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Abstract 413 

Global forest assessments assist climate policy development, ecosystem science, and 414 

conservation planning, yet they rely on biomass and canopy data that do not explicitly represent 415 

the stand structural attributes derived from tree diameter measurements. This limits the ability to 416 

compare size-related structure and within-stand heterogeneity at large spatial scales. Here we 417 

present a global, spatially explicit dataset of stand-level tree diameter structure for forest cover in 418 

2020 at 0.027° (~3 km) resolution, based on 1,203,524 georeferenced forest inventory plots 419 

comprising 54.6 million trees (≥10 cm DBH) integrated with more than 50 environmental and 420 

satellite-derived covariates into machine learning models. The dataset provides the first globally 421 

consistent maps of three complementary diameter-based metrics: arithmetic mean diameter 422 

(Dmean), quadratic mean diameter (Dqm), and the coefficient of variation of diameter (Dcv), 423 

representing average tree size, large-tree dominance, and within-stand size variability, 424 

respectively. Model performance of the ecozone-specific Random Forest framework ranged from 425 

R² = 0.41–0.82 (RMSE = 3.91–4.63 cm) for Dmean, R² = 0.43–0.83 (RMSE = 4.38–5.27 cm) for 426 

Dqm, and R² = 0.47–0.62 with (RMSE = 0.10–0.13) for Dcv across different forest ecozones. By 427 

jointly quantifying central tendency and variability in tree size, the dataset revealed spatial 428 

patterns of forest structural organization not captured by existing biomass or canopy-height 429 

products. It provides a consistent baseline for cross-biome comparison of forest structure, 430 

supporting parameterization and evaluation of vegetation and Earth system models, while 431 

offering an independent benchmark for remotely sensed structural proxies. Furthermore, it 432 

enables spatial assessment of stand structural attributes, including large-tree dominance and 433 

structural complexity, facilitating integration of diameter-based structure into global analyses of 434 

carbon dynamics and ecosystem functioning.   435 

 436 

 437 

 438 

 439 

 440 

 441 

 442 
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1. Introduction 443 

Forest structure is a central organizing feature of terrestrial ecosystems, shaping carbon storage, 444 

resource allocation, and habitat conditions across biomes (Bonan et al., 2008, Pan et al., 2011, 445 

Friedlingstein et al., 2022). Diameter at breast height (DBH) is the most widely recorded tree-446 

level attribute in forest inventories and provides a consistent basis for quantifying forest stand 447 

structure across regions and inventory systems. Because DBH is measured using standardized 448 

protocols and is directly linked to key structural and functional attributes, it underlies the 449 

estimation of basal area, growing stock, and aboveground biomass and carbon. As a result, DBH 450 

forms a core variable for ecological analyses and forest resource assessments (Gianfranco et al., 451 

2007; Pretzsch, 2009; Wu et al., 2015; Zhou et al., 2018). In addition, DBH measurements 452 

support a range of operational applications, including inventory reporting, stand characterization, 453 

and silvicultural decision-making (Hardiman et al., 2011; Danescu et al., 2016; Liang et al., 454 

2016; Müller et al., 2000; Peck et al., 2014; Dieler et al., 2017; Young et al., 2017). 455 

Stand-level structure is commonly summarized by using statistical descriptors derived from 456 

individual tree diameters from forest inventories: (i) mean tree diameter (Dmean) represents 457 

central tendency, (ii) quadratic mean diameter (Dqm) emphasizes larger trees through diameter-458 

squared weighting, and (iii) the coefficient of variation of diameter (Dcv) quantifies variability in 459 

DBH among trees and reflects structural heterogeneity within stands. These metrics summarize 460 

complex diameter information into interpretable quantities that can be compared across forest 461 

types, management regimes, and environmental settings (Curtis & Marshall, 2000; Larson & 462 

Churchill, 2012; McElhinny et al., 2005; Pretzsch, 2009). 463 

Despite the extensive collection of tree-level measurements by forest inventory programs, their 464 

spatial coverage remains uneven. Sampling intensity varies across regions, and large areas, 465 

particularly remote and less accessible landscapes, are sparsely represented. Consequently, 466 

inventory data do not provide continuous spatial information on forest structural attributes, 467 

limiting their application in large-scale analyses (McRoberts et al., 2010; Crowther et al., 2015; 468 

Liang et al., 2016; Zhou et al., 2018). This mismatch between detailed plot-level measurements 469 

and the need for spatially explicit information has long constrained regional to global 470 

assessments of forest stand structure. 471 
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Recent advances in international data synthesis and the availability of spatially explicit 472 

environmental datasets have begun to address this limitation. Large-scale collaborative networks 473 

have enabled the integration of forest inventory data across continents, improving both the scale 474 

and consistency of available observations (Liang et al., 2016). At the same time, globally 475 

consistent climate, topographic, and vegetation datasets derived from satellite observations 476 

provide environmental covariates of field measurements. Integrating these data sources enables 477 

extrapolation of inventory-based structural information beyond sampled plots and supports the 478 

development of spatially continuous representations of forest structure (Crowther et al., 2015; 479 

Harris et al., 2012; Santoro et al., 2018; Spawn et al., 2020; Potapov et al., 2021). 480 

In this study, we integrate standardized forest inventory observations with environmental and 481 

remotely sensed covariates within a machine-learning framework to derive a spatially explicit 482 

global dataset of forest diameter structural attributes. The resulting product provides spatially 483 

continuous estimates of three complementary metrics: central tendency (Dmean), diameter-484 

weighted structure (Dqm ), and within-stand variability (Dcv), across the global forest domain at 485 

0.027° resolution. The dataset reflects structural frequency distributions associated with forest 486 

cover in 2020 and is derived from single-measurement inventory observations. It captures spatial 487 

variation in forest structure rather than temporal changes in growth or stand development. By 488 

extending inventory-based information into a spatially continuous form, this work establishes a 489 

standardized global baseline of diameter-based forest structure. This baseline supports 490 

comparative analyses across biomes, facilitates integration with ecological and Earth system 491 

models, and enables evaluation of structural information derived from remote sensing and other 492 

global products. 493 

 494 

2. Materials and Methods 495 

2.1. Overview 496 

Development of the global dataset containing forest diameter attributes involved four main 497 

stages: (1) compilation and standardization of tree-level forest inventory observations from 498 

multiple sources, (2) derivation of stand-level diameter metrics by forest ecotypes (based on 499 

FAO Global Ecological Zones classification-FAO, 2012) for use in spatial modelling, (3) 500 

https://doi.org/10.5194/essd-2026-226
Preprint. Discussion started: 22 May 2026
c© Author(s) 2026. CC BY 4.0 License.



18 
 

ecozone-specific model training and validation,  and (4) mapping of the tree size metrics on 501 

forest extent, based on the model performance (Figure 1) 502 

 503 

Figure 1. Workflow illustrates the key steps in generating global maps of forest structure in 504 

terms of tree stem diameter attributes.  505 
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2.2. Data preprocessing stages 506 

(i) Data collection and assemblage: Tree-level forest inventory measurements were compiled 507 

from a wide range of sources, including global forest monitoring initiatives, national forest 508 

inventory programs, and multiple collaborative research networks and data-sharing efforts. These 509 

sources collectively provided extensive geographic coverage across forested regions worldwide 510 

(Liang et al., 2016, 2022). The compiled dataset included 1,203,524 georeferenced forest 511 

inventory plots representing approximately 54.6 million individual tree records and 512 

encompassing approximately 600 km² of sampled forest area globally. Plot sizes varied across 513 

contributing datasets due to differences in inventory design, ranging from small fixed-area plots 514 

to larger inventory units. To ensure comparability across datasets, all plot-level measurements 515 

were standardized to a per-hectare basis using plot-specific expansion factors (trees per hectare, 516 

TPH) prior to analysis (see Section 2.2-iii). 517 

For each tree observation, we retained information on plot identity, geographic coordinates, 518 

taxonomic identity where available, DBH, and measurement year. DBH, measured at 1.3m 519 

above ground level, represents the most consistently recorded structural variable across forest 520 

inventory programs worldwide and serves as the primary measurement used to quantify tree size 521 

within forest stands. 522 

 523 

(ii) Taxonomic standardization: Forest inventory datasets compiled from multiple monitoring 524 

programs often differ in taxonomic conventions and species naming formats. To ensure 525 

taxonomic consistency across the compiled dataset, species nomenclature was standardized using 526 

the Taxonomic Name Resolution Service (TNRS), which validates submitted names against 527 

authoritative taxonomic repositories including World Flora Online and the World Checklist of 528 

Vascular Plants (Boyle et al., 2013). During this process, scientific binomial names were retained 529 

while subspecific ranks and author citations were removed to maintain consistent formatting 530 

across records. For individuals identified only to morphospecies, standardized genus-level 531 

identifiers were assigned. These identifiers were constructed by combining the genus name with 532 

the label “spp”, the source dataset identifier, and a numeric suffix.  533 

 534 
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(iii) Data standardization: Forest inventory datasets compiled from multiple countries and 535 

monitoring programs vary substantially in sampling design, plot area, measurement protocols, 536 

and reporting formats. To ensure comparability, we harmonized and standardized data prior to 537 

analysis. 538 

 539 

First, all records were screened for essential plot metadata, and only observations containing 540 

geographic coordinates, tree diameter measurements, plot identifiers, and measurement year 541 

were retained. To represent contemporary forest conditions, the dataset was restricted to plots 542 

measured from the year 2000 onward. Second, to standardize tree populations across datasets, we 543 

retained only stems with DBH ≥ 10 cm, a threshold widely adopted in global forest inventory 544 

analyses (Liang et al., 2022, Crowther et al., 2015). In cases where trees were recorded as multi-545 

stem individuals, diameters were combined into an equivalent diameter based on cross-sectional 546 

area, ensuring that inclusion thresholds were applied consistently to the whole tree rather than 547 

individual stems. This consideration is particularly important in dry forests, where multi-stem 548 

growth forms are common. Stems smaller than this threshold were excluded to ensure that 549 

structural metrics were derived from comparable tree populations across regions. Where 550 

disturbance information was available, plots affected by recent stand-replacing or stand-altering 551 

disturbances (e.g., intensive harvesting, severe wildfire, or large-scale windthrow) were 552 

excluded, as these events can temporarily shift forest structure away from conditions 553 

representative of longer-term stand development. Third, because plot sizes and sampling 554 

approaches vary among inventories, tree counts were standardized using plot expansion factors 555 

that convert measured stems to trees per hectare (TPH). Expressing observations on a consistent 556 

per-area basis ensures that structural metrics derived from different inventories remain directly 557 

comparable despite differences in sampling design (Liang et al., 2022). 558 

 559 

(iv) Data aggregation to plot-scale: Tree-level diameter measurements were aggregated to 560 

derive plot-level indicators describing forest diameter structure. Using all stems meeting the 561 

minimum threshold (DBH ≥ 10 cm), we calculated three complementary metrics of forest 562 

diameter structure, including (i) arithmetic mean diameter (Dmean), (ii) quadratic mean diameter 563 

(Dqm), and (iii) coefficient of variation of diameter (Dcv) (Table 1). 564 

 565 
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a. The arithmetic mean diameter represents the average DBH of trees within a plot and 566 

provides a measure of typical tree size. For each plot containing n trees, we calculated 567 

Dmean as: 568 

𝐷𝑚𝑒𝑎𝑛 =
1

𝑛
∑ 𝐷𝐵𝑛

𝑖=1 𝐻𝑖 , 569 

where DBHi denotes the diameter of the ith tree. 570 

b. Quadratic mean diameter places greater weight on larger trees and therefore reflects the 571 

structural influence of dominant canopy individuals within forest stands. Because basal 572 

area scales with the square of stem diameter, this metric emphasizes the contribution of 573 

larger trees to stand structure. We calculated Dqm as: 574 

𝐷𝑞𝑚 = √
1

𝑛
∑ 𝐷𝐵𝑛

𝑖=1 𝐻𝑖
2 , 575 

where DBHi denotes the diameter of the ith tree. 576 

 577 

c. To quantify variability in tree size within each plot, we calculated the coefficient of 578 

variation of diameter (Dcv) as: 579 

𝐷𝑐𝑣 =
𝑆𝐷(𝐷𝐵𝐻)

𝐷𝑚𝑒𝑎𝑛
  , 580 

where SD(DBH) is the standard deviation of tree diameter at breast height within a plot, 581 

and 𝐷𝑚𝑒𝑎𝑛 is the arithmetic mean diameter of all trees in that plot. 582 

 583 

 584 

 585 

 586 

 587 

 588 

 589 

 590 
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Table 1. Summary statistics of tree stem diameter structure metrics across global ecozones, 591 

including mean, standard deviation (SD), and sample size (n), derived from ground-based 592 

forest inventories. 593 

Broader 

Group 

        Ecozone Dmean (cm) 

(Mean ± SD) 

Dqm (cm) 

 (Mean ± SD) 

Dcv (cm) 

 (Mean ± SD) 

n 

 

Boreal 

Boreal coniferous forest 17.64 ± 4.70 18.23 ± 5.07 0.26 ± 0.11 59,249 

Boreal tundra woodland 15.97 ± 4.42 16.51 ± 4.93 0.23 ± 0.11 1,295 

Boreal mountain system 17.31 ± 5.67 18.1 ± 6.31 0.29 ± 0.15 15,263  

      

 

 

Temperate 

Temperate continental forest 22.79 ± 6.45 24.18 ± 7.13 0.34 ± 0.13 297,427 

Temperate mountain system 25.76 ± 10.38 27.75 ± 11.69 0.38 ± 0.16 179,145 

Temperate desert 28.22 ± 8.61 30.38 ± 9.56 0.4 ± 0.14 7,976 

Temperate steppe 24.27 ± 7.42 25.95 ± 8.4 0.37 ± 0.16 10,554 

Temperate oceanic forest 30.02 ± 12.76 31.6 ± 13.33 0.32 ± 0.17 182,657  
      

 

 

Subtropics 

Subtropical mountain system 22.01 ± 9.10 23.4 ± 10.03 0.35 ± 0.16 100,115 

Subtropical humid forest 22.27 ± 6.20 23.8 ± 7.15 0.35 ± 0.15 108,850 

Subtropical dry forest 25.24 ± 12.06 26.36 ± 12.54 0.29 ± 0.16 56,023 

Subtropical desert 20.81 ± 9.31 21.75 ± 10.24 0.3 ± 0.17 7,524 

Subtropical steppe 21.39 ± 8.23 22.53 ± 9.06 0.32 ± 0.15 17,362 

      

 

 

Tropics 

Tropical shrubland 21.17 ± 7.41 23.48 ± 9.27 0.43 ± 0.20 575 

Tropical rainforest 22.50 ± 9.15 24.89 ± 10.62 0.45 ± 0.21 15,321 

Tropical moist forest 16.91 ± 4.96 17.91 ± 5.81 0.33 ± 0.16 26,727 

Tropical dry forest 18.18 ± 6.95 19.30 ± 7.90 0.34 ± 0.17 15,655 

Tropical mountain system 21.36 ± 7.58 22.98 ± 8.71 0.39 ± 0.18 8,438   
Global 24.56 ± 10.24 26.06 ± 11.04 0.34 ± 0.15 1,203,524 

 594 

 595 

(v) Acquisition of covariates: To model spatial variation in forest diameter structure, we 596 

assembled a suite of environmental and remote sensing correlates representing major climatic, 597 

and physiographic gradients known to influence forest growth and stand development. These 598 

layers were compiled to represent climate, vegetation, topography, soil characteristics, and 599 

anthropogenic impacts, including global climate surfaces (Karger et al., 2017; Beck et al., 2019), 600 

structure and vegetation metrics derived from tree height and MODIS products (Potapov et al., 601 

2021, Didan, 2021; Myneni et al., 2015; Running et al., 2017), forest age information (Besnard et 602 
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al., 2021), soil properties (Batjes, 1996), topographic variables (Amatulli et al., 2018), land-use 603 

and management datasets (Lesiv et al., 2022), human footprint indices (Venter et al., 2016), and 604 

ancillary global environmental datasets including aridity (Zomer et al., 2022) and livestock 605 

distribution (Gilbert et al., 2018) (Table 2).  606 

 607 

Climatic covariates describe long-term temperature and precipitation regimes that regulate forest 608 

productivity. Satellite-derived indicators of canopy condition were included to represent multiple 609 

dimensions of forest structure and function, including vegetation greenness (NDVI), leaf area 610 

index (LAI), light availability and use (photosynthetically active radiation), and structural 611 

attributes such as canopy height. Additional covariates representing terrain characteristics, soil 612 

properties, and anthropogenic pressures were included to represent environmental constraints 613 

influencing forest development. Because the objective of this study is spatial prediction rather 614 

than inference on individual drivers, we adopted a comprehensive predictor set to ensure that 615 

major environmental gradients influencing forest structure were represented across diverse 616 

biomes. In total, 55 covariates were initially assembled. Following screening for 617 

multicollinearity and limited contribution to model performance, two variables were removed 618 

(Table 2).   619 

 620 

(vi) Spatial harmonization of covariates: Covariates, which served as the predictors, were 621 

originally available at different spatial resolutions and coordinate systems. To ensure spatial 622 

consistency between the covariates and forest inventory observations, we harmonized all the 623 

covariate layers to a common global grid with a spatial resolution of 0.027° referenced to the 624 

WGS84 geographic coordinate system. Spatial processing included reprojection, resampling, and 625 

raster alignment to ensure consistent spatial support across predictor datasets. Following this 626 

harmonization step, the values were extracted at the geographic coordinates of each forest 627 

inventory plot. The extracted values were then used as explanatory variables for training 628 

predictive models of plot-level forest diameter structure metrics (Table 2). Spatial processing 629 

and statistical analyses were conducted in R using the packages terra, raster, sf, data.table, 630 

ranger, and xgboost (Hijmans et al., 2018, Pebesma et al., 2018).  631 

 632 
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(vii) Construction of the global prediction grid: To generate spatially explicit predictions of 633 

forest diameter structure, we constructed a global prediction grid representing forest areas in 634 

2020. The grid was defined in the WGS84 geographic coordinate system with a spatial resolution 635 

of 0.027° × 0.027° (~3 km at the equator) and was derived from the global canopy height dataset 636 

developed by Potapov et al. 2021, which identifies forests using a minimum canopy height 637 

threshold of 5m. Only grid cells meeting this criterion were retained in the prediction domain, 638 

resulting in approximately 5.7 million forested grid cells worldwide.  Values were extracted at 639 

the centroid of each forest grid cell to construct the explanatory dataset used for spatial 640 

prediction of stand forest diameter metrics (see Section 2.2-vi). To address missing values in 641 

covariates, common in mountainous or data-sparse regions, we used predictive mean matching 642 

using the aregImpute() function from the Hmisc package in R (Harrell et al., 2020).  643 

 644 

(viii) Classification of Ecozones: To facilitate ecological interpretation of global patterns, both 645 

forest inventory plots and prediction grid cells were assigned to Global Ecological Zones (GEZ) 646 

defined by the Food and Agriculture Organization of the United Nations -FAO 2012) (Figure 647 

S1). The GEZ framework delineates global ecological regions based on climatic conditions, 648 

vegetation characteristics, and biogeographic patterns. Linking observations and spatial grid to 649 

FAO ecological zones provides a consistent ecological framework for summarizing and 650 

comparing patterns of forest diameter structure across major forest biomes. This classification 651 

enables regional analysis of tree size metrics and supports interpretation of global variation in 652 

forest structural attributes. 653 

 654 

 655 

 656 

 657 

 658 

 659 

 660 

 661 
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Table 2. Summary statistics for environmental and structure-vegetation-related variables 662 

used as predictors, across 1,203,524 forest inventory plots to predict tree stem diameter 663 

attributes globally. 664 

 665 

Category Covariates  Variable Unit Resolution     Mean SD References 

 

 

 

Structure, 

composition & 

vegetation 

Plot size Ps ha ha 0.06 0.14 Author-generated 

Species richness R ha-1 3 km 10.14 11.20 Author-generated 

Forest age A Years 1 km 76.14 37.31 Besnard et al., 

2021 

Normalized difference 

vegetation index 

V1 Unitless 1 km 0.82 0.11 Didan, 2021 

Enhanced vegetation 

index 

V2 Unitless 1 km 0.55 0.13 Didan, 2021 

Evapotranspiration V3 mm.year-

1 

1 km 475 209 Running et al., 

2017 

Leaf area index V4 Unitless 1 km 5.53 1.88 Myneni et al., 

2015 

Photosynthetic 

radiation 

V5 Unitless 1km 0.48 0.13 Myneni et al., 

2015 

Forest height V6 m 30 m 12.85 8.15 Potapov et 

al.,2021 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Bioclimate 

 

Mean annual air 

temperature  

 

B1 

 

°C 

 

1 km 

 

10.31 

 

6.01 

 

Karger et al., 2017 

Mean diurnal air 

temperature range  

B2 °C 1 km 8.80 2.18 Karger et al., 2017 

Isothermality (ratio) B3 Unitless 1 km 31.76 11.71 Karger et al., 2017 

Temperature 

seasonality  

B4 0.01°C 1 km 729.46 256.44 Karger et al., 2017 

Mean daily maximum 

air temperature of the 

warmest month  

B5 °C 1 km 25.31 4.45 Karger et al., 2017 

Mean daily minimum 

air temperature of the 

coldest month  

B6 °C 1 km -4.19 9.29 Karger et al., 2017 

Annual range of air 

temperature 

B7 °C 1 km 29.50 7.56 Karger et al., 2017 

Mean daily air 

temperatures of the 

wettest quarter  

B8 °C 1 km 14.96 7.01 Karger et al., 2017 

Mean daily air 

temperatures of the 

driest quarter  

B9 °C 1 km 6.20 11.29 Karger et al., 2017 

Mean daily air 

temperatures of the 

warmest quarter  

B10 °C 1 km 19.54 4.18 Karger et al., 2017 
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Mean daily air 

temperatures of the 

coldest quarter  

B11 °C 1 km 0.81 8.84 Karger et al., 2017 

Annual precipitation 

amount  

B12 kg.m-2 1 km 1082.83 523.32 Beck et al., 2019 

Precipitation amount 

of the wettest month  

B13 kg.m-2 1 km 157.94 100.16 Karger et al., 2017 

Precipitation amount 

of the driest month  

B14 kg.m-2 1 km 50.10 31.58 Karger et al., 2017 

Precipitation 

seasonality 

(coefficient of 

variation) 

B15 Unitless 1 km 36.77 26.66 Karger et al., 2017 

Mean monthly 

precipitation amount 

of the wettest quarter  

B16 kg.m-2 1 km 425.13 253.50 Karger et al., 2017 

Mean monthly 

precipitation amount 

of the driest quarter  

B17 kg.m-2 1 km 170.86 101.34 Karger et al., 2017 

Mean monthly 

precipitation amount 

of the warmest 

quarter  

B18 kg.m-2 1 km 340.17 210.97 Karger et al., 2017 

Mean monthly 

precipitation amount 

of the coldest quarter  

B19 kg.m-2 1 km 230.92 165.45 Karger et al., 2017 

Potential 

evapotranspiration 

B20 mm.year-

1 

1 km 43.9 10.8 Zomer et al., 2022 

Indexed annual aridity B21 Unitless 1 km 9668.77 4996.84 Zomer et al., 2022 

 

 

 

 

 

 

 

 

 

Topography 

 

Terrain ruggedness 

Index 

 

T1 

 

Unitless 

 

1 km  

 

18.59 

 

19.00 

 

Amatulli et al., 

2018 

Roughness T2 Unitless 1 km  57.31 59.38 Amatulli et al., 

2018 

Slope T3 Degree 1 km  4.85 5.12 Amatulli et al., 

2018 

Aspect cosine T4 Unitless 1 km  -3.06 174.55 Amatulli et al., 

2018 

Aspect sine T5 Unitless 1 km  -3.05 174.55 Amatulli et al., 

2018 

First order partial 

derivative (N-S slope) 

T6 Unitless 1 km  0.00 0.08 Amatulli et al., 

2018 

Second-order partial 

derivative (E-W slope) 

T7 Unitless 1 km  0.00 0.00 Amatulli et al., 

2018 

First-order partial 

derivative (E-W slope) 

T8 Unitless 1 km  0.00 0.07 Amatulli et al., 

2018 
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Second-order partial 

derivative (N-S 

slope)   

T9 Unitless 1 km  0.00 0.00 Amatulli et al., 

2018 

Profile curvature T10 Unitless 1 km  0.00 0.00 Amatulli et al., 

2018 

Topographic Position 

Index 

T11 Unitless 1 km  0.14 4.82 Amatulli et al., 

2018 

Tangential curvature  T12 Unitless 1 km  0.00 0.00 Amatulli et al., 

2018 

Elevation T13 M 1 km  555.43 632.23 Amatulli et al., 

2018 

 

 

 

Soil 

 

Organic carbon 

content 

 

S1 

 

g.kg-1 

 

1 km  

 

41.61 

 

45.63 

 

Batjes,1996 

Percent clay S2 % 1 km 18.79 8.48 Batjes,1996 

pH S3 Unitless 1 km 5.86 1.04 Batjes,1996 

Bulk density S4 g·cm-3 1 km 1.25 0.24 Batjes,1996 

C/N ratio S5 Unitless 1 km 13.53 3.03 Batjes,1996 

Total nitrogen  S6 g.kg-1 1 km 2.20 2.26 Batjes,1996 

Electrical 

conductivity  

S7 dS·m-1 1 km 0.68 1.40 Batjes,1996 

 

 

 

Anthropogenic 

 

The Human Footprint 

(HF), a measure of the 

cumulative impact of 

direct human pressure 

 

G1 

 

Unitless 

 

1km 

 

9.15 

 

8.63 

 

Venter et al., 2016 

Distribution of cattle G2 number 

of cattle 

per ~100 

km² 

100km2 865.83 1386.03 Gilbert et al, 2018 

Forest management G3 Unitless 100m 37.55 38.18 Lesiv et al., 2022 

 666 

 667 

 668 

 669 

 670 

 671 

2.3. Model training  672 

2.3.1. Spatial prediction of diameter structure 673 

Spatial prediction of forest diameter structure was performed by relating the ground truth 674 

diameter metrics to gridded covariates used as predictors. Because relationships between 675 
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environmental conditions and forest structure vary across broad climatic regions, modelling was 676 

conducted separately within ecozones, rather than imposing a single global model. Within each 677 

ecozone, three structural indicators derived from tree diameter measurements were modelled: 678 

Dmean, Dqm, and Dcv. The covariates extracted for forest inventory plots served as explanatory 679 

variables for model development (see Table 2 for a full list of covariates used). Three modelling 680 

approaches representing different statistical paradigms were evaluated: a linear regression model 681 

(ordinary least squares; OLS) and two nonlinear ensemble methods, Random Forest (RF) and 682 

Extreme Gradient Boosting (XGBoost). The OLS model provides a transparent, parametric 683 

baseline by assuming linear relationships between predictors and response variables. In contrast, 684 

RF and XGBoost are tree-based ensemble learning methods that iteratively combine multiple 685 

decision trees to improve predictive performance. RF builds an ensemble of decorrelated trees 686 

using bootstrap aggregation and random feature selection, while XGBoost employs gradient 687 

boosting to sequentially minimize prediction errors. These approaches are widely used in 688 

ecological modelling because they can capture complex nonlinear relationships and interactions 689 

among predictors without requiring predefined functional forms (Breiman, 2001; Cutler et al., 690 

2007; Chen & Guestrin, 2016, Liaw et al., 2022).  691 

Model predictions were generated within a bootstrap framework (see Section 2.5), in which 692 

repeated model realizations were produced for each ecozone. The final predicted value for each 693 

grid cell was calculated as the mean of predictions across bootstrap iterations, providing a robust 694 

estimate of the forest diameter attributes. 695 

 696 

2.4. Model tuning 697 

Hyperparameters for the machine-learning approaches were optimized using a randomized 698 

search across candidate parameter combinations. For Random Forest, candidate configurations 699 

included variation in ensemble size (10–250 decision trees) and the number of predictors 700 

evaluated at each split (mtry = 1–52). Model error stabilized at 250 decision trees, and the best-701 

performing configuration used mtry = 50. For XGBoost, tuning explored parameters controlling 702 

model learning and complexity, including eta, max_depth, subsample, colsample_bytree, 703 

min_child_weight, and nrounds. The final parameter configuration for each ecozone was selected 704 

based on the lowest validation root mean square error. 705 
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 706 

2.5. Model performance evaluation 707 

 708 

The reliability of the global forest diameter structure dataset was evaluated using predictive 709 

validation and comparison among candidate modelling approaches. Model performance was 710 

evaluated using the independent validation dataset with three metrics: the coefficient of 711 

determination (R²), root mean square error (RMSE) and mean absolute error (MAE). To 712 

facilitate comparison across broader climate gradients, the ecozone-level predictions were 713 

grouped into four major domains: boreal, temperate, subtropical, and tropical, by grouping the 714 

corresponding ecozonal categories (see Table 1 Broader Group column). Among the evaluated 715 

algorithms, RF consistently produced the most reliable predictive performance across the groups 716 

(Tables 3-5). Therefore, RF models trained separately within each ecozone were selected to 717 

generate spatial predictions of Dmean, Dqm, and Dcv across the global forest prediction grid. The 718 

final models were applied to ~5.7 million forested grid cells to produce spatially continuous 719 

maps of forest diameter structure (Figure 2a, Figure 3a, Figure 4a).  720 

To further evaluate model robustness, a bootstrap resampling procedure was implemented to 721 

generate repeated model realizations, allowing estimation of prediction variability associated 722 

with sampling and model fitting (Efron & Tibshirani, 1993; Hastie et al., 2009). For each 723 

ecozone, we randomly partitioned the dataset into training (90%) and validation (10%) subsets 724 

(Figures S2-S4). A fixed partitioning scheme was used across all model runs to ensure that 725 

differences in predictive performance reflected model behavior rather than variation in data 726 

splits. All modelling procedures were implemented in R, using the ranger package for Random 727 

Forest and xgboost for gradient boosting models. Prediction uncertainty was quantified as the 728 

standard deviation of predictions across bootstrap iterations, providing an estimate of variability 729 

arising from model fitting and sampling (Figure 2b, Figure 3b, Figure 4b). Model performance 730 

was evaluated using independent validation data by comparing observed and predicted values, 731 

with agreement assessed relative to the 1:1 reference line and the fitted regression trend. 732 
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 733 
Figure 2. Global mapping and associated uncertainty of predicted forest arithmetic mean 734 

diameter (Dmean, cm). (a) Spatial distribution of predicted Dmean across global forests at 0.027° 735 

resolution, generated using Random Forest models trained on forest inventory observations and 736 

53 covariates. (b) Prediction uncertainty in Dmean is expressed as the standard deviation (cm) of 737 

predicted Dmean values across Random Forest model iterations Both maps are displayed using the 738 

Mollweide equal-area projection (WGS84 datum). 739 
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 740 
Figure 3. Global mapping and associated uncertainty of predicted forest quadratic mean 741 

diameter (Dqm, cm). (a) Spatial distribution of predicted Dqm across global forests at 0.027° 742 

resolution, generated using Random Forest models trained on forest inventory observations and 743 

53 covariates. (b) Prediction uncertainty in Dqm is expressed as the standard deviation (cm) of 744 

predicted Dqm values across Random Forest model iterations Both maps are displayed using the 745 

Mollweide equal-area projection (WGS84 datum).  746 
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 747 
Figure 4. Global mapping and associated uncertainty of predicted forest diameter 748 

variability (Dcv). (a) Spatial distribution of predicted Dcv across global forests at 0.027° 749 

resolution, generated using Random Forest models trained on forest inventory observations and 750 

53 covariates. (b) Prediction uncertainty in Dcv is expressed as the standard deviation (cm) of 751 

predicted Dcv values across Random Forest model iterations Both maps are displayed using the 752 

Mollweide equal-area projection (WGS84 datum). 753 

 754 

3. Results 755 

3.1. Validation and model selection 756 

For the three complementary forest stand diameter metrics over the ecozonal categories, Random 757 

Forest consistently demonstrated the most reliable predictive performance for different model 758 

approaches (Table 3-5, Figures S2-S4). The superior performance of ensemble tree-based RF 759 

algorithms likely reflects its ability to represent nonlinear relationships and interactions among 760 
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environmental predictors (Breiman, 2001; Cutler et al., 2007; Belgiu & Drăguţ, 2016). Forest 761 

diameter structure arises from the combined influence of climate, vegetation dynamics, site 762 

conditions, and disturbance, arising from complex ecological relationships that are difficult to 763 

capture using linear models. Based on these validation results, RF predictions trained within each 764 

ecozone within the broader category, were retained as the final gridded product distributed with 765 

the dataset (Figures 2-4). 766 

a. Performance for arithmetic mean diameter (Dmean): Across all broad climatic groupings, 767 

RF consistently reproduced observed values of arithmetic mean diameter (Dmean) more accurately 768 

than the alternative models (Table 3). In boreal forests, RF achieved strong performance (R² = 769 

0.82; RMSE = 4.45; MAE = 3.07), substantially outperforming XGBoost and OLS, which 770 

explained considerably less variance (R² = 0.45 and 0.35, respectively). In temperate forests, RF 771 

explained 52% of the variance in observed Dmean (R² = 0.52), again exceeding the performance of 772 

XGBoost (R² = 0.19) and OLS (R² = 0.11). Similar patterns were observed in subtropical 773 

ecosystems, where RF achieved moderate explanatory power (R² = 0.41), while alternative 774 

models showed near-zero performance. In tropical forests, RF and XGBoost performed 775 

comparably (R² = 0.81 and 0.79, respectively), although RF produced lower prediction errors. 776 

 777 

 778 

 779 

 780 

 781 

 782 

 783 

 784 

 785 

 786 
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Table 3. Model performance comparison for predicting Dmean across ecozones grouped into 787 

major climatic zones. 788 

Ecozone group Candidate Model R2 RMSE MAE 

 

 

Boreal 

RF  0.82 4.45 3.07 

XGBoost 0.45 7.68 5.14 

OLS 0.35 8.34 5.70  

     

 

Temperate 

RF 0.52 3.91 2.73 

XGBoost 0.19 5.04 3.76 

OLS 0.11 5.30 3.98  

     

 

Subtropics 

RF 0.41 4.63 3.26 

XGBoost 0.05 5.84 4.42 

OLS 0.01 5.97 4.53 

     

 

Tropics 

RF 0.81 4.11 2.57 

XGBoost 0.79 4.35 2.89 

OLS 0.61 5.90 3.77 

 789 

 790 

b. Performance for quadratic mean diameter (Dqm): Model evaluation for Dqm showed 791 

consistent patterns across ecozones with the RF model achieving the highest predictive accuracy 792 

in all climatic groups (Table 4). In boreal forests, RF explained a large proportion of variance 793 

(R² = 0.83), outperforming XGBoost and OLS (R² = 0.48 and 0.39, respectively). In temperate 794 

regions, RF accounted for 54% of the observed variation in Dqm (R² = 0.54), again exceeding the 795 

performance of the alternative models. Subtropical ecozones showed lower overall predictive 796 

power, although RF still improved model fit (R² = 0.43) relative to XGBoost and OLS. In 797 

tropical forests, RF and XGBoost performed similarly (R² = 0.78 and 0.76, respectively), while 798 

RF consistently produced lower prediction errors (RMSE and MAE). 799 

 800 
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Table 4. Model performance comparison for predicting Dqm across ecozones grouped into 801 

major climatic zones. 802 

Ecozone group Candidate Model R2 RMSE MAE 

 

Boreal 

RF 0.83 4.94 3.40 

XGBoost 0.48 8.74 5.91 

OLS 0.39 9.53 6.59  

     

 

Temperate 

RF 0.54 4.38 3.06 

XGBoost 0.21 5.73 4.30 

OLS 0.12 6.04 4.57  

     

 

Subtropics 

RF 0.43 5.27 3.72 

XGBoost 0.07 6.74 5.15 

OLS 0.01 6.95 5.31 

     

 

Tropics 

RF 0.78 5.09 3.18 

XGBoost 0.76 5.36 3.56 

OLS 0.61 6.80 4.41 

 803 

 804 

c. Performance for diameter variability (Dcv): Predictive performance for the coefficient of 805 

variation of diameter (Dcv) was generally lower than for the mean diameter metrics reflecting 806 

the greater complexity of modeling within-stand structural variability. Nevertheless, the RF 807 

model consistently outperformed alternative approaches across all climatic zones (Table 5). 808 

In boreal forests, RF achieved moderate performance (R² = 0.62; RMSE = 0.10; MAE = 809 

0.07), exceeding XGBoost and OLS (R² = 0.31 and 0.23, respectively). Similar patterns were 810 

observed in temperate ecosystems, where RF explained 47% of the observed variation in Dcv. 811 

In subtropical and tropical forests, RF again showed higher explanatory power (R² = 0.52 and 812 

0.47, respectively) and lower prediction errors compared with the alternative models. 813 

 814 
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Table 5. Model performance comparison for predicting Dcv across ecozones grouped into 815 

major climatic zones. 816 

Ecozone group Candidate Model R2 RMSE MAE 

 

Boreal 

RF 0.62 0.10 0.07 

XGBoost 0.31 0.13 0.10 

OLS 0.23 0.14 0.11 

     

 

Temperate 

RF 0.47 0.09 0.06 

XGBoost 0.15 0.11 0.09 

OLS 0.09 0.12 0.09  

     

 

Subtropics 

RF 0.52 0.11 0.07 

XGBoost 0.11 0.14 0.11 

OLS 0.05 0.15 0.12 

     

 

Tropics 

RF 0.47 0.13 0.10 

XGBoost 0.38 0.15 0.11 

OLS 0.22 0.16 0.12 

 817 

3.2. Uncertainty Assessment 818 

To support cautious use of the gridded diameter products, each prediction layer was 819 

accompanied by a map of pixel-level variability (Figure 2b, Figure 3b, Figure 4b). For every 820 

grid cell, uncertainty is expressed as the standard deviation of predicted values generated across 821 

repeated model iterations (see section 2.5. Model performance evaluation). Small standard 822 

deviations indicate that estimates are stable across repeated fits, whereas larger values highlight 823 

locations where predictions shift more across iterations and are therefore less stable. Spatial 824 

patterns in prediction variability primarily track (i) the density and representativeness of training 825 

plots, and (ii) how unusual local environmental conditions are relative to those observed in the 826 

training data. Areas with substantial inventory coverage tend to show lower variability, while 827 

regions with sparse sampling and/or environmental conditions near the edges of the training 828 

domain more often exhibit higher variability. These layers flag areas where mapped diameter 829 
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metrics warrant added caution, to guide masking or weighting in downstream analyses, and to 830 

contextualize comparisons among regions. Because diameter metrics were computed directly 831 

from measured tree diameters prior to model fitting, the uncertainty reported here reflects model-832 

based spatial prediction variability (and associated sensitivity to training data and covariates), 833 

rather than measurement error in the underlying field observations. 834 

 835 

4. Data Availability 836 

The datasets generated in this study provide a spatially explicit representation of forest tree 837 

diameter structure across the global forest extent 2020. All data products are publicly available 838 

through the Figshare repository (under license CC by 4.0) and are distributed in formats 839 

designed to support geospatial analysis, ecological modeling, and large-scale environmental 840 

assessments.  841 

The repository contains both gridded raster layers and a tabular dataset describing predicted 842 

forest diameter metrics and associated uncertainty estimates. Spatial predictions were produced 843 

on a global forest grid with a spatial resolution of 0.027° × 0.027°, corresponding to ~3 km at the 844 

equator. Raster layers are provided in GeoTIFF format using the WGS 84 coordinate reference 845 

system, enabling direct use in standard geographic information systems and spatial analysis 846 

software (https://figshare.com/s/689e4be80a63d05d5189; Mitra et al., 2026). Three principal 847 

variables describing forest diameter structure are included in the dataset: (i) Dmean (ii) Dqm (iii) 848 

Dcv. For each diameter metric, two raster layers are provided: a prediction layer representing the 849 

average value derived from repeated model iterations (“Dmean_ecozonal.tif, 850 

Dqm_mean_ecozonal.tif, Dcv_mean_ecozonal.tif”), and a corresponding uncertainty layer 851 

representing the standard deviation of predictions across those iterations 852 

(“Uncertainty_Dmean.tif, Uncertainty_Dqm.tif, Uncertainty_Dcv.tif”).  853 

In addition to raster products, the Figshare repository includes grid-level tabular datasets 854 

containing detailed information for each forested grid cell with the predictions of Dmean, Dqm, and 855 

Dcv (https://figshare.com/s/91c6cc4f2b9757d92da8; Mitra et al., 2026). Each record corresponds 856 

to a single grid cell and includes geographic coordinates (LON and LAT), assigned Global 857 

Ecological Zone (Ecozone), corresponding broader domain of ecozone (GEZ_GROUP), 858 
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covariates used as predictors used in the modeling framework as listed in Table 1, predicted 859 

diameter metrics from the ecozone-specific models (Dmean, Dqm, and Dcv), and their associated 860 

uncertainty estimates. This tabular format allows users to access the modeled variables directly 861 

and facilitates integration with statistical analyses or external datasets. 862 

Comprehensive metadata describing the harmonized training dataset, including the 863 

characteristics and sources of all contributing in-situ forest inventory datasets, are available at 864 

https://figshare.com/s/34c21c03883a01ef708f; Mitra et al., 2026. A public version of the 865 

harmonized training data frame containing all predictor variables required to reproduce the 866 

modeling workflow is available at https://figshare.com/s/c795146ea9e8aa42f81f; Mitra et al., 867 

2026.  868 

All spatial products are additionally accessible through the Science-i international research 869 

platform (https://science-i.org). Raw forest inventory data underlying the harmonized dataset are 870 

subject to data-sharing agreements and confidentiality restrictions imposed by contributing data 871 

providers. Access to sensitive components (e.g., precise plot coordinates and tree-level records) 872 

may be requested from the corresponding author via Science-i or the Global Forest Biodiversity 873 

Initiative (GFBI), subject to approval by the original data owners. 874 

 875 

5. Code availability 876 

All data processing, harmonization, species abundance matrix construction, computation of SBA 877 

and average tree size, geostatistical imputation, model training, and cross-validation were 878 

implemented in R (v3.4.2) using command-line workflows. Computationally intensive analyses 879 

were performed on Purdue University’s Bell and Negishi high-performance computing (HPC) 880 

clusters within Linux-based environments optimized for parallel and high-memory workloads 881 

(compute nodes up to 1 TB RAM; clusters up to 64 nodes). Additional covariate preparation, 882 

spatial mapping, and quality-control procedures were conducted on Windows-based workstations 883 

(up to 128 GB RAM). The Random Forest (RF) models required to reproduce the modeling 884 

framework presented in this study are publicly available under an MIT license at Figshare 885 

https://figshare.com/s/60eac94e4c64a95c6d13; Mitra et al., 2026. 886 
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 887 

6. Conclusion 888 

This study presents a spatially explicit dataset of forest diameter structure derived from 889 

standardized forest inventory observations and environmental predictors, providing estimates of 890 

mean diameter (Dmean), quadratic mean diameter (Dqm), and diameter variability (Dcv) at 0.027° 891 

resolution (Figures 2-4). Based on more than 1.2 million georeferenced forest inventory plots 892 

that includes 54.6 million tree records within an ecozone-specific modeling framework, the 893 

dataset extends field measurements into a continuous representation of forest structural attributes 894 

with associated uncertainty. The dataset captures variation in tree size, the influence of larger 895 

stems, and within-stand heterogeneity across ecological regions. Agreement between predicted 896 

and observed values, together with consistency among derived metrics (Figures S2-S4), 897 

indicates that the mapped diameter attributes retain key structural properties of the underlying 898 

inventory data and complement existing biomass- and canopy-focused products. 899 

The availability of spatially continuous diameter metrics supports applications in ecological 900 

analysis, vegetation and Earth system model parameterization and evaluation, benchmarking of 901 

remotely sensed structural indicators, and large-scale assessment of forest condition and 902 

structural variability (Figures 2a, 3a, 4a). The accompanying uncertainty layers allow users to 903 

evaluate prediction stability, identify areas requiring cautious interpretation, and incorporate 904 

uncertainty into downstream analyses (Figures 2b, 3b, 4b). 905 

Several limitations should be considered when applying the dataset. Predictions are influenced 906 

by the spatial distribution of inventory plots and the resolution and completeness of 907 

environmental predictors, which may lead to higher uncertainty in under-sampled regions or 908 

under-represented environmental conditions. In addition, the dataset represents structural 909 

conditions associated with forest cover 2020 and does not capture temporal dynamics or changes 910 

in stand development. Continued expansion of harmonized inventory data and advances in 911 

environmental and canopy-structure datasets, including lidar-based observations, will support 912 

further refinement and higher-resolution representations of forest structure. In conclusion, this 913 

work establishes a framework for representing forest diameter structure from standardized 914 
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observations, enabling improved integration of structural information into ecological analyses 915 

and modeling applications. 916 
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