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ABSTRACT: Mapping carbon stocks in the tropics is essential for climate change mitigation.
Passive microwave remote sensing allows estimating carbon from deep canopy layers through
the Vegetation Optical Depth (VOD) parameter. Although their spatial resolution is coarser than
that of optical vegetation indices or airborne Lidar data, microwaves present a higher
penetration capacity at low frequencies (Lband) and avoid cloud masking. This work compares
the relationships of airborne carbon maps in Central and South America with both (i) SMAP L-
band VOD at 9 km gridding and (ii) MODIS Enhanced Vegetation Index (EVI). Models to estimate
carbon stocks are built from these two satellite derived variables. Results show that L-band VOD
has a greater capacity to model carbon variability than EVI. The resulting VOD-derived carbon
estimates are further presented at a detailed (9 km) spatial scale.
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1. Introduction

Intact tropical forests are crucial for the mitigation of climate change as they store large amounts
of carbon. However, forest degradation counterbalances this effect and leads to a net carbon
source in tropical regions [1]. Hence, monitoring the tropical vegetation is essential to assess the
carbon budget and model climate change scenarios. Nowadays, satellites are the most efficient
tool to monitor carbon changes over large geographic areas. Visible/infrared (VIS/NIR)
vegetation indices have been commonly used for this purpose based on their capacity to capture
the greenness of vegetation. Complementarily, remote sensing techniques based on laser pulses
(i.e., light detection and ranging; LiDAR) captures the forest height and allows a detailed study
of carbon stocks. Nevertheless, in both cases there are two main limitations: the masking by
clouds and the fact that these measures are mostly sensitive to the top of the vegetation canopy.
Passive microwave measurements provide an alternative from which the parameter known as
Vegetation Optical Depth (VOD) can be derived. VOD represents the attenuation exerted by the
different vegetation layers over microwave emissions. This parameter is tightly linked to the
biomass of plants through the vegetation water content (VWC), and provides information from
deeper vegetation layers [2]. Forest biomass has been monitored using VOD at C-, X- and K-
bands (>4 GHz; [1, 3]). Nevertheless, VOD at L-band (1 to 2 GHz) is expected to improve biomass
estimates due to the enhanced penetration capacity of microwaves at lower frequencies. L-band
VOD has shown good agreement with vegetation biomass and forest height [4-9]. At present,
there are two L-band passive microwave satellite missions in orbit: the ESA’s Soil Moisture and
Ocean Salinity (SMOS) and the NASA’s Soil Moisture Active Passive (SMAP), both with a
resolution of ~¥36 km. This resolution is coarser than that from optical remote sensing techniques
and is the main limitation of microwave sensors. SMAP oversampled observations allowed to
develop a SMAP enhanced brightness temperature product at 9 km gridding [10] from which
VOD at this detailed spatial scale has been derived [5]. In this research, the models to estimate
aboveground carbon density (ACD) based on (i) L-band VOD and (ii) the VIS/NIR Enhanced
Vegetation Index (EVI) are studied and compared using an enhanced spatial scale (9 km). The
study is conducted in Central and South America.

2. Data and methods

2.1. Study area



The study region (Fig. 1) encompasses Panama, southern Colombia, and Peru. This area includes
tropical forests in part of the Amazon basin (one of the main carbon reservoirs on Earth) as well
as forests, shrublands and grasslands in the Andes (up to ~4,500 m).

2.2. Datasets

2.2.1. Aboveground Carbon Density

The ACD maps (100 m resolution) are produced by the Carnegie Airborne Observatory (CAO)
using Lidar sampling between 2010 and 2012, calibration against field plots, and data on
precipitation, topography and vegetation [11-13]. The dataset is aggregated to the 9 km gridding
of the VOD product (see Section 2.2.2 and Fig. 1a). The uncertainty of these maps is mostly below
10%, especially in the Peruvian forests. More details are provided in [11- 13].

2.2.2. Vegetation Optical Depth

The VOD dataset is retrieved from SMAP Backus-Gilbert brightness temperatures [10] using the
Multi-Temporal Dual Channel Algorithm (MT-DCA; [14]) and is provided in the 9 km EASE 2.0
grid. The data used for model calibration and validation span through the first year of SMAP data
(April 2015-March 2016) and have been averaged for this period to obtain a single VOD value
per pixel (Fig. 1b).

2.2.3. Enhanced Vegetation Index

The EVI data is the 16-day MODIS/Terra MOD13C1 v.6 product, on a 0.05° latitude/longitude
global grid, but originally calculated based on reflectances at 250m and 500m spatial resolution
. EVlis converted to the EASE 2.0 grid at 9 km scale using bilinear interpolation, and is averaged
for the same period as VOD data (April 2015- March 2016, Fig. 1c).

2.3. ACD modelling

The VOD-ACD and EVI-ACD relationships have been calibrated using 70% of pixels in the study
area (randomly sampled). As a first approach, power regressions (egs. (1) and (2)) have been
chosen as they provide enhanced fitting than linear regression and allow comparison between
the capacities of VOD and EVI to estimate carbon stocks:

ACD = a-vOD" (1)
ACD =a-EVI°(2),

where a and b are constant terms. Validation for these models is computed using the remaining
30% of pixels.
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Fig 1. Study area and datasets used. (a) ACD (TC/ha); (b) L-band VOD (dimensionless); (c) EVI
(dimensionless).

3. Results

ACD, VOD and EVI maps are shown in Figs. 1a, 1b and 1c, respectively. Both VOD and EVI present
their highest values in tropical forest regions (covering most of Peru and the studied area of
Colombia), where the highest carbon densities are found. In contrast, lower ACD values are
found in the Andes (western Peru), near rivers, and in regions such as Panama and the north of
the Colombian region. These patterns match with low VOD values. Instead, EVI decreases only
in the Andes. Also, note that EVI saturates in most of the Peruvian tropical forests while VOD
shows a larger dynamic range in the region (Fig. 1).

Model fittings are plotted in Fig. 2. The VOD-ACD model (eq. (1)) explains a higher proportion of
ACD variance (78%) if compared to the EVI-ACD model (eq. (2); 71%). Importantly, the EVI shows
saturation at approximately >40 TC/ha, while there is no saturation evident for L-band VOD.

Validation for both models is shown in Fig. 3. It is found that carbon estimates based on VOD
present lower RMSE (22.28 TC/ha) and lower bias (15.52 TC/ha) than those based on EVI (RMSE
=25.68 TC/ha; Bias = 19.64 TC/ha). Finally, Fig. 4 shows the resulting ACD estimates for the study
region as an example case.

4, Discussion and future work

The capacity of remote sensing techniques to capture the variability of carbon stocks largely
depends on their sensitivity to the biomass of the entire canopy. In that sense, the results
reported are consistent with the higher penetration capacity of microwaves in comparison to
VIS/NIR indices: the agreement between ACD and VOD is higher (both qualitatively and
statistically) than that found for ACD and EVI. The results are also consistent with the lack of
saturation for L-band VOD reported in [6, 9]. In that sense, the VOD model explains 78% of the
carbon density, while the ACD variance explained by EVI is lower (71%). Similarly, error and bias
for the VOD-based model are lower. Therefore, the results reported here show that the
applicability of the 9 km VOD dataset to estimate carbon stocks is feasible considering that the



strength and validation of the VOD-ACD relationship is similar to that obtained for coarser
resolutions (cf. [8, 15]). Furthermore, the spatial distribution of carbon estimates is consistent
with that from airborne Lidar ACD retrievals (Fig. 4). Hence, the use of oversampling
measurements and latest advances in optimal interpolation techniques for image reconstruction
are particularly promising for microwave radiometry [10, 16]. Future work will be devoted to
enhance the model calibration using the four years of SMAP VOD available data, to explore other
regression approaches, and to produce ACD maps at 9 km spatial scale to compute carbon
balance in tropical regions with high spatial detail.
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Figure 2. Regressions: (a) ACD as a function of VOD (eq. (1)), and (b) ACD as a function of EVI
(eq. (2)). Colorbars show the logarithm of the number of pixels for each ACD-VOD and ACDEVI
bin. Binning of variables is used only for display purposes. Binning widths: ACD: 1 TC/ha; VOD:

0.02; EVI: 0.01.
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Figure 3. Relationship between reference ACD and estimated ACD for (a) VOD and (b) EVI
models.
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Figure 4. ACD estimates derived from VOD data in the study area. The colorbar shows ACD
estimates (TC/ha).
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