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Abstract— Deadwood is a critical component of forest ecosys-
tems, storing nutrients for plants and serving as a carbon store
and emission source. Climate change influences forest ecosystem
dynamics with the potential for deadwood to emit carbon more
rapidly due to accelerated decay and increased wildfires and
increased inputs via mass forest mortality and disturbance
events. To objectively inform our understanding of wildfires and
associated carbon emissions, this study estimates the carbon
content of dead fine woody debris (FWD) using multimodal data,
such as Landsat-8 multispectral imagery, Sentinel-1 (C-band) and
PALSAR (L-band) synthetic aperture radar (SAR) imagery, and
terrain features to estimate the FWD of less than 0.25 in (1 h),
0.25–1 in (10 h), and 1–3 in (100 h). This data fusion provides
spectral information to assess vegetation health that correlates
with deadwood, as well as penetrability from SAR, resulting
in structural information and biomass sensitivity. An ensemble
machine learning (ML) model was trained using measurements
from the Forest Inventory and Analysis (FIA) Database. A fea-
ture importance analysis was also performed to investigate the
importance of input features to the model’s performance. A super
learner regression (SLR) model composed of 9 base learners,
including an ElasticNet model as meta-learner, was proposed
and achieved the R2 values of 0.75, 0.72, and 0.62 to estimate 1-,
10-, and 100-h FWD, respectively. The validated model was then
used to estimate deadwood carbon in the 2021 Dixie Fire region
of California, demonstrating the effectiveness of our approach,
emphasizing the value of multimodal data for real-time FWD
carbon stock estimation.

Index Terms— Carbon stock, ensemble model, machine learn-
ing (ML), remote sensing.

I. INTRODUCTION

DOWNED dead wood (DDW) encompasses detrital ele-
ments within forest ecosystems, comprising individual
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pieces across a range of sizes from the smallest twigs and
branches rapidly consumed in fires [i.e., fine woody debris
(FWD)] to the largest fallen trees (i.e., coarse woody debris).
These DDW components play crucial roles in the structure and
functioning of forest ecosystems, serving as wildlife habitats,
drivers of fire behavior, stores of carbon, and providers of
nutrients [1]. In recent decades, there has been a growing
recognition of the multifaceted influence of DDW on various
ecological characteristics and processes, especially related to
carbon storage. Due to its relatively slow decomposition rate,
DDW serves as a significant long-term carbon storage reser-
voir [2]. It is estimated that dead organic matter constitutes
about 14% of the carbon stock in the U.S.’s forests [3]. How-
ever, the amounts of dead wood vary considerably between
different types of forests and even within them [4]. Large
accumulations of DDW are often the result of disturbances,
such as wind, snow, ice, and disease. With the anticipation of
increased frequency and severity of these disturbances due to
global change [5], it is expected that the rates of tree mortality
and, consequently, inputs of DDW carbon to forest ecosystems
will also rise, but with potential increased emissions due to
wildfires and accelerated decay [6].

Despite its significant ecological role and implications for
forest management, DDW has often been overlooked, in part
due to its lack of commercial value and the expenses and
challenges associated with measuring it. As a signatory to the
United Nations Framework Convention on Climate Change,
the United States provides an annual carbon estimate for
the forest sector that includes DDW [7]. The growing inter-
est in DDW has prompted improved efforts to quantify it
through field surveying under the U.S. Forest Service’s Forest
Inventory and Analysis (FIA) Program [8]. The FIA program
has been instrumental in field surveying and compiling the
most comprehensive database on various forest characteristics
and health indicators [8] despite the challenges and costs
of collecting FWD data. While there has been increased
research attention to the use of artificial intelligence (AI)
for estimating canopy biomass ([9] as a recent example),
to the best of authors’ knowledge, there is substantially less
published DDW carbon stock analyses relative to live tree
carbons using globally available spaceborne data. Therefore,
in this study, we aim to develop a procedure for estimating
FWD carbon stocks by leveraging globally available remote
sensing data and machine learning (ML) techniques. FWD

© 2024 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0000-0001-8581-3374
https://orcid.org/0000-0003-2018-134X
https://orcid.org/0000-0002-7313-9906
https://orcid.org/0000-0001-8076-6214
https://orcid.org/0000-0001-9618-1210


2500205 IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 22, 2025

TABLE I
INDICES USED AS TRAINING FEATURES

consists of various forest ecosystem inputs of dead wood
from branch shedding and plant mortality, which are divided
into three size classes ascribed to categories based on the
time roughly needed to influence their moisture character-
istics needed for fire behavior modeling input collectively
known as time lags: 1 h (FWD1), 10 h (FWD10), and
100 h (FWD100). These classifications correspond to diame-
ters ranging from less than one-fourth inch, one-fourth to one
inch, and one to 3 in, respectively [1]. With the increasing use
of AI-based algorithms in remote sensing and forest manage-
ment, the FIA data are being utilized for new applications
as a valuable resource for model training and knowledge
extraction [9], [10].

This letter introduces an ML-based framework that inte-
grates multiple satellite data modalities and employs a super
learner regression (SLR) model, which is a combination of
ensemble and stacked ML models trained on FIA’s geo-
referenced FWD1, FWD10, and FWD100 data for estimating
FWD carbon stocks. Furthermore, the 2021 Dixie Fire region
was selected to demonstrate the ability of our model to
estimate FWD carbon stock release due to wildfire events.

II. STUDY AREA

This study selected California as the focal region for data
collection and modeling. Fig. 1 illustrates the geographical
scope of the study area and the specific fuel plots used.
Spanning elevations from −86 m in Death Valley to 4421 m
at the summit of Mt. Whitney, California, boast diverse topog-
raphy. Approximately 40% of the total land area of the state,
which is approximately 13.35 million hectares, is covered by
forests [11]. California’s ecosystems include alpine, montane,
and subalpine forests, coastal forests, mixed conifer-deciduous
forests, chaparral, pinyon-juniper woodlands, and desert scrub.
The state’s extensive range of forest types and susceptibility
to wildfires make it an ideal subject for this research.

III. DATA UTILIZED

The input variable array was crafted to incorporate remote
sensing indices that correlate with vegetation and land cover

Fig. 1. Outline depicting the area of study (California) and points representing
FIA plots with assigned FWD biomass (FWD1, FWD10, and FWD100)
(locations here are approximate to maintain FIA spatial confidentiality).

characteristics, informed by prior research, as presented in
Table I. These inputs for the SLR model were derived from a
synthesis of four distinct open source remote sensing datasets,
comprising Landsat-8 (L8) optical imagery, Sentinel-1 (S1)
C-band synthetic aperture radar (SAR) data, phased array-
type L-band synthetic aperture radar (PALSAR) data, as well
as shuttle radar topography mission (SRTM) elevation and
slope data. The multispectral data from Landsat are effective
for observing visual information, such as the color, texture,
and photosynthetic activity estimation of vegetation, helping
in identifying species, health status, and density of the forest.
C-band SAR can penetrate moderate density canopy cover and
provide data regardless of cloud cover or light conditions. This
frequency band is sensitive to moisture content in vegetation.
L-band has a longer wavelength compared with the C-band,
allowing it to penetrate deeper into the canopy and even the
forest understory. This characteristic makes L-band important
for estimating surface forest biomass. We created vegetation
indices using these datasets, which will be explained in the
following sections. L8 (NIR and red bands), S1 (VV and VH
bands), PALSAR (HH and HV bands), and SRTM (DEM)
datasets were accessed through the Google Earth Engine



SHAIK et al.: REMOTE SENSING AND MAPPING OF FINE WOODY CARBON 2500205

Fig. 2. Carbon stock estimation for time-lag FWD framework.

(GEE) platform and merged at varying spatial and temporal
resolutions to produce individual arrays, each approximating
a spatial resolution of 30 × 30 m.

The FIA program conducts a comprehensive inventory
of forests across the United States, serving as the primary
initiative for gathering, publishing, and analyzing data regard-
ing forest land ownership [19]. Its spatial sampling method
involves approximately one plot per 6000 acres. One of the
key indicators provided by FIA is the assessment of DDW,
which offers crucial estimates regarding the presence and
density of down and dead woody materials. These estimates
play a significant role in evaluating various forest attributes,
including carbon stocks, fuel loadings, and structural diversity.
According to FIA’s definition, DDW encompasses a range of
materials, such as fine and coarse woody debris, slash piles,
duff, and litter, as well as the cover and height of shrubs and
herbs. Fig. 1 displays the distribution of DDW data measured
in the field for California, sourced from FIA plots spanning
from 2015 to 2019 [19]. Satellite imagery corresponding to
the timeframe of 3461 FIA plots from 2015 was collected and
incorporated into a tabular dataset, which was then divided
into training (80%) and testing (20%) datasets.

IV. METHODOLOGY

In this section, we introduce a concise flowchart, depicted
in Fig. 2, illustrating the step-by-step methodology of our
research.

First, we ensured the relevance and quality of input data
through meticulous collection and curation. Second, a prepro-
cessing step was employed to clean and standardize the data,
which involved calculating various indices and merging cross-
orbit data for S1. Third, we conducted feature importance
analysis using permutation importance [20] to understand the
impact of each feature on model performance. This process
involved shuffling the values of individual predictor features

and then re-evaluating model accuracy with the modified data
knowing that shuffling more important features will damage
model performance more severely. The significance of each
feature was assessed by comparing the baseline accuracy with
the decrease in accuracy resulting from shuffling the feature
values. An examination of the importance scores of all features
revealed that NDVI from L8, ESPRIT derived from PALSAR,
and HV from PALSAR and elevation from SRTM stood
as important features. This is consistent with other studies,
as the L8-based feature takes advantage of the strong spectral
contrast between the NIR and red bands [21]. PALSAR-based
L-band features have the ability to interact with structural
constituents due to their longer wavelengths [22], and elevation
influences the density of deadwood [23], whereas SR-1,
SR-2, and RVI derived from S1 exhibited negative scores
to four decimal places due to reduced proportion of surface
scattering. Despite excluding these features from the model
during retraining, the accuracy remained unchanged, indicating
that C-band features have little influence on model perfor-
mance and can be retained within the model [24]. Fourth,
determining the most suitable learner for a particular dataset
and prediction task beforehand is challenging. The SLR model
addresses this challenge by considering a broad range of
user-specified algorithms, ranging from parametric regressions
to nonparametric ML algorithms [25]. This approach miti-
gates concerns about selecting a single “right” algorithm and
allows for leveraging the strengths of a diverse set of ML
models and in capturing diverse ecosystem gradients [10].
We implemented an SLR ensemble model [25], including the
nine base learners: support vector machine (SVR), decision
tree (DT), K-nearest neighbors (kNNs), AdaBoost regressor
(AR), bagging regressor (BR), random forest (RF), extra
trees regressor (ER), gradient boosting method (GBM), and
XGBoost regression (XR). We selected ElasticNet (EN),
an extended linear regression model, as the meta-learner in
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Fig. 3. Overall procedure of the SLR model.

this approach. The SLR model was trained using FIA’s FWD1,
FWD10, and FWD100 data. Hyperparameter optimization
was performed using automated ML optimization capabilities,
such as the skopt Python library, on an NVIDIA GeForce
RTX 3070 GPU, which minimized overfitting and enhanced
system performance. Fig. 3 illustrates the overall procedure of
the SLR model. Fifth, the trained model underwent a rigorous
evaluation to assess its accuracy using root-mean-square error
(RMSE) and R2 and effectiveness in capturing underlying data
patterns. Sixth, subsequently, the trained model was utilized to
generate biomass maps for FWD1, FWD10, and FWD100 for
the selected region of interest. Seventh, estimating the carbon
storage of FWD involves calculating the product of volume,
density, and carbon concentration. Harmon et al. [26] compiled
literature values for carbon concentrations in dead woody
debris. Due to the lack of carbon concentration data for many
species, the FIA database used in this study adopts average
values: 49% for hardwoods, 52% for softwoods, and 51% for
unknown species types. It should be noted that while a recent
study by Martin et al. [27] on carbon conversion has slightly
revised dead wood carbon content to 48%, this study applied
the averages in the database to convert the generated biomass
maps for FWD1, FWD10, and FWD100 into carbon stock
maps, CS1, CS10, and CS100, respectively. The flowchart in
Fig. 2 provides a coherent and systematic overview of our
methodology.

V. RESULTS AND DISCUSSION

In this section, we provide an assessment of the trained
SLR model and demonstrate carbon stock maps for a
prefire region, demonstrating the efficacy of our method-
ology in accurately identifying fine wood carbon stocks.
We assessed the SLR model using a testing dataset for
FWD1, FWD10, and FWD100, yielding the RMSE and
R2 values of 0.004 kg/m2 and 0.75, 0.012 kg/m2 and 0.72,
and 0.150 kg/m2 and 0.62, respectively, as depicted in
Fig. 4(a), (c), and (e). Previously, D’Este et al. [28] conducted
research to estimate FWD1 and obtained best R2 as 0.50 with
the RF model. Through the collective intelligence of multiple
models, our architecture adeptly generalizes and predicts out-
comes with precision and robustness to diverse data patterns
and complexities. To the best of the authors’ knowledge, this
work is the first to model FWD10 and FWD100 estimations
using data only from spaceborne sensors.

It can be seen that performance degrades with an increase in
particle size. This trend can be associated with differences in

Fig. 4. (a), (c), and (e) Plots showing predicted versus actual biomass
estimations for FWD1, FWD10, and FWD100. (b), (d), and (f) Time-lag (CS1,
CS10, and CS100) carbon stock estimations for Dixie Fire region.

the underlying drivers of woody debris of different sizes [29].
Recent work has hypothesized that finer woody debris may be
more related to crown plasticity and minor disturbances, while
coarser debris may be driven by major mortality events [30].
Integrating disturbances in modeling FWD and testing these
hypotheses is beyond the scope of this letter and should be the
subject of future work. Overall, given the complexity of the
problem, our performance evaluation demonstrates acceptable
model learning behavior and illustrates the feasibility of the
approach for wider future application.

Subsequently, we utilized the trained SLR model to develop
prefire carbon stock maps for a selected case study area,
encompassing regions affected by the Dixie Fire, which
ignited on July 13, 2021, and it stands as one of the largest
documented wildfires to date, scorching an area of 374 000
hectares [31]. Our CS1, CS10, and CS100 maps are visualized
in Fig. 4(d), (e), and (f), respectively, and each row in Fig. 4
was created by a model separately trained to estimate the
respective FWD category for the entire area of study. Fine
wood carbon stocks (CS1, CS10, and CS100) for this region
accounted for 0.004, 0.01, and 0.06 t-C/ha, respectively, and
the total fine wood carbon is 0.074 t-C/ha.

While the FIA data used in this study have proven excep-
tionally helpful for model training, Woodall and Lutes [32]
have conducted a sensitivity analysis on the adequacy of
FWD representation in this dataset. In particular, uncertainty
in estimating the occurrence of small 1-hour fuel particles
coupled with uncertainty regarding quadratic mean diameter
assumptions [33] greatly influences the resulting fuel loading
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calculations for any given forest beyond that of many other
aspects of the DDW inventory program. As a result, this
uncertainty should be considered in practical applications
with regards to the degree of quantitative accuracy required.
Nevertheless, the FIA data remain a valuable resource for
mapping and estimation of biomass and qualitative wildfire
fuel characterization [10]. Furthermore, this study focused on
carbon estimation in FWD, which is associated with crown
plasticity and minor disturbances, whereas large-sized woody
debris (i.e., coarse woody debris) is more closely related
to higher intensity mortality events involving larger sized
trees and associated branches. Therefore, future work may be
needed to fully investigate the adequacy of the models for
larger particles.

VI. CONCLUSION

The proposed methodology integrated multiple modalities of
satellite data and AI, achieving the R2 values of 0.75, 0.72, and
0.62 for carbon stocks CS1, CS10, and CS100, respectively.
To showcase the capability of our SLR model, we applied it
to the Dixie Fire region, producing prefire carbon stock maps
for time-lag FWDs. Our SLR model, guided by geo-referenced
labeled data, establishes a robust foundation for spatial carbon
stock estimations.
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