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Abstract

Accurate estimation of aboveground biomass (AGB) is essential for monitoring forest

carbon stocks and supporting climate mitigation strategies such as REDD+. This study

evaluates the utility of Bayesian Hierarchical Spatial Models (BHSMs)—specifically Spa-

tially Varying Intercept (SVI) and Spatially Varying Coefficient (SVC) models—for es-

timating AGB in Nghe An province, Vietnam. A total of 21 models were implemented

across three spatial aggregation levels using field plot data from Vietnam’s National

Forest Inventory (NFI) and three remote sensing (RS) products: University of Mary-

land GLAD Tree Canopy Height (TCH), ESA Climate Change Initiative (CCI) biomass,

and NASA GEDI Level 4B (L4B) gridded AGB. The NFI data included 371 subplot

measurements grouped into 111 clusters. Subplot-level AGB values were averaged by

cluster to produce plot-level estimates, and high-AGB outliers (>300 Mg ha�1) were

removed to construct a third dataset. Square root-transformed AGB was used as the re-

sponse variable in all models. Performance was evaluated using cross-validation RMSE,

bias, and posterior predictive distribution metrics, including credible interval width and
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empirical coverage probability. SVI models consistently outperformed direct RS predic-

tions, and even the intercept-only model yielded lower prediction error. The inclusion of

RS covariates offered limited additional benefit, and posterior slope variances were con-

sistently small with short effective ranges, suggesting minimal spatial non-stationarity

in covariate effects. GEDI-based models exhibited the best overall performance, pro-

viding the lowest RMSE values and most reliable uncertainty estimates. These findings

support the use of BHSMs for AGB estimation in data-limited tropical landscapes,

where spatially structured intercept terms can model broad-scale variation in AGB not

captured by RS covariates.
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0.1 Background and Scope

0.1.1 Introduction and the Role of Carbon Markets

The increasing urgency to address climate change has elevated carbon markets to a

critical role in promoting forest conservation and carbon sequestration. Nationally

Determined Contributions (NDCs) under the Paris Agreement underscore the pivotal

function these markets serve in global climate mitigation strategies. However, despite

the robust theoretical framework supporting carbon trading, practical implementation

remains challenging. The effectiveness of these markets hinges on the precise and reli-

able quantification of carbon stocks, which necessitates repeat measurements [Lohmann,

2009, Forest Carbon, Markets and Communities Program (FCMC), 2023].

Historically, design-based estimation methods have been foundational in carbon

stock assessments due to their reliability and accuracy. These methods, however, are

resource-intensive, often requiring extensive fieldwork and large sample sizes. Moreover,

field plots used for these assessments typically require repeated measurements over time,

further compounding the logistical complexity and financial burden, particularly in re-

gions with limited resources or difficult-to-access terrain [Sy et al., 2019, Song et al.,

2020]. This reliance on ground-based measurements, while accurate, presents a sub-

stantial barrier to the broader adoption of carbon market mechanisms, where the dual

imperatives of precision and cost-effectiveness must be balanced.
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Carbon markets have expanded rapidly, providing mechanisms for reducing green-

house gas emissions through the trade of carbon credits. These markets are designed to

place a monetary value on carbon sequestration, creating economic incentives for forest

conservation. However, the success of these markets is largely dependent on the accu-

racy of carbon stock assessments. In practice, integrating these assessments into market

mechanisms presents substantial challenges, particularly in regions with limited access

to advanced measurement technologies. This discrepancy highlights a critical limita-

tion of current carbon markets: their reliance on accurate data that may not always be

available or easily integrated [Lohmann, 2009, Donofrio et al., 2021].

0.1.2 Challenges and Advances in Carbon Stock Estimation

Accurate carbon stock estimation remains a significant challenge within carbon markets,

particularly in REDD+ initiatives. Traditional design-based methods, while reliable,

demand extensive fieldwork and large sample sizes, making them both logistically and

financially burdensome. Aboveground biomass (AGB), a critical proxy for forest car-

bon storage, is central to these assessments. However, these traditional methods are not

always feasible, especially in resource-limited settings [Haywood and Stone, 2017]. The

integration of remote sensing (RS) technologies offers a promising solution to some of

these challenges by augmenting ground-based observations with auxiliary information

and reducing the dependency on extensive fieldwork. Technologies such as LiDAR pro-

vide high-resolution, three-dimensional measurements of forest structure, significantly
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improving the accuracy of canopy height and biomass assessments on a global scale

[Dubayah et al., 2022, Huang et al., 2022]. However, integrating RS data with tra-

ditional field measurements to produce statistically robust biomass estimates remains

complex. Calibration with ground-truth data is essential for producing reliable biomass

estimates, but this process is costly and often hindered by the spatial heterogeneity

of forested landscapes. Tree Canopy Height (TCH) products, such as those developed

by the University of Maryland's GLAD lab, use optical Landsat imagery to estimate

forest vertical structure at 30-meter resolution, offering valuable insights into canopy

dynamics [GLAD-UMD and SERVIR-Mekong, 2023]. The Climate Change Initiative

(CCI) biomass product integrates multiple RS data sources, including synthetic aper-

ture radar (SAR) and optical data, using machine learning algorithms to estimate AGB

globally, at spatial resolutions ranging from 100 m to 1 km [Carvalhais et al., 2021].

Similarly, the Global Ecosystem Dynamics Investigation (GEDI) mission employs a hy-

brid inference approach to produce gridded biomass estimates in its L4B product. This

method combines spaceborne LiDAR data with calibration data from field plots using

a two-stage statistical process, ultimately aggregating estimates to a 1 km grid with

model-based inference to account for spatial correlations and uncertainties [Dubayah

et al., 2022]. Despite these advancements, challenges persist. In regions with complex

topography, signal interference can introduce errors, highlighting the need for universal

protocols for RS data collection and processing. Additionally, the lack of standardized

methodologies across diverse ecosystems limits the broader adoption of RS technologies

3



in carbon crediting, despite their potential to enhance the credibility and scalability of

carbon markets [Tokola, 2015].

0.1.3 The Role of Statistical Models in Biomass Estimation

The development of advanced statistical models is crucial to addressing the challenges in

biomass estimation. Machine learning (ML) algorithms, while capable of modeling com-

plex, non-linear relationships, often lack comprehensive uncertainty quantification�a

critical factor in carbon stock assessments. Without clear uncertainty estimates, the

credibility of biomass estimates, and by extension, the carbon credits derived from

them, can be compromised [Li et al., 2019, 2020, Lohmann, 2009].

Design-based methods have traditionally been employed to estimate biomass, relying

on extensive field sampling to produce reliable estimates. However, these methods are

often logistically demanding and financially prohibitive due to the large sample sizes

required, particularly in remote or resource-limited settings. While they provide robust

statistical properties, they often fail to leverage spatial correlations or auxiliary data

effectively, limiting their efficiency in heterogeneous landscapes [Dubayah et al., 2022].

Model-assisted (MA) estimators, which integrate remote sensing data with field

measurements in a design-based framework, provide a practical solution for improving

precision and reducing costs. However, their performance can be limited when field

sample sizes are low, particularly in areas with high spatial variability. While MA
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estimators leverage auxiliary data from remote sensing to enhance precision, their effec-

tiveness depends on the quality and representativeness of the field data, as well as the

strength of the relationship between field measurements and auxiliary variables [Knapp

et al., 2018, Babcock et al., 2015].

Bayesian Hierarchical Spatial Models (BHSMs), specifically Spatially Varying Inter-

cept (SVI) and Spatially Varying Coefficient (SVC) models, offer a more sophisticated

solution by explicitly modeling spatial dependencies and incorporating uncertainty into

biomass estimation. These models enable a more accurate understanding of spatial

patterns in AGB and other forest attributes by allowing the intercept and regression

coefficients to vary spatially, thereby capturing non-stationary relationships between

covariates and outcomes [Finley et al., 2015, Finley and Banerjee, 2019, May et al.,

2023]. Furthermore, BHSMs provide pixel-level prediction uncertainty, allowing for a

more rigorous quantification of uncertainty compared to traditional methods [Babcock

et al., 2015, 2018, Calders et al., 2020]. This approach is particularly valuable in hetero-

geneous landscapes where spatial correlations must be accounted for to ensure accurate

and reliable biomass predictions. Additionally, BHSMs provide the flexibility to aggre-

gate predictions over user-defined spatial units, such as administrative boundaries or

ecological zones. This approach not only yields biomass estimates for specific areas but

also incorporates uncertainty into these aggregated predictions, enhancing their utility

for informed decision-making and strategic planning.

This research addresses the challenges of AGB estimation in regions like Nghe An
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province by applying a BHSM framework, specifically through SVI and SVC models.

The approach integrates three remote sensing datasets: UMD GLAD Tree Canopy

Height (TCH), GEDI, and CCI. The study aims to produce spatially explicit AGB

predictions and quantify associated uncertainties. Additionally, it seeks to evaluate the

applicability of BHSMs in making uncertainty-informed predictions while comparing

the performance of different datasets and models. Ultimately, this work will clarify

the strengths and limitations of BHSMs that integrate remote sensing�derived canopy

height and biomass inputs for spatially explicit carbon estimation in tropical forests.
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Chapter 1

Integrating Remote Sensing and

Bayesian Models to Quantify

Forest Carbon and Uncertainty in

Tropical Forests

1.1 Introduction

The urgency to combat climate change has driven the adoption of global initiatives

such as the Kyoto Protocol and the United Nations Framework Convention on Climate

Change (UNFCCC). Within this framework, Reducing Emissions from Deforestation
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and Forest Degradation (REDD+) has emerged as a pivotal strategy, encouraging for-

est conservation to enhance carbon sequestration. Standards developed by entities like

Verra quantify and verify the carbon credits generated by REDD+ projects, integrat-

ing these efforts into global carbon markets [IPCC, 2021, Streck, 2020]. Accurate and

reliable assessment of forest carbon stocks is essential for the success of REDD+ ini-

tiatives, but traditional design-based estimation protocols require large sample sizes

and extensive fieldwork, presenting significant logistical and financial challenges [Pirard

et al., 2023, Forest Carbon, Markets and Communities Program (FCMC), 2023]. Ro-

bust measurement, reporting, and verification (MRV) systems are critical to achieving

precise above ground biomass density (AGB) estimates, with the IPCC advocating for

a target of less than 10% uncertainty [Sandker et al., 2021, IPCC, 2023]. However, these

systems face considerable obstacles, particularly in resource-limited settings like South-

east Asia [Ngo et al., 2020, Pham et al., 2022]. Because forest carbon is inherently tied

to forest biomass, the following discussion will focus on AGB estimation as the basis for

understanding and monitoring forest carbon.

Forests in Southeast Asia, including Vietnam, contain significant AGB stocks but are

increasingly threatened by logging, land conversion, and other anthropogenic pressures.

These activities, combined with the dependence of local communities on forest resources,

have resulted in annual AGB losses of up to 3% in some regions [Ngo et al., 2020, Pham

et al., 2022, Thanh et al., 2024]. Remote sensing technologies, which can greatly aid

in AGB estimation, face several limitations, including saturation in high AGB forests
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and gaps in spatial covesrage [Zhao et al., 2016, Mutanga et al., 2023]. The logistical

challenges of conducting fieldwork in rugged and inaccessible terrain further constrain

accurate AGB assessment and the development of evidence-based policies to support

REDD+ objectives.

Recent advancements in remote sensing (RS) technologies have significantly im-

proved the estimation of AGB, particularly in regions where field data collection is

limited. In this study, we rely on three RS products to support AGB modeling: the

2023 Tree Canopy Height (TCH) product, NASA's 2023 Global Ecosystem Dynamics

Investigation (GEDI) Level 4B (L4B) product, and the 2021 European Space Agency

(ESA) Climate Change Initiative (CCI) Biomass product [GLAD-UMD and SERVIR-

Mekong, 2023, Dubayah et al., 2023, Santoro et al., 2023].

The TCH product, produced by the University of Maryland's Global Land Analy-

sis and Discovery (GLAD) lab in partnership with NASA SERVIR-Mekong, provides

annual 30 m resolution predictions of maximum canopy height. These predictions are

derived from Landsat Collection 2 surface reflectance and surface temperature data us-

ing machine learning models trained on airborne LiDAR datasets [GLAD-UMD and

SERVIR-Mekong, 2023]. Studies have shown that canopy height derived from opti-

cal imagery can improve AGB predictions, particularly when integrated with radar or

LiDAR datasets [Li et al., 2020, Saarela et al., 2018].

GEDI L4B provides gridded predictions of mean AGB at 1 km � 1 km resolution,

aggregated from footprint-level predictions (L4A) modeled from full-waveform LiDAR
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signals and calibrated with field measurements [Dubayah et al., 2022]. As a LiDAR-

derived product, GEDI captures vertical forest structure directly, making it well-suited

for use as a covariate in models where structural attributes are critical to AGB variation.

GEDI-derived AGB predictions have been successfully used in predictive models at both

national and project scales, including in REDD+ monitoring contexts where sufficient

coverage can support uncertainty thresholds recommended by the IPCC [Kashongwe

et al., 2023]. Hierarchical and hybrid model-based approaches have demonstrated that

incorporating GEDI products alongside wall-to-wall predictors such as Landsat-derived

canopy height or radar backscatter can significantly enhance model accuracy and reduce

predictive uncertainty [Saarela et al., 2018].

The CCI product provides global AGB predictions at 100 m spatial resolution using

L-band radar backscatter, supplemented by canopy height, land cover, and other ancil-

lary data. The CCI product offers consistent wall-to-wall coverage and has been widely

adopted as a covariate in AGB modeling, particularly in global and regional assessments

[Hunka et al., 2023]. It performs well when used in conjunction with field plot data or

LiDAR-derived variables and has shown good agreement with national forest inventory

observations across multiple biomes. However, signal saturation in high-biomass areas

limits its standalone utility for fine-scale modeling, but its predictive value increases

when used alongside complementary RS data. [Avitabile et al., 2016, Kashongwe et al.,

2023].

Recent studies have demonstrated the importance of integrating field data with

10



remote sensing (RS) to improve AGB estimation. Machine learning (ML) approaches

such as Random Forests and XGBoost have been widely adopted to model complex, non-

linear relationships between AGB and a diverse array of RS inputs. These algorithms

are well suited to multi-source data integration, enabling a combination of optical, radar,

LiDAR, and bioclimatic variables without requiring prior assumptions about the form of

the underlying relationships [Su et al., 2025, Dang et al., 2019]. However, these models

typically lack coherent statistical frameworks for uncertainty quantification, instead

relying on external procedures such as Monte Carlo simulation [Coulston et al., 2016],

which can yield inconsistent and overly conservative uncertainty intervals in data-sparse

regions [Fararoda et al., 2021]. Because they operate outside the modeling framework,

they cannot propagate parameter uncertainty or account for spatial autocorrelation,

making them less suitable for applications that require spatially explicit and statistically

calibrated uncertainty estimates [Fararoda et al., 2021, Dang et al., 2019].

Bayesian hierarchical spatial models (BHSMs), including spatially varying intercept

(SVI) and spatially varying coefficient (SVC) models, provide a statistically coherent

framework that addresses these limitations. By incorporating spatially structured ran-

dom effects, these models account for residual spatial dependence and allow covariate

effects to vary across the landscape, thereby capturing spatially nonstationary relation-

ships between predictors and outcomes [Finley et al., 2015]. Uncertainty is propagated

through the posterior distribution, enabling the generation of spatially explicit predic-

tions and credible intervals that reflect both model-based and data-driven sources of
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variability. This makes Bayesian geostatistical models particularly effective for calibrat-

ing biomass estimates in contexts with limited field data or spatially sparse sampling.

When combined with probabilistic field inventories and auxiliary RS inputs, these mod-

els can reduce bias and yield spatially explicit estimates with interpretable uncertainty

bounds, offering a statistically rigorous foundation for small-area estimation and carbon

monitoring applications [Emick et al., 2023].

In addition to their predictive capabilities, BHSMs excel in quantifying uncertainty

through posterior predictive distributions (PPDs). This allows for pixel-level credible

intervals across the AGB map, providing a nuanced representation of uncertainty rather

than a single aggregated prediction [Babcock et al., 2015, 2018, Calders et al., 2020].

Modeling multiple levels of variability�including measurement error, plot-level vari-

ability, and larger-scale spatial trends�ensures that predictions are both statistically

robust and spatially explicit, offering actionable insights for forest management.

This research adopts a systematic approach to AGB estimation in the Lower Mekong

Basin (LMB), integrating TCH, CCI, and GEDI within a BHSM framework. Field

measurements serve as the response variable, while the RS datasets act as covariates,

enabling the explicit modeling of spatial variability and uncertainty. Validation of the

models include performance assessments, such as Root Mean Square Error (RMSE) and

PPD summaries, in order to examine accuracy and reliability.

Ultimately, this study demonstrates the potential of BHSMs to address critical chal-

lenges in AGB estimation. By quantifying uncertainty, providing spatially explicit AGB
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maps, and improving reliability, these models contribute to advancing sustainable for-

est management, mitigating climate change, and informing evidence-based conservation

policies and carbon accounting frameworks.

1.2 Methods

1.2.1 Study area

The study site for this research is located in the Nghe An province within the North

Central Coast region of Vietnam (Figure 1.1). Chosen for the accessibility of national

forest inventory (NFI) field data, Nghe An is distinguished by its diverse topography

and rich biodiversity, serving as an ideal site for testing our BHSMs.

Nghe An Province spans approximately 16,490 km2 (6,366 mi2) and is characterized

by diverse ecosystems, particularly in its mountainous western region, which contains ex-

tensive tropical forests and steep-sloping terrain [Yen et al., 2020]. The province is home

to the Western Nghe An Biosphere Reserve, one of Vietnam's UNESCO-designated

biosphere reserves, recognized for its significant role in biodiversity conservation and

sustainable development [Hieu et al., 2021]. The reserve encompasses large areas of

natural forest, providing essential ecosystem services such as carbon sequestration and

watershed protection.
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Figure 1.1: Nghe An Province
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Land Use and Land Cover (LULC) Data

For the purpose of this study, non-forested areas within the Nghe An province were de-

lineated and excluded from our analysis using the Vietnam 30-m annual LULC datasets

developed by the Japan Aerospace Exploration Agency (JAXA). Developed using Ran-

dom Forests algorithm and multiple informative geospatial sources, these datasets offer

a detailed classification of landcover, this dataset was used to mask out non-forested

regions in the study area [Japan Aerospace Exploration Agency (JAXA), 2023].

Forest Composition and Biodiversity

Nghe An Province contains the largest forested area in Vietnam's North Central re-

gion, covering over 1 million hectares, with natural forests accounting for more than

80% of the total forest area. These forests provide critical ecosystem services, includ-

ing biodiversity conservation, watershed protection, and climate regulation [Ha et al.,

2023]. The province's forests also support the livelihoods of ethnic communities, who

manage a significant portion of the landscape and rely on forest resources for timber,

non-timber forest products, and economic stability. The forests of Nghe An are di-

verse, consisting of special-use, protection, and production forests. While special-use

forests, including national parks and nature reserves, play a key role in conservation,

production forests contribute to the regional economy through timber and non-timber

forest product harvesting [The Center for People and Forests (RECOFTC), 2024]. De-

spite increasing forest cover and conservation efforts, challenges remain, including illegal
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logging, deforestation, and limited economic utilization of forest resources.

1.2.2 Field Data

This study used National Forest Inventory (NFI) data from 371 subplots grouped into

111 plot clusters in Nghe An province, Vietnam (Figure 1.2). Each cluster contains

approximately five subplots. The data, provided by the Forest Inventory and Planning

Institute (FIPI), offer detailed information on forest structure and composition. Al-

though not publicly available, these nationally collected data are a critical foundation

for this research.

Figure 1.2: Subplots in Nghe An Province

To evaluate the influence of spatial scale on model performance, we constructed

three datasets from the NFI plots:
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Figure 1.3: Comparing AGB distributions across the three datasets.

1. Subplot-Level Data (371 Subplots) This dataset includes all 371 subplots,

retaining the full range of observed AGB values without any outlier removal. The

boxplot (Figure 1.3) illustrates the distribution of AGB values, which extend up

to approximately 900 Mg/ha.

2. Plot-Level Data (111 plots) Subplot AGB values were averaged within each

plot cluster. This aggregation smooths within-plot heterogeneity. As shown in the

boxplot (Figure 1.3), this dataset exhibits a more constrained distribution, with
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values reaching up to approximately 450 Mg/ha.

3. Plot-Level-OR Data (108 plots) To explore the potential effects of extreme

values on model performance, all plots with AGB values> 300 Mg ha� 1 were

removed from the plot-level dataset to create the plot-level-OR dataset. This

adjustment refines the AGB distribution by reducing the influence of high-AGB

outliers. The boxplot (Figure 1.3) reflects the revised distribution, with values

now constrained to a maximum of approximately 300 Mg/ha.

1.2.3 RS-based data

In this study, we incorporate a suite of candidate remote sensing products to derive

robust estimates of forest structure and AGB. In particular, we have selected a candidate

TCH product and two candidate AGB products. These are described in detail below:

Tree Canopy Height (TCH) Data

We used the 2023 version of the Tree Canopy Height (TCH) product, released in May

by the University of Maryland's Global Land Analysis and Discovery (GLAD) lab in

collaboration with NASA SERVIR-Mekong. This dataset provides annual maps of tree

canopy height at a 30Ö30 m resolution, derived from Landsat Collection-2 imagery. The

2023 GLAD TCH product is shown in Figure 1.4.
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Figure 1.4: Tree Canopy Height

Climate Change Initiative (CCI) Biomass Data

The European Space Agency's (ESA) Climate Change Initiative (CCI) product delivers

maps of AGB. The project produces AGB maps at 100 m resolution from 2015 through

2021.

In our study, the most recent CCI AGB data from 2021 was aligned within the

geographical context of the Nghe An province. The CCI product can be seen in Figure

1.5.

The CCI product combines multiple RS technologies, including ESA's C-band radar

from Sentinel-1 and JAXA's L-band radar from ALOS-2 PALSAR-2, supplemented by

spaceborne LiDAR data, such as canopy height metrics, to enhance AGB estimation

and validation. This multimodal sensor integration enables a nuanced understanding of

both the quantity and distribution of forest AGB [Santoro et al., 2023].
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