC) [92] G / (R + G + B)
Ratio Vegetation Index (RVI) [93] R / NIR
Green Leaf Index (GLI) [94] (G - R + G - B) / (2 * G + B + R)
Green Normalized Difference Vegetation Index (GNDVI) [95] (NIR - G) / (NIR + G)

Texture [83]

Contrast
Dissimilarity
Homogeneity
Energy
Correlation
Angular second moment

Table E4: Performance of models trained using optical images and LiDAR-derived CHMs as inputs, evaluated plot-by-plot using the test dataset. The
CNN models featured two types of regression head designs, where -A represented the dense layer design and -B represented the activation map design
(Figure 1.a). The best-performing model of each approach is highlighted in bold text. MAEs are shown in Mg·ha−1.

Approach Model design Input MAE (rMAE) R2

CNN

Efficientnetb0-A Optical images + CHM 27.19 (24.15%) 0.85

Efficientnetb0-B Optical images + CHM 30.76 (27.32%) 0.80
Efficientnetb1-A Optical images + CHM 30.23 (26.85%) 0.81
Efficientnetb1-B Optical images + CHM 28.63 (25.43%) 0.82
Efficientnetb2-A Optical images + CHM 30.85 (27.40%) 0.82
Efficientnetb2-B Optical images + CHM 29.02 (25.77%) 0.82
RegnetY800MF-A Optical images + CHM 28.08 (24.94%) 0.83
RegnetY800MF-B Optical images + CHM 30.17 (26.80%) 0.82

RF Optical images + CHM 30.19 (26.81%) 0.80

Table E5: Performance of models trained using optical images and estimated CHMs as inputs, evaluated plot-by-plot using the test dataset. The CNN
models featured two types of regression head designs, where -A represented the dense layer design and -B represented the activation map design (Figure
1.a). The best-performing model of each approach is highlighted in bold text. MAEs are shown in Mg·ha−1.

Approach Model design Input MAE (rMAE) R2

CNN

Efficientnetb0-A Optical images + estimated CHM 44.46 (39.49%) 0.57
Efficientnetb0-B Optical images + estimated CHM 43.63 (38.75%) 0.58
Efficientnetb1-A Optical images + estimated CHM 43.82 (38.92%) 0.59
Efficientnetb1-B Optical images + estimated CHM 43.81 (38.91%) 0.59
Efficientnetb2-A Optical images + estimated CHM 43.84 (38.94%) 0.61
Efficientnetb2-B Optical images + estimated CHM 46.68 (41.46%) 0.57
RegnetY800MF-A Optical images + estimated CHM 44.75 (39.75%) 0.59
RegnetY800MF-B Optical images + estimated CHM 42.17 (37.45%) 0.64

RF
Optical images + estimated CHM 45.01 (39.98%) 0.58

Optical images + ETH height (10 m) [22] 58.78 (52.21%) 0.41

Table E6: Performance of SMNN models trained using different tree-level features, including crown diameter (CD), height (H), and their log-transformed
counterparts. MAEs are shown in Mg·ha−1.

Features MAE (RMAE) R2

CD, H, log(CD), log(H) 37.78 (33.56%) 0.68
CD, H 38.41 (34.11%) 0.67

CD, estimated H, log(CD), log(estimated H) 48.77 (43.32%) 0.50
CD, estimated H 48.34 (42.93%) 0.51

CD, log(CD) 58.35 (51.83%) 0.37
CD 58.24 (51.73%) 0.37

Table E7: Summary of the AGB references (Mg·ha−1) in each dataset.

Dataset No. plots AGB mean AGB 99th percentile
Forest type [41] fraction

Deciduous Coniferous Mixed

Training 1897 118.42 440.77 47.9% 42.1% 9.9%
Validation 268 110.28 415.05 36.9% 48.6% 14.4%
Testing 258 112.59 433.45 39.8% 50.6% 9.5%
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