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Abstract: Aboveground biomass (AGB) estimation plays a crucial role in forest management and
carbon emission reporting, especially for developing countries wishing to address REDD+ projects.
Both passive and active remote-sensing technologies can provide spatially explicit information of
AGB by using a limited number of field samples, thus reducing the substantial budgetary cost of
field inventories. The aim of the current study was to estimate AGB in the Niassa Special Reserve
(NSR) using fusion of optical (Landsat 8/OLI and Sentinel 2A/MSI) and radar (Sentinel 1B and
ALOS/PALSAR-2) data. The performance of multiple linear regression models to relate ground
biomass with different combinations of sensor data was assessed using root-mean-square error
(RMSE), and the Akaike and Bayesian information criteria (AIC and BIC). The mean AGB and carbon
stock (CS) estimated from field data were estimated at 56 Mg ha−1 (ranging from 11 to 95 Mg ha−1)
and 28 MgC ha−1, respectively. The best model estimated AGB at 63± 20.3 Mg ha−1 for NSR, ranging
from 0.6 to 200 Mg ha−1 (r2 = 87.5%, AIC = 123, and BIC = 51.93). We obtained an RMSE % of 20.46 of
the mean field estimate of 56 Mg ha−1. The estimation of AGB in this study was within the range that
was reported in the existing literature for the miombo woodlands. The fusion of vegetation indices
derived from Landsat/OLI and Sentinel 2A/MSI, and backscatter from ALOS/PALSAR-2 is a good
predictor of AGB.

Keywords: remote sensing; allometric models; biomass; REDD+

1. Introduction

Forest ecosystems have become the focus of international efforts to mitigate the effects
of climate change due to their role in carbon sequestration, combating desertification,
maintaining biodiversity and protecting soil and water resources [1]. In this context,
the United Nations Framework Convention on Climate Change (UNFCCC) challenged
countries to commit themselves to update and elaborate periodic national inventories of
biomass and carbon sequestered by forests [2,3].

The miombo woodlands are the largest dryland forest ecosystem in Sub-Saharan
Africa, with an area that extends to approximately 1.9 million km2 distributed across seven
countries (Mozambique, Malawi, Tanzania, Zimbabwe, Zambia, Angola, and Democratic
Republic of Congo [4,5]). These countries are among the poorest globally, and the high
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dependence of the human population on these woodlands imposes many challenges in
conserving this important ecosystem [6–8]. In fact, between 2005 and 2012, the miombo
woodlands were lost at a rate of about 0.46% per year in southern Africa, resulting in a myr-
iad of consequences including biomass loss [9]. Despite this loss, the miombo woodlands
still play an important role in providing key goods and services, including biodiversity
conservation and mitigation through carbon sequestration. Therefore, miombo countries
could voluntarily engage in REDD+ programs (reducing emissions from deforestation
and forest degradation, the role of conservation, sustainable management of forest and
enhancement of forest carbon stocks in developing countries). This financing mechanism
was globally adopted to compensate developing countries for actions taken to reduce
carbon dioxide from atmosphere [10,11].

About 34 million hectares (42% of the territory) of Mozambique is forested, consist-
ing mostly of broadleaved deciduous and semideciduous dry forest or woodlands that
include the extensive miombo woodlands [12]. However, the rates of deforestation (~0.8%
year−1) and forest degradation are high [12,13]. Thus, a REDD+ partnership has potential
as a financing mechanism to change this situation [9]. A prerequisite for REDD+ is the
monitoring, reporting, and verification (MRV) of baseline carbon stocks [14–16]. A robust
MRV system that complies with the Intergovernmental Panel on Climate Change (IPCC)
Good Practice Guidelines [17] involves estimates of carbon stock and stock changes over
time [15,18]. However, the challenge in implementing a REDD+ program is the lack of local
data and national parameters [19]. Field-based sample surveys such as National Forest In-
ventories are traditionally used to provide regional and national estimates of aboveground
biomass (AGB), which can be converted into carbon stock (CS) using the default conversion
factor provided by IPCC; carbon is usually 50% of dried plant biomass [1,20].

Aboveground biomass studies in Mozambique have increased substantially in the past
10 years, especially on developing biomass models using field data [15,21–27]. Although
field-based studies are valuable for REDD+ purposes since they represent a primary source
of AGB data, estimates are often not sufficient due to the inaccessibility of field sample
sites, which may make them costly and sometimes unfeasible [18,28].

In the last few decades, remote-sensing (RS) technologies have emerged as a primary
tool that alleviates some of the field data sampling limitations by increasing the precision
of inventory estimates, and reducing the costs of forest resource inventory and monitor-
ing at landscape scales [18,28,29]. The majority of RS studies use optical (e.g., Landsat,
Sentinel 2A, Lidar), synthetic aperture radar (SAR, e.g., Sentinel 1) RS data, or a fusion
of datasets [16,22,23,30–33]. Optical images are dependent on atmospheric conditions at
the time of data acquisition [34]. However, SAR are active sensors that emit radiation at
wavelengths that are less susceptible to atmospheric backscattering and thus have high
transmissivity through clouds [35]. Both types of RS data are correlated to AGB, and can
thus be used to adjust a specific model that represents the relationship with field data [31].
The model is then applied to predict AGB where field plots are lacking, thereby producing
landscape estimations [29]. The main caveat in using RS data (both optical and SAR) is their
saturation at high AGB (greater than 80 Mg ha−1 [22,35]). In this regard, longer-wavelength
SAR data (e.g., Advance Land Observing Satellite/Phased Array Type L-band Synthetic
Aperture Radar 2 (ALOS/PALSAR 2), L-band ~23.7 cm) improve the models, especially in
tropical forests [36]. In Mozambique, the application of RS techniques to estimate AGB is
still in the early stages [22,36,37]. However, given its potential to estimate large-scale AGB,
RS data play a fundamental role in the REDD+ mechanism; thus, it is important to further
develop this tool and apply it to key areas in the country [18].

The Niassa Special Reserve (NSR) is located in northern Mozambique and is one of
the least explored places in Africa [38]. This area represents 30% of the total protected area
in the country and is one of the last remnants of the miombo woodlands in Sub-Saharan
Africa [39]. In addition, the reserve has high biological diversity that includes more than
800 species of plants, half of them endemic, several mammalian species, and over 400 bird
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species [40]. Thus, the reserve may contribute to global carbon storage and sequestration,
and biodiversity conservation [15,38].

Despite their global importance, the miombo woodlands in NSR are under threat due
to accelerated human population growth and consequent expansion of agricultural areas,
the uncontrolled use of fire for clearing agricultural fields, poaching, honey extraction,
and fish drying [41]. Therefore, understanding the exact role of the reserve in biodiversity
conservation and management of the miombo woodlands, among others, is crucial to
maintain this ecosystem. REDD+ could be a financing mechanism for conservation action
in NSR that may assist in improving the income of local communities while promoting
biodiversity conservation [9]. This study is a way of providing local AGB estimations at
a landscape spatial scale. This updated information is important in developing REDD+
initiatives and supporting conservation action in this key biodiversity hotspot, the Niassa
Special Reserve.

The objectives of this study are twofold: (1) estimating AGB from field data, and (2) de-
veloping a model and mapping the AGB using passive and active satellite RS technology
that is calibrated and validated using ground data.

2. Materials and Methods
2.1. Study Site Description

This study was conducted in the Niassa Special Reserve (NSR), which is located in
northernmost Mozambique (12◦38′48.67” S/11◦27′05.83′ ′ S and 36◦25′21.16′ ′ E/38◦30′23.74′ ′

E) bordering Tanzania, and extending across 42,300 km2 in the provinces of Cabo Delgado
and Niassa [15,22,42] (Figure 1). The climate of the NSR is tropical subhumid, with a mean
annual precipitation of 900 mm increasing from the east (800 mm) to the west (1200 mm),
and a mean annual temperature of 25 ◦C that ranges between 20 and 26 ◦C during the dry
season (May to October) [38,42]. NSR has a gently undulating landscape on a plateau with
elevations ranging between 300 and 600 m above sea level (masl) [15]. There are two major
peaks in the reserve, Mount Jao in the west (at 1200 masl) and Mount Mecula in the east
(at 2000 masl), which are biodiversity hotspots in the area [43]. Drainage is dominated
by the Rovuma and Lugenda Rivers, which are large sandy rivers with strong perennial
flows [44].

Deciduous miombo woodlands cover more than 70% of the total area [45] and are
dominated by a few tree species, namely, Julbernardia globiflora, Brachystegia spp., Diplo-
rynchus condilocarpon, and Pseudolachnostylis maprouneifolia, and a dense grass layer [15,22].
Despite having lost 0.9% of its woodland cover in 2001–2014 [38], NSR’s diverse ecosys-
tems are still intact and have the potential to sustain key wildlife populations, including
the largest populations of elephants in Mozambique (~3–4000), lions (1000–1200), leop-
ards, wild dogs (400–450), sables, kudus, wildebeests, buffalos, zebras, and more than
400 bird species [46–48]. The woodland ecology is largely driven by the rainfall gradi-
ent across NSR, and a complex interaction between anthropogenic fire and herbivory by
elephants [15,22,40–42].

Human population inside the reserve is estimated to have increased from ca. 45,000
inhabitants in 2009 [48] to ca. 60,000 in 2017 [49]. As is understood anecdotally, fire is an
inexpensive and readily accessible management tool for most human activities, includ-
ing subsistence hunting, pedestrian trade travel to and from Tanzania, honey collection,
and slash-and-burn agriculture (Tilley and Abacar, unpublished data; Chande, pers.com.,
07/2015). Between 2000 and 2012, the average fire frequency for the entire area was
estimated at 3.29 years, but annual burning intervals took place in 45% of NSR [41].
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During 2017, 24 permanent 1 ha (100 × 100 m) north-to-south orientation [50] plots 
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cover map of NSR was freely acquired from the Global Forest Watch website at 
http://earthenginepartners.appspot.com/science-2013-global-forest (accessed date: 16 
June 2018) [51], and it was used as the sampling design’s template (Table 1). Four catego-
ries of canopy cover were created: 10–25%, >25–50%, >50–75%, and >75–100%. These can-
opy covers were used to randomly allocate the field plots. The 10% coverage value was 
used to comply with existing forest definitions [52,53]. According to [18], the 30% canopy 
cover in the global forest cover dataset corresponded to 10% cover in southeastern Tanza-
nia. However, in this study the use of the 10% threshold was justified by the fact that we 
intended to describe and compare variations of AGB in previously described canopy 
cover for miombo woodlands across NSR [15,22,54]. Moreover, since the miombo canopy 
cover is highly variable across the region, and we did not test Hansen’s data for NSR, we 
could not assume that the results from Tanzania were valid for this area. 

A global positioning system (GPS, GPSMAP 64sx) receiver was used to navigate to 
the coordinates of the southwestern vertex of the plot. Since plot position errors are com-
mon between 3 and 5 m [55], the coordinates of the center of each plot were recorded. In 
order to avoid propagating geolocation error, a buffer was applied around the plot center 

Figure 1. Location of Mozambique on the southeastern coast of Africa (left). Location of study area
(Niassa Special Reserve) in northern Mozambique (left and right). Brown dots on the right represent
sampling plots of 1 hectare.

2.2. Data Acquisition
2.2.1. Field Data

During 2017, 24 permanent 1 ha (100 × 100 m) north-to-south orientation [50] plots
were established across NSR using a stratified random sampling design. The tree canopy
cover map of NSR was freely acquired from the Global Forest Watch website at http:
//earthenginepartners.appspot.com/science-2013-global-forest (accessed date: 16 June
2018) [51], and it was used as the sampling design’s template (Table 1). Four categories
of canopy cover were created: 10–25%, >25–50%, >50–75%, and >75–100%. These canopy
covers were used to randomly allocate the field plots. The 10% coverage value was used to
comply with existing forest definitions [52,53]. According to [18], the 30% canopy cover
in the global forest cover dataset corresponded to 10% cover in southeastern Tanzania.
However, in this study the use of the 10% threshold was justified by the fact that we
intended to describe and compare variations of AGB in previously described canopy cover
for miombo woodlands across NSR [15,22,54]. Moreover, since the miombo canopy cover
is highly variable across the region, and we did not test Hansen’s data for NSR, we could
not assume that the results from Tanzania were valid for this area.

A global positioning system (GPS, GPSMAP 64sx) receiver was used to navigate to the
coordinates of the southwestern vertex of the plot. Since plot position errors are common
between 3 and 5 m [55], the coordinates of the center of each plot were recorded. In order
to avoid propagating geolocation error, a buffer was applied around the plot center with a
radius of 50 m and enclosed in a 100 × 100 m square to conform with the size of the field
plot (1 ha).

http://earthenginepartners.appspot.com/science-2013-global-forest
http://earthenginepartners.appspot.com/science-2013-global-forest
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In each plot, trees with diameter at breast height (dbh) ≥ 5 cm (dbh range from 5 to
83 cm) were measured by using a caliper (Haglöf Sweden, precision: 1 mm), and identified
to the species level.

Table 1. Canopy cover, area per canopy cover, number of plots per canopy cover, number of trees per
hectare (trees/ha), diameter at breast height (dbh) range observed, and mean of dbh.

Canopy
Cover (%) a Area (Km2) Plots Trees/ha dbh Range

(cm)
Mean dbh

(cm)

10–25 16,702 8 332 5–50 10.63
25–50 15,208 7 426 5–65 12.64
50–75 2748 5 564 5–83 12.13

75–100 85 4 633 5–64 12.22
All 34,743 24 1955 5–83 11.93

a Forest tree cover by Hansen et al. (2013).

2.2.2. Remotely Sensed Data

A previous remote-sensing study carried out in NSR, developed the AGB model
using a stepwise regression based on the fusion of 30 m Landsat 7 enhanced thematic
mapper (ETM+) simple ratio (SR) and standard beam 30 m RADARSAT C-band (5.7 cm
wavelength) backscatter data with field estimates from fifty 30 m diameter plots [22]. This
study found a significant but moderate relationship between stand estimates and remotely
sensed variables (r2 = 0.55, p < 0.0001 [22]). The study recommended testing finer-spatial-
resolution optical and radar data in future studies. Table 2 shows the set of satellite images
and their characteristics used to predict the AGB in this study. We used the improved optics
of 2017 Landsat 8/Operational Land Imager (OLI, USGS 2013) scenes and the Sentinel
2A/MultiSpectral Instrument (MSI) (Table 2). These datasets are both freely available from
https://earthexplorer.usgs.gov/ (accessed on: 11 April 2018). Synthetic aperture radar
(SAR) data with finer spatial resolution were also selected for this study, including 2017 10 m
Sentinel 1B C-band data, which is also freely available (https://search.asf.alaska.edu/#/,
accessed on: 11 April 2018), and the 2016 Phased Array Type L-band (PALSAR) on board
the Advanced Land Observing Satellite (ALOS-2) platform. ALOS/PALSAR-2 is available
from http://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htm (accessed on: 13 April
2018). Both radar datasets are available in different polarizations (Table 2). Additionally,
the availability of cloud-free and freely available images was the main decision criterion
for data selection.

Table 2. Remote-sensing data used for above-ground biomass modelling (NDVI = Normalized
Difference Vegetation Index; SAVI = Soil-Adjusted Vegetation Index; SR = simple ratio; VV = vertical–
vertical; VH = vertical–horizontal; HH = horizontal–horizontal; HV = horizontal–vertical).

Remote-Sensing
Data Wavelength Spatial

Resolution Acquisition Date Path/Row Transformations

Landsat 8/OLI
Red (band 4) and

near-infrared
(Band 5)

30 m May 2017 166/68, 167/68,
166/69, 167/69 NDVI1, SAVI1, SR1

Sentinel 2A/MSI
Red (Band 4) and

near-infrared
(Band 8)

10 m April 2017

T36LZL, T36LZM,
T36LZM, T36LZN,
T37LBF, T37LBG,
T37LCF, T37LCF,

T37LCH, T37LDG,
T37LDH

NDVI2, SAVI2, SR2

Sentinel 1B C-Band (~5.7 cm) 10 m February 2017
155253/009606,
160043/009679,
160108/009679

SAR backscatter:
VV, VH

https://earthexplorer.usgs.gov/
https://search.asf.alaska.edu/#/
http://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/fnf_index.htm
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Table 2. Cont.

Remote-Sensing
Data Wavelength Spatial

Resolution Acquisition Date Path/Row Transformations

ALOS/PALSAR-2 L-Band (~23.6 cm) 10 m March 2016

11E035, 11E036,
11E037, 11E038,
12E035, 12E036,
12E037, 12E038,

13E035

SAR backscatter:
HH, HV

2.3. Data Processing
2.3.1. Aboveground Biomass from Field Data

Aboveground biomass (AGB) for individual trees was estimated by using an allometric
model developed by [56,57] for global dry tropical forests (Equation (1)). The individual
tree AGB was then summed up to obtain biomass at the plot level, and then upscaled to
the unit area (hectare).

AGB = exp[−2.134 + 2.530× ln(dbh)] (1)

where AGB is the observed aboveground biomass in Mg for individual tree i, dbh is the
tree diameter at breast height in cm, ln: natural logarithm; −2.134 and 2.530: regression
coefficients.

Considering mean’s comparison of more than two independent groups, the one-way
analysis of variance (ANOVA) statistical test was performed to analyze the mean value of
AGB between different categories of canopy cover, namely, 10–25%, >25–50%, >50–75%,
and >75–100% at 95% confidence level [58].

2.3.2. Vegetation Indices from Optical Data

Before extracting the vegetation indices, optical data were preprocessed to remove
imperfections obtained during image acquisition [59] and georeferenced to correct for
geographic distortions. These data were used in the form of a spectral reflectance (SR)
mosaic based on Landsat 8/OLI and Sentinel 2A/MSI to compute vegetation indices.
Geometric and atmospheric corrections were conducted [60] using the atmospheric and
topographic correction for satellite imagery (ATCOR) algorithm, and the top of atmosphere
(TOA) spectral radiance was converted into TOA reflectance (ρ) by using Equation (2).

ρ =
πd2

ω× θsolar
φ (2)

where d: Earth–Sun astronomical distance; φ: spectral radiance at the top of the atmosphere;
ω: mean solar exoatmospheric irradiances; and θsolar: solar zenith angle in degrees.

To explore the relationship between field and passive optical data, we used three
vegetation indices: Normalized Difference Vegetation Index (NDVI; Equation (3) [61]), Soil-
Adjusted Vegetation Index (SAVI, Equation (4) [62]) and Simple Ratio (SR; Equation (5) [63]).
These indices are widely used as surrogates of biomass, leaf area index, and other important
plant characteristics [22,64].

NDVI =
NIR− RED
NIR + RED

(3)

SAVI = (1 + L)
NIR− RED

NIR + RED× L
(4)

SR =
NIR
RED

(5)
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where NIR: near-infrared satellite portion of electromagnetic spectrum; RED: red portion of
electromagnetic spectrum; and L: weighting factor that varies from 0 to 1 [62], for which
we used the typical value (0.5).

2.3.3. Backscatter from SAR Data

The SAR was corrected for geometric distortions and to remove acquisition errors.
The preprocessing of SAR data involved removing the speckled noise, which is the main
cause of radiometric distortions that impair the interpretation of radar images [65]. This is
multiplicative noise that is proportional to the intensity of the sent signal [66]. The visual
effect is a grainy texture that can hinder the interpretation of radar images [65]. SAR data
were used in the form of backscatter intensity (BI; Equation (6)), which is the amount of
energy scattered by the target towards the sensor in relation to the amount of energy that
was emitted by the sensor (microwave pulse [36]). BI is expressed as σ (sigma-zero), which
is a measure of the backscatter intensity of the radar expressed in decibels (dB) [55,67], as
shown in Equation (6).

σ = 10× log10 DN2 −K (6)

where σ: backscatter intensity, DN: digital numbers, brightness value (BV), or radiometric
value of image pixels measured in the SAR image (more precisely, the mean pixel value in
a group of pixels), K: calibration factor that varies depending on the SAR sensor and the
processor system used. For ALOS/PALSAR-2 and Sentinel 1B data, the calibration factor is
−83.0 db [68].

2.3.4. Extraction of Remotely Sensed Data for Field Plots

Variables from RS data were extracted from window size 100× 100 m woodland stands.
Images with 30 m of spatial resolution (Landsat) were transformed into 10 m resolution
to allow for the extraction of digital data in the selected window and to harmonize with
resolution of the other RS data. All values of the pixels presented normal distribution
(n = 2400 pixels, Shapiro wilk test = 0.9607, calculated p = 0.4517 and α = 0.05). For the
optical images, mean values of NDVI, SAVI, and SR were extracted, while for bands C
(wavelength ~ 5.7 cm) and L (wavelength ~ 23.6 cm), SAR mean BI were extracted [67]. All
RS data extracted from the optical and radar images are shown in Appendix A.

2.3.5. Modelling of Aboveground Biomass
Model Building

In this study, a multiple linear regression model [69] was used to explore the rela-
tionships between AGB from the field and RS data (Landsat 8/OLI, Sentinel 1B, Sentinel
2A/MSI and ALOS/PALSAR-2; Equation (7)). Stepwise regression was performed in
the Minitab® version 18.0 (LLC, Pennsylvania State University, State College, PA, USA)
statistical package, and the confidence level was set at 95%. The stepwise process enters
each independent variable, evaluates the differences in mean and the correlation to those
variables already entered in the process, and eliminates redundant variables [69–71].

AGB = b0 + b1x1 + b2x2 + · · · bixi + ε (7)

where: AGB: aboveground biomass (Mg ha−1), x: NDVI1, SAVI1, SR1 and NDVI2, SAVI2,
SR2 from Landsat 8/OLI and Sentinel 2A/MSI, respectively, and backscatter from SAR
(HH, HV, VV, VH); see also Appendix A; b0: coefficients of the model; and ε: random error.

Model Performance Assessment

To assess model performance, three statistical evaluators were used: coefficient of
determination (r2, Equation (8)), root mean square error (RMSE; Equation (9)) and RMSE %
(Equation (10)) [16,69–72]. In general, a higher r2 value and lower RMSE% value indicate
better performance of the model [71]. These statistical measures are widely used in biomass
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modelling to evaluate discrepancies between measured and predicted AGB [73]. To validate
the model, these statistics were computed using 10-fold cross-validation [16,71].

R2 =
SQR
SQT

=
∑n

i = 1
(
y0 − yp

)
∑n

i = 1
(
yo − yp

) (8)

RMSE =

√
∑n

i = 1
(
yo − yp

)2

n
(9)

RMSE =
RMSE

y0
(10)

where n: number of plots (24), yo: observed AGB (Mg ha−1) value for plot i and yp: the
predicted AGB (Mg ha−1) value for plot i, RMSE: root mean square error and the mean
AGB (Mg ha−1) was calculated from the field plots.

To compare the best selected models of AGB, we used the Akaike information criterion
(AIC; Equation (11)) and Bayesian information criterion (BIC; Equation (12)) [71]. Both
AIC and BIC provide simple and effective methods for selecting and comparing regression
models. Models were ranked from the lowest to the highest AIC and BIC scores; the model
with the lowest AIC and BIC values was considered to be the best for AGB estimations in
NSR [73].

AIC = n× log
SSE

n
+ 2k (11)

BIC = n× log
SSE

n
+ log(n)× k (12)

where n: number of plots (24), SSE: sum squares errors and k: number of parameters (k = p
+ 1, where p is the number of predictors).

3. Results
3.1. Field Estimations of Aboveground Biomass

Our results from the stand data indicated that the mean AGB in NSR was 56 Mg
ha−1, ranging from 11 to 95 Mg ha−1 (Table 3). Table 3 also shows the corresponding AGB
values per tree canopy cover. The ANOVA at the 95% of confidence interval revealed
significant statistical differences among AGB according to canopy cover (F-calculated = 72.8
> F-critical = 3.02, p < 0.05).

Table 3. Estimates of aboveground biomass (AGB) by canopy cover in Niassa Special Reserve in 2017.
Different superscript letters, i.e., a–d, indicate statistical differences of AGB between canopy cover
using ANOVA at 95% confidence level.

Canopy Cover (%) AGB at Plot Level (Mg ha−1)

Range Mean Std.dev e

10–25 11–58 30.0 a 14.0
25–50 42–80 61.7 b 11.7
50–75 64–74 67.8 c 4.2

75–100 75–95 83.0 d 7.5
Average 11–95 56.0 22.6

e Standard deviation.

3.2. Aboveground Biomass and Remote Sensing Data

The best correlations between field measurements of biomass and remote-sensing
datasets were found with NDVI1 (OLI; r = 0.60; p < 0.05), NDVI2 (Sentinel 1B; r = 0.63;
p < 0.05) and ALOS/PALSAR 2 BI (σoHH; r = 0.63; p < 0.05 and σoHV; r = 0.63; p < 0.05)
(Table 3). The second highest correlation was with SR2 (Sentinel 2A; r = 0.50; p < 0.05)
and backscatter from Sentinel 1B (σoVH; r = 0.50; p < 0.05). All other variables produced
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r ≤ 0.50 relationships with field biomass below 0.50 and were thus removed from further
analysis.

3.3. Aboveground Biomass Models

The four selected biomass models are shown in Table 4. For Model 1, the RMSE
value (17.27 Mg ha−1) was high when compared to that of the other models. The r2 value
indicates that about 46.6% of AGB per hectare is explained by the variable NDVI2, and that
the remaining 54% is explained by other variables not introduced in the model. For Models
2 and 3, performance increased with coefficients of determination of 52.08% and 65.85%,
and RMSE values decreased to 16.11 and 13.55 Mg ha−1, respectively. Model 4 performed
better than the others with an r2 value of 87.5% for variables NDVI1 from Landsat 8/OLI,
NDVI2 from Sentinel 2A/MSI, and σHV from ALOS/PALSAR-2 (Table 4). The model also
had low AIC (123), BIC (51.93) and RMSE % (11.56 or 20.56%). Other radar variables (σVV
and σVH) were not considered to be strong enough to be included in the regression models.
As previously indicated, these two variables (σVV and σVH) have low correlation with
AGB with r2 = 0.27 and r2 = 0.33, respectively.

Table 4. Summary of 4 multiple-regression models for prediction of aboveground biomass (AGB) from
remotely sensed data in Niassa Special Reserve in 2017. r2 = determination coefficient; RMSE = root
mean square error; AIC = Akaike information criterion; and BIC = Bayesian information criterion.

Models

Fit Statistics

Coefficients
r2 AIC BIC RMSE

RMSE
(%)β0 β1 β2 β3

1 Model 1 20.19 156.1 46.66 136 58.56 17.24 30.78
2 Model 2 134.3 3.23 33.88 52.08 138 60.34 16.11 28.76
3 Model 3 92.4 110.1 4.66 65.85 128 55.21 13.55 24.2
4 Model 4 126.5 151.4 250.1 6.63 87.5 123 51.93 11.56 20.46

1 AGB(Mg/ha) = 20.19+ 156.1×NDVI2. 2 AGB(Mg/ha) = 134.3+ 3.23σHH+ 3.88σHV. 3 AGB(Mg/ha) = 92.4+
110.1×NDVI2 + 4.66σHV. 4 AGB(Mg/ha) = 126.5− 151.4×NDVI1 + 250.1×NDVI2 + 6.63σHV + 2.83.

3.4. Mapping Aboveground Biomass

We mapped the AGB of the study area using Model 4 (Table 4), which demonstrated
the effectiveness of using remote-sensing data, especially the fusion of ALOS/PALSAR-2
σHV, and NDVI from Landsat 8/OLI and Sentinel 2 data to estimate AGB. The scatter plots
of observed aboveground biomass versus model-estimated (fitted) aboveground biomass
for 24 field plots is demonstrated in Figure 2. The mean predicted AGB for the entire NSR
was roughly 63 Mg ha−1 with a standard deviation of 20.3 Mg ha−1 (63 ± 20.3 Mg ha−1),
ranging from 0.6 and 200 Mg ha−1, which was slightly higher than the field data estimations
(56 Mg ha−1, Table 3). The lower end of AGB estimations corresponded to bare soil,
agricultural fields, and human settlements or corridors, while the upper end to dense
evergreen forests on top of the Mecula and Jao Mountains (the two highest points in
the reserve). The open to medium density canopy (25–50% canopy cover) represents
approximately 80% of the NSR, and the AGB was estimated at 50–100 Mg ha−1. There
seems to be an overestimation of the value in the upper end, which was likely due to
the saturation of satellite images at a high level of canopy cover (above 80 Mg ha−1) as
discussed below. The spatial distribution of AGB is shown in Figure 3.



Forests 2022, 13, 311 10 of 16

Forests 2022, 13, x FOR PEER REVIEW 10 of 16 
 

 

satellite images at a high level of canopy cover (above 80 Mg ha−1) as discussed below. The 
spatial distribution of AGB is shown in Figure 3. 

 
Figure 2. Scatter plots of observed aboveground biomass versus model-estimated (fitted) above-
ground biomass values for 24 field plots. (a) Model 1; (b) Model 2; (c) Model 3; and (d) Model 4. 

 
Figure 3. Map of 2017 aboveground biomass in Niassa Special Reserve developed using equation: 
AGB = 126.5–151.4 NDVI1 + 250.1 NDVI2 + 6.63 σoHV + 2.83. Peak of AGB (200 Mg ha−1) found at (a) 
Mount Jao and (b) Mount Mecula. 

4. Discussion 
This study represents an update of the 2008 AGB map for NSR [22], and it revealed 

that L-band, backscatter, and NDVI improved the previous map (r2 = 0.88 vs. r2 = 0.5) ob-
tained by [22]. This may have been because, in the current work, field estimations were 
conducted in larger plots (1 ha plots as opposed to the study by [22]). On the other hand, 
the predictive regression model explained 87.5% of variation in AGB data, which corre-
sponds to a 30% increase in mapping accuracy compared to the 2008 map. This was ex-
pected given that the L-band captures signals from stems in addition to the top of the 
canopy, and saturates at higher values of biomass (80 Mg ha−1 [23,74]) than the C-band (50 
Mg ha−1) used in the previous study does. In addition, according to [34], ALOS satellite 
sensors have been widely used in the last few decades for the prediction of forest biomass 
due to their good performance. According to [75], sensors used in isolation, such as 

(a) (b) 

(c) (d) 

 (b) Mount Mecula 

 (a) Mount Jao 

Figure 2. Scatter plots of observed aboveground biomass versus model-estimated (fitted) above-
ground biomass values for 24 field plots. (a) Model 1; (b) Model 2; (c) Model 3; and (d) Model 4.

Forests 2022, 13, x FOR PEER REVIEW 10 of 16 
 

 

satellite images at a high level of canopy cover (above 80 Mg ha−1) as discussed below. The 
spatial distribution of AGB is shown in Figure 3. 

 
Figure 2. Scatter plots of observed aboveground biomass versus model-estimated (fitted) above-
ground biomass values for 24 field plots. (a) Model 1; (b) Model 2; (c) Model 3; and (d) Model 4. 

 
Figure 3. Map of 2017 aboveground biomass in Niassa Special Reserve developed using equation: 
AGB = 126.5–151.4 NDVI1 + 250.1 NDVI2 + 6.63 σoHV + 2.83. Peak of AGB (200 Mg ha−1) found at (a) 
Mount Jao and (b) Mount Mecula. 

4. Discussion 
This study represents an update of the 2008 AGB map for NSR [22], and it revealed 

that L-band, backscatter, and NDVI improved the previous map (r2 = 0.88 vs. r2 = 0.5) ob-
tained by [22]. This may have been because, in the current work, field estimations were 
conducted in larger plots (1 ha plots as opposed to the study by [22]). On the other hand, 
the predictive regression model explained 87.5% of variation in AGB data, which corre-
sponds to a 30% increase in mapping accuracy compared to the 2008 map. This was ex-
pected given that the L-band captures signals from stems in addition to the top of the 
canopy, and saturates at higher values of biomass (80 Mg ha−1 [23,74]) than the C-band (50 
Mg ha−1) used in the previous study does. In addition, according to [34], ALOS satellite 
sensors have been widely used in the last few decades for the prediction of forest biomass 
due to their good performance. According to [75], sensors used in isolation, such as 

(a) (b) 

(c) (d) 

 (b) Mount Mecula 

 (a) Mount Jao 

Figure 3. Map of 2017 aboveground biomass in Niassa Special Reserve developed using equation:
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4. Discussion

This study represents an update of the 2008 AGB map for NSR [22], and it revealed
that L-band, backscatter, and NDVI improved the previous map (r2 = 0.88 vs. r2 = 0.5)
obtained by [22]. This may have been because, in the current work, field estimations were
conducted in larger plots (1 ha plots as opposed to the study by [22]). On the other hand, the
predictive regression model explained 87.5% of variation in AGB data, which corresponds
to a 30% increase in mapping accuracy compared to the 2008 map. This was expected
given that the L-band captures signals from stems in addition to the top of the canopy, and
saturates at higher values of biomass (80 Mg ha−1 [23,74]) than the C-band (50 Mg ha−1)
used in the previous study does. In addition, according to [34], ALOS satellite sensors
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have been widely used in the last few decades for the prediction of forest biomass due to
their good performance. According to [75], sensors used in isolation, such as AVNIR-2 and
ALOS/PALSAR, have reasonable estimates, but an integration of these sensors improves
the robustness of the AGB models. Although the results of this study are satisfactory,
sampling intensity, and consistent application of sampling probability design and the use
of inferential analysis [28,76] would bring more consistent results and allow for applying
nonlinear models, so we recommend this type of analysis for future studies.

From the used variables to build the AGB regression model, σVV and σVH from
Sentinel 1B (C-band ~ 5.7 cm)) were not selected as predictors of AGB. As previously
highlighted, these two variables (σVV and σVH) had low correlation with field AGB
(r = 0.27 and p < 0.05, and r = 0.33; p < 0.05, respectively). According to [1], SAR backscatter
is a good estimator of AGB, especially when combined with optical images. However, when
variables are of a short band wavelength, such as the Sentinel 1B used in this study, they
may not correlate well with AGB due to pixel saturation [22,35] at a biomass above 50 Mg
ha−1, i.e., at a certain point, as AGB increases, pixel values tend to remain unresponsive [67].

The AGB map revealed that there were variations in biomass distribution across the
reserve, which might be associated with patterns of human population density and also
different vegetation densities (Table 5). For instance, the Lugenda-Mecula corridor (L4–L8
in Figure 3) corresponds to low AGB (0.6–10 Mg ha−1), and the same pattern was observed
towards the west in the R1, R2, and L1 management areas. All these areas correspond to
human settlements or corridors to Tanzania in the north (Ribeiro, unpublished). About 80%
of the reserve is covered by lowland semideciduous miombo (yellow and light green colors
in Figure 3), and these corresponded to an average AGB between 75 and 125 Mg ha−1,
which is within the range expected for this type of miombo [77].

Table 5. Pearson’s correlation between stand estimates of aboveground biomass and remotely sensed
data in Niassa Special Reserve.

Parameters
Variables from Remote-Sensing Data

NDVI1 SAVI1 SR1 NDVI2 SAVI2 SR2 σHH σHV σVH σVV

Pearson’s correlation 0.60 0.30 0.47 0.63 0.20 0.50 0.63 0.63 0.50 0.42
R-squared (R2) 0.40 0.08 0.22 0.50 0.04 0.30 0.49 0.49 0.23 0.18

The average AGB for the entire NSR of 63 Mg ha−1 was below the estimations from [22]
(70 Mg ha−1), but as discussed above, this estimation represents an improvement on the
previous work. Estimations of AGB for the miombo region are very variable depend-
ing on factors such as the used method, the sampling effort, and the land cover his-
tory [15,36,37,78,79]. This makes comparisons among different miombo sites very difficult
if not impossible [80]. Considering that the NSR is one of the most pristine areas of miombo
in the region, we can assume that the estimates found in this study are an accurate estima-
tion of AGB of dry miombo woodlands. The recent forest reference level report submitted
to the UNFCCC refers an average AGB for semideciduous Mozambican miombo (about
70% of NSR’s vegetation) [22] of 62.24 (59.51–64.97) Mg ha−1 and for the semievergreen
forests (corresponding to Mecula and Jao mountains or 0.6% of NSR [22]) a value of about
99.89 (93.98–105.81) Mg ha−1 [12]. The peak estimate observed in this study for the Jao
and Mecula mountains was 200 Mg ha−1. In agreement with [27], the mountains’ moist
evergreen forest (290.73 Mg ha−1) stores up to four times more carbon than that of the
miombo woodlands of southern Africa lowlands. The AGB in dry miombo woodland
is usually low, about 55 Mg ha−1 (ranging between 21 and 84 Mg ha−1), while for wet
miombo woodland it is about 90 Mg ha−1 (ranging between 44 and 144 Mg ha−1) [79].

NSR should be considered to be a top priority in the context of ongoing financing
mechanisms to mitigate climate change, such as the Payment for Ecosystem Services (PES)
and the REDD+. In this context, it is important to consider the spatial distribution of AGB
and carbon stocks, which indicate the areas where REDD+ activities should be concentrated.
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It is also important to take into consideration the variety of factors involved in determining
carbon balance in NSR, such as human activities (agriculture, honey gathering, among
others) and anthropogenic fires [81]. These continue to coexist in NSR in the long run
as a result of increasing human population both inside and outside the area [38,41,42].
Consequently, it is important to engage local communities in conservation action and
decision making.

5. Conclusions

The main objectives of this study were to estimate AGB, and develop an AGB model
using passive and active data. Three main conclusions can be drawn from this study.
First, the mean AGB estimated from the field data was 56 Mg ha−1 (ranging from 11 to
95 Mg ha−1). These estimations are within the range that was reported in the existing
literature for this type of forest. Second, the study showed that vegetation indices derived
from Landsat/OLI (NDVI1) and Sentinel 2A/MSI (NDVI2), and the backscatter of the σoHV
polarization from ALOS/PALSAR-2 are good predictors of AGB. The developed biomass
model presented the best fit, so auxiliary remotely sensed data may help in improving the
precision of AGB estimates. However, we recommend that our model could be improved
with more sampling plots for future studies. Third, the estimate of AGB may be a crucial
source for MRV REDD+ initiatives not only in the study area, but also in other areas with
similar environmental conditions; therefore, further analysis is necessary in this regard. We
recommended to engage the NSR in the Warsaw REDD+ Framework for better management
of forest resources and income generation for local communities, reducing deforestation
and forest degradation because miombo woodland has huge potential to provide financial
resources through payment for ecosystem services under the REDD+ mechanism.
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Appendix A

Table A1. Remote-sensing data extracted from each field plot.

Plot 1
ha

Plot
Cod

Biomass
(Mg/ha)

Variables from Remote Sensing Data

Landsat 8/OLI Sentinel 2/MSI Alos/Palsar 2 Sentinel 1B

NDVI1 SAVI1 SR1 NDVI2 SAVI2 SR2 σoHH σoHV σoVH σoVV

1 AS 81.3 0.35 0.33 5.0 0.30 0.31 3.5 −7.64 −11.2 −26.16 −27.0
2 AP 24.8 0.20 0.30 3.0 0.20 0.30 2.2 −13.1 −16.1 −27.62 −28.9
3 DR 21.7 0.15 0.10 4.0 0.12 0.11 3.2 −7.04 −15.3 −23.29 −21.4
4 CP 27.6 0.12 0.40 3.5 0.10 0.40 2.3 −10.6 −16.9 −28.67 −27.0
5 CR 21.7 0.35 0.30 2.0 0.10 0.30 2.0 −13.6 −14.3 −28.06 −28.1
6 CS 69.4 0.20 0.32 3.8 0.20 0.30 3.4 −10.6 −14.3 −24.94 −25.7
7 ER 69.4 0.45 0.37 5.0 0.40 0.40 4.5 −8.99 −11.6 −23.62 −21.4
8 EP 58.8 0.20 0.15 4.0 0.17 0.13 4.0 −11.5 −14.3 −23.27 −22.3
9 CQ 63.5 0.18 0.15 2.8 0.16 0.11 2.0 −8.32 −12.8 −25.65 −28.1

10 ES 63.8 0.25 0.20 6.0 0.21 0.18 5.5 −4.28 −10.2 −22.43 −18.7
11 DP 78.7 0.50 0.32 7.5 0.35 0.30 5.0 −3.30 −9.89 −22.13 −18.4
12 FP 41.9 0.30 0.24 4.5 0.23 0.20 4.0 −10.8 −12.2 −22.86 −19.3
13 FR 95.2 0.40 0.30 4.0 0.40 0.28 3.3 −6.48 −10.5 −25.00 −23.4
14 FQ 73.9 0.33 0.27 3.6 0.31 0.25 3.1 −6.75 −14.5 −24.87 −19.0
15 FS 56.2 0.27 0.20 3.0 0.28 0.15 3.0 −9.47 −16.8 −22.60 −20.4
16 AR 67.6 0.20 0.18 2.5 0.25 0.15 2.4 −5.56 −13.2 −23.68 −20.8
17 AQ 11.1 0.15 0.12 2.0 0.14 0.10 1.2 −13.8 −18.7 −26.14 −24.5
18 BP 80.3 0.12 0.10 2.0 0.12 0.08 1.8 −6.90 −10.8 −25.73 −25.4
19 DQ 63.9 0.25 0.21 3.8 0.23 0.20 3.5 −7.33 −11.8 −23.88 −22.3
20 BS 38.1 0.20 0.18 3.0 0.22 0.14 2.5 −9.37 −14.2 −25.46 −27.0
21 BQ 28.7 0.20 0.15 2.5 0.10 0.15 2.0 −9.47 −11.4 −26.00 −28.4
22 BR 29.5 0.23 0.20 3.5 0.20 0.20 3.0 −10.6 −16.0 −25.77 −24.4
23 EQ 68.1 0.30 0.26 4.0 0.25 0.23 4.0 −8.66 −13.2 −23.48 −21.8
24 DS 75.0 0.76 0.40 6.5 0.40 0.35 6.0 −3.73 −9.42 −22.00 −16.8
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