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Allometric Equations for Biomass Estimation of Woody Plants: A 
Comprehensive Guide

Estimating the biomass of woody vegetation is a cornerstone of ecological research, forest management, and

carbon accounting. Traditional destructive sampling methods—harvesting trees, weighing stems, and measuring

root systems—are accurate but time �consuming, costly, and often impractical for large landscapes. Allometric

equations provide a powerful, non �destructive alternative. By relating easily measured tree attributes (such as

diameter at breast height, height, or crown width) to the total above �ground or whole �plant biomass, researchers can

rapidly assess vegetation carbon stocks, monitor growth dynamics, and support policy decisions related to climate

mitigation.

In this article we explore the science behind allometric equations, the key variables that influence their accuracy,

the most widely used models for woody species, and practical guidance on selecting, calibrating, and applying

these equations in diverse forest ecosystems. Whether you are a forest ecologist, a forest manager, or a student

new to the field, this guide will give you a solid foundation for using allometric equations to estimate woody biomass.

Why Allometric Equations Matter

Allometric relationships are mathematical expressions that capture how one biological variable scales with another.

In forestry, the most common allometric equation takes the form:

Biomass = a * (Diameter)^b

where a and bare empirically derived coefficients, and Diameter is usually the diameter at breast height (DBH).

The equation can also incorporate tree height, wood density, or species �specific factors to improve accuracy.

These equations are indispensable for several reasons:

•  Non �destructive assessment: They allow biomass estimation without cutting down trees, preserving forest 

integrity.

•  Scalability: A single measurement per tree can be extrapolated to stand, region, or national scales.

•  Cost �effectiveness: Field crews can collect DBH and height data relatively quickly, reducing labor and 

equipment costs.

•  Carbon accounting: Biomass estimates are converted into carbon stocks, aiding national greenhouse gas 

inventories and REDD+ projects.

Key Variables in Woody Biomass Estimation

While DBH is the most common predictor, other variables can significantly influence biomass estimates:

1.  Tree Height (H) – Taller trees generally have more biomass, especially in dense forests where canopy 

competition drives vertical growth.

2.  Wood Density (<�’	b�7�V6–W2�v—F‚�FVç6W"�pood accumulate more mass per unit volume, affecting overall 



biomass.

3.  Crown Dimensions – Crown width and depth can indicate canopy structure and light interception, indirectly 

related to biomass.

4.  Stand Density – In crowded stands, trees may be smaller due to competition, requiring stand �specific 

adjustments.

5.  Site Index and Soil Productivity – Soil fertility and moisture influence growth rates and ultimate biomass.

6.  Age and Growth Stage – Young trees may follow different allometric relationships than mature trees.

In practice, researchers often balance the trade �off between measurement effort and model precision. For

large �scale inventories, DBH �only models are common, whereas detailed studies may incorporate height and wood

density.

Common Allometric Models for Woody Biomass

Below is a curated list of widely used allometric equations, categorized by the type of data they require and the

ecosystems they best represent. The coefficients are illustrative; users should refer to the original publications for

precise values and context.

1. DBH �Only Models

These models use only diameter at breast height, making them ideal for rapid assessments.

•  Pan et al. (2002) – Global Forest Biomass

AGB = 0.0673 * (<��¢�D$‹"�¢�‚•ã�ã“sb�„�GB = above �ground biomass in kg, <��Ò�pood density in g/cm³)

•  Chave et al. (2005) – Tropical Forests

AGB = 0.0673 * (<��¢�D$‹"�¢�‚•ã�ã“sb�‡6–Ö–Æ�"�`orm but calibrated for tropical species)

•  Jenkins et al. (2003) – Temperate Forests

AGB = 0.0673 * (<��¢�D$‹"�¢�‚•ã�ã“sb�†�F��FVB�`or temperate species)

2. DBH & Height Models

Incorporating height improves accuracy, especially in heterogeneous stands.

•  Wang et al. (2015) – China Forests

AGB = 0.0673 * (<��¢�D$‹"�¢�‚•ã�ã“sb�††–v†Ç’��67W ate for Chinese species)

•  Harmon et al. (2015) – Global Database

AGB = 0.0673 * (<��¢�D$‹"�¢�‚•ã�ã“sb�‡7F�æF�&F— ed across biomes)

3. DBH, Height, and Wood Density Models

These equations provide the highest precision, particularly for mixed �species stands.

•  Chave et al. (2014) – Global Forest Biomass

AGB = 0.0673 * (<��¢�D$‹"�¢�‚•ã�ã“sb�†vÆö&�Â����Æ–6�&–Æ—G’•

4. Species �Specific Models

For critical management decisions, species �specific equations are preferred.

•  European Beech (Fagus sylvatica) – De Vries et al. (2011)

AGB = 0.0505 * (DBH^2.5) * <�ã�ã€

•  Douglas �Fir (Pseudotsuga menziesii) – Rusk et al. (2012)

AGB = 0.0673 * (<��¢�D$‹"�¢�‚•ã�ã“s`

Developing a Site �Specific Allometric Model



While global or generic equations provide a starting point, site �specific calibration often yields the most reliable

estimates. Here’s a step �by �step guide to developing your own model:

1.  Define Objectives

Determine whether you need total biomass, above �ground biomass, or root biomass. Clarify the spatial scale 

(plot, stand, or landscape) and the precision required.

2.  Select Variables

Choose measurable predictors: DBH, height, wood density, crown dimensions, or stand density. Consider 

logistic constraints and the trade �off between measurement effort and model accuracy.

3.  Collect Field Data

Randomly sample a statistically robust number of trees (typically 30–50 per species or stand type). Measure 

DBH at 1.3 /m, total height (using a clinometer or laser rangefinder), and, if possible, wood density (via core 

samples). Record species identity and plot coordinates.

4.  Harvest and Weigh Samples

Select a subset of trees for destructive sampling. Harvest stems, branches, and foliage, dry them, and weigh to 

determine actual biomass. Ensure that the harvested sample represents the variability in the stand.

5.  Statistical Analysis

Fit multiple regression models (log �log or non �linear) using software such as R or Python. Evaluate model fit with 

R², root mean square error (RMSE), and cross �validation. Choose the model that balances simplicity and predictive 

power.

6.  Validate and Refine

Apply the model to an independent data set or use bootstrapping to assess robustness. Adjust coefficients if 

systematic bias is detected.

7.  Implement and Monitor

Use the model to estimate biomass across the stand. Periodically re �measure to capture growth dynamics and 

update the model as necessary.

Integrating Remote Sensing with Allometric Models

Remote sensing technologies—LiDAR, hyperspectral imagery, and UAVs—have revolutionized biomass estimation.

By combining allometric equations with remote �sensed structural metrics, researchers can achieve high spatial

resolution without destructive sampling.

•  LiDAR Height Models – Provides accurate canopy height and volume, which can be substituted for measured 

height in allometric equations.

•  Normalized Difference Vegetation Index (NDVI) – Correlates with leaf area index and can help adjust 

allometric coefficients for seasonal growth variations.

•  Unmanned Aerial Vehicle (UAV) Photogrammetry – Generates high �resolution 3D models for small plots, 

enabling precise DBH and height extraction.

In practice, the workflow might involve: (1) collecting LiDAR data to derive canopy height and volume; (2)

measuring DBH in the field; (3) applying an allometric equation that uses height and DBH; and (4) scaling up to the

landscape using the LiDAR �derived canopy structure.

Common Pitfalls and How to Avoid Them

Even experienced practitioners can fall into traps that compromise biomass estimates. Here are the most frequent

mistakes and tips to mitigate them:

•  Using Inappropriate Coefficients – Applying global coefficients to a highly specialized forest (e.g., boreal 



conifers) can introduce bias. Always check the original study’s species and biome.

•  Ignoring Wood Density Variation – Wood density can vary within a species due to age or site conditions. 

Whenever possible, measure or estimate species �specific density.

•  Overlooking Stand Density Effects – High stand density often leads to smaller individual trees. Incorporate 

stand density metrics or use stand �specific equations.

•  Neglecting Root Biomass – Allometric equations usually estimate above �ground biomass. If root biomass is 

needed, apply a root �to �shoot ratio or use root �specific models.

•  Inadequate Sample Size – Small sample sizes lead to unreliable coefficients. Aim for at least 30–50 trees per 

species or stand type.

•  Data Entry Errors – Mistyped DBH or height values can skew results. Double �check all field data and use 

automated data logging when possible.

Case Studies

1. Tropical Rainforest Carbon Assessment

In the Amazon basin, researchers used a combination of LiDAR and DBH measurements to estimate above �ground 

biomass. They applied the Chave et al. (2014)equation, incorporating wood density and height. The study revealed

that the top 5 % of trees held 40 % of the total biomass, underscoring the importance of protecting large trees for

carbon sequestration.

2. Boreal Forest Management in Canada

Canadian forest managers employed species �specific equations for spruce and pine, derived from destructive

sampling of 200 trees. The resulting biomass estimates informed harvest schedules and reforestation plans,

ensuring sustainable yield while maintaining carbon stocks.

3. Urban Forest Carbon Accounting

City planners in Singapore used a simplified DBH �only model to estimate the biomass of street trees. The results

helped quantify the urban forest’s contribution to city �wide carbon budgets and guided tree planting strategies.

Future Directions in Allometric Biomass Estimation

The field is evolving rapidly, driven by advances in technology and a growing need for accurate carbon accounting:

•  Machine Learning – Algorithms such as random forests and neural networks can model complex relationships 

between multiple predictors (DBH, height, wood density, spectral indices) without predefined functional forms.

•  High �Frequency UAV Surveys – Repeated UAV flights allow for monitoring growth dynamics and detecting 

disturbances (e.g., pests, fires) in near real time.
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