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Abstract

Forest biomass is a key indicator for evaluating the productivity of forest ecosystems and an important
parameter for forest resource inventory, monitoring, and assessment. Traditional measurement
methods and remote sensing estimation methods are widely used in forest biomass estimation re-
search. Traditional measurement methods offer high accuracy and can be used to validate remote
sensing estimates of forest biomass, but they are costly in terms of time and labor. Remote sensing
estimation methods can provide forest biomass datasets at large scales. These mainly comprise three
types: statistical modelling, process modelling and hybrid modelling. Statistical modeling methods
establish mathematical models based on optical or active remote sensing data combined with field
measurements. These methods are widely used in regional forest biomass estimation studies. Process
modeling methods include physiological-ecological process models and light-use efficiency models.
These methods simulate photosynthesis, respiration, and nutrient cycling processes during forest
vegetation growth at the mechanistic level and possess strong physical significance. Hybrid models
combine mechanistic models with data-driven models, balancing the physical consistency of mecha-
nistic models with the high data-driven performance of deep learning models. This paper reviews the
research progress, advantages, and disadvantages of these three approaches for estimating forest
biomass. Lastly, we propose future research directions to provide a theoretical framework for stud-
ies aimed at obtaining high-precision forest biomass estimates.
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Figure 1. Schematic illustration of the “light saturation” phenomenon in optical remote sensing and the penetration advantages
of LiDAR and SAR
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Figure 2. Schematic diagram illustrating the estimation of forest biomass using multi-source remote sens-
ing data
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Table 1. A Comparison of the advantages and disadvantages of estimating forest biomass using different remote sensing data
sources
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Figure 3. Flowchart for estimating forest biomass based on statistical and process models
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Table 2. A comparison of the advantages and disadvantages of different models for estimating forest biomass using remote
sensing
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