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Abstract

Mapping forest above-ground biomass (AGB) is crucial for monitoring forest ecosystems and
assessing the success of conservation initiatives such as the REDD+ carbon projects.
Traditional field-based approaches to measuring AGB, however, face significant challenges,
due to high financial costs and logistical constraints. Remote sensing, including both active and
passive sensors, presents a promising and cost-effective alternative, yet its practical utility and
accuracy for capturing forest AGB in diverse and complex ecosystems remains largely
unexplored. This research used an extensive national forest inventory (NFI) dataset to evaluate
the ability to map the AGB of the Miombo woodlands in Zambia across four agro-ecological
zones using both multi-seasonal SAR (Sentinel-1A) and optical (Landsat-8 OLI) imagery. A
multi-level experiment was designed to (i) compare the accuracy of AGB estimation using
SAR and optical data when used independently, and in combination, using a Random Forest
regression model, (i1) assess the effect of seasonality on the accuracy of AGB estimation when
using SAR and optical datasets, and (iii) evaluate the effect of variation in climatic and
environmental conditions on AGB estimation. Experimental results show that multi-seasonal
images (across the rainy, hot and dry seasons) outperformed single-season and annual images.
Combining SAR backscatter in the hot season, optical bands in the dry season, and vegetation
indices in the hot season produced the most accurate AGB model (R = 0.69, MAE = 14.01 Mg
ha! and RMSE = 18.23 Mg ha™'). The models performed distinctly across different agro-
ecological zones (R = 0.44 — 0.79), suggesting that fitting local models could be beneficial.
These results based on the extensive NFI of Zambia demonstrate that seasonal effects and
fitting local models can lead to more accurate AGB estimation within the Miombo woodlands,
which is of significance for ongoing REDD+ carbon projects in Zambia and other African
countries.

Keywords: Miombo woodlands; Above ground biomass; National Forest Inventory; SAR-
optical; Remote Sensing, Random Forest

1. Introduction

Forest above-ground biomass (AGB) is an indispensable variable for forest monitoring,
estimation of greenhouse gas emissions and sustainable management of carbon stocks,
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particularly for the REDD+ carbon projects (Saatchi et al., 2011; Harris, 2012; Wulder et al.,
2012). High-quality forest AGB information, however, can be challenging to capture in tropical
developing countries, due to financial costs and logistical constraints (Halperin et al.,
2016a). In particular, traditional field-based approaches that are used commonly in developing
countries demand huge time and labour, and may be impractical due to inaccessibility when
conducting regional-to-national scale forest AGB estimation (Atkinson et al., 2000; Ghosh and
Behera, 2018). Remote sensing-based methods, by combining field observed AGB and remote
sensing datasets, can overcome many of these limitations, although they present additional
challenges, dependent upon the satellite sensors and platforms (Carreiras et al., 2012; Lu et al.,
2016). Active and passive sensors can both be used to map forest AGB, but active sensors such
as light detection and ranging (LiDAR) and synthetic aperture radar (SAR) can be more
effective for forest AGB estimation compared to passive sensors, thanks to their ability to
interact with vegetation structures (Herold et al., 2019; Li et al., 2020). Challenges associated
with SAR involve susceptibility to water content, terrain variation and the spatial arrangement
of forests (Chen et al., 2023). Forest AGB is highly correlated with optical data, but optical
data are limited by weather conditions, and vegetation indices produced from optical data
commonly saturate at high biomass and dense canopy cover (Halperin et al., 2016b; Joshi et
al., 2016; Zhao et al., 2016; Gascon et al., 2019).

Tremendous efforts have been made in mapping forest AGB in tropical forests using both
active and passive sensors (Cassells et al., 2009; Carreiras et al., 2012; Gizachew et al., 2016;
Ghosh and Behera, 2018; Gou et al., 2019; Van Pham et al., 2019; Zimbres et al., 2021; David
et al., 2022b). However, most studies focused on tropical rainforests, such as the Brazilian
Amazon (Kuplich et al., 2005; Salis et al., 2006; Quijas et al., 2019; Zimbres et al., 2021). L-
band SAR data have been used frequently for forest AGB estimation with high accuracy, with
their ability to penetrate tree crowns (Carreiras et al., 2012; Mitchard et al., 2013b; McNicol et
al., 2018b; Gou et al., 2019). ALOS PALSAR L-band data, for example, were adopted to map
forest AGB in Southern Africa and produced the first continental forest AGB map of the
African savannahs and woodlands (Urbazaev et al., 2015; Bouvet et al., 2018). LIDAR, which
has the ability to estimate canopy height and structure, shows potential for retrieval of forest
biophysical parameters, such as volume and biomass (Pirotti, 2011; Kanja et al., 2019a; Pearse
etal., 2019; Demol et al., 2024; Li et al., 2024). Nevertheless, the majority of SAR and LiDAR
data are not freely available and impractical at regional and national scales. Sentinel-1 SAR C-
band data from the European Space Agency, on the other hand, are offered free of charge. The
combination of field observed AGB, SAR and optical satellite sensor imagery can be useful to
estimate forest AGB in regions where data are scarce, such as in developing countries (Forkuor
et al., 2020; Li et al., 2020).

The Miombo woodlands, found across South and East Africa, are characterised by a closed
canopy that is not too dense, thereby allowing the growth of a herbaceous layer (Campbell,
1996). They extend over Angola, Malawi, Zimbabwe, Mozambique, Zambia, Tanzania, and
part of Congo DRC, making them the most widespread woodland type in Africa. Miombo
woodlands are an important source of livelihoods for people living in these countries, as they
provide multiple ecosystem functions and services (Syampungani et al., 2009; Chidumayo and
Gumbo, 2010; Kalaba et al., 2013; Ryan et al., 2016). Despite progress in combining SAR and
optical data for forest mapping, most previous studies mapped Miombo woodlands using
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optical data alone (Gizachew et al., 2016; Halperin et al., 2016a; Mayes et al., 2016; Mareya et
al., 2018), whereas some studies tested SAR data and LiDAR data separately (Cassells et al.,
2009; Mitchard et al., 2013a; McNicol et al., 2018a; Gou et al., 2019; Demol et al., 2024; Li et
al., 2024). Few studies used a combination of SAR/LiDAR and optical data to increase the
accuracy of Miombo woodland AGB mapping (Naesset et al., 2016; Egberth et al., 2017; David
et al., 2022a; Macave et al., 2022). For example, David et al. (2022) used Sentinel-1 and
Sentinel-2 data for forest AGB estimation in the tropical dry forests of Botswana, while Macave
et al. (2022) utilized Landsat-8, Sentinel-2A, Sentinel-1B and ALOS/PALSAR-2 to estimate
forest AGB in the Miombo woodlands of Mozambique. Both studies led to an increased
accuracy, although their coverage was limited to National Parks only. To the best of our
knowledge, no studies used national forest inventory (NFI) data to validate models that
combine SAR and optical data to estimate forest AGB in the Miombo woodlands at regional-
to-national scales. Gascon et al. (2019) explored the potential to estimate forest AGB at the
national level in Tanzania using national survey data but using optical data (RapidEye) alone
(Gascon et al., 2019). Moreover, very few studies explored the seasonal effects of SAR and
optical data on forest AGB mapping (Laurin et al., 2018; Forkuor et al., 2020; Chen et al.,
2023; Tanase et al., 2024), which could be important for the Miombo woodlands as a tropical
dry forest. The use of multi-seasonal data is aimed at taking advantage of the relation between
AGB and images under varying phenological conditions (Zhu and Liu, 2015; Chrysafis et al.,
2019). Studies that compared the use of single images and multi-seasonal images for AGB
estimation concluded that multi-seasonal images predicted more accurately than single images
(Zhu and Liu, 2015; Cartus and Santoro, 2019; Chen et al., 2023). However, none of these
studies explored fully the phenological conditions that vary with the seasons by compositing
the mean seasonal images.

To address these gaps, this research aims to test and evaluate multi-seasonal Sentinel-1A
and Landsat-8 OLI imagery to estimate forest AGB in Zambia’s Miombo woodlands across
four agro-ecological zones, using an extensive NFI ground reference dataset available from the
Forestry Department of Zambia that has not been used for this purpose before. Specific
objectives include (1) to evaluate model prediction accuracy when SAR and optical data are
used independently and when they are combined, (2) to determine the optimal time period
(annual, rainy, dry, hot, multi-season) for forest AGB estimation in the Miombo woodlands
when using SAR and optical data, (3) to analyse and compare model uncertainties across four
agro-ecological zones characterised by different climatic conditions, terrain conditions and
vegetation types, and (4) to predict wall-to-wall forest AGB using the best fitting relationship
between NFI and SAR and optical data. This research adds to the improvement of forest AGB
estimation by combining multi-seasonal SAR and optical remote sensing data with an NFI
dataset, providing a novel approach to biomass mapping in tropical dry forests like Zambia’s
Miombo woodlands. The outcomes of this research enhance the accuracy of large-scale AGB
assessments, and thereby making available the much-needed AGB maps for evidence-based
forest management, REDD+ carbon projects, and policy formulation.

2. Methodology

2.1 Study Area
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This research was conducted in Zambia (Fig. 1), with its forest landscape being considered
for REDD+ projects presently (Handavu et al., 2021). Our primary focus is on the dominant
Miombo woodlands, and Miombo woodlands mixed with Mopane, Hill and Karahali
woodlands. Both dry and wet Miombo woodlands are represented extensively in Zambia. Dry
Miombo woodlands are characterised by trees with heights less than 15 m and few canopy
overlaps, and receive annual rainfall of less than 1000 mm, represented by agro-ecological
zones I, Ila and IIb (Fig. 1). Agro-ecological zone I is characterised by hot and dry areas,
receives lower annual rainfall of 800 mm and below, and has lower altitudes of 400-900 m.
Agro-ecological zone Ila forms part of an area that receives medium annual rainfall of 800-
1000 m with an altitude between 900 and 1300 m. Agro-ecological zone IIb completes the area
that receives medium rainfall comprising of sand and floodplains with an altitude between 900
and 1300 m. Wet Miombo woodlands are characterised by trees of more than 15 m height with
crown overlap in some cases where the annual rainfall received is more than 1000 mm. Wet
Miombo is associated with agro-ecological zone III which receives high rainfall with altitudes
between 1100 and 1500 m (Chidumayo and Gumbo, 2010; Bulusu et al., 2021; Shamaoma et
al., 2022). These zones cover all available environments in Zambia with dry woodlands
extending into neighbouring countries in the south and east, and wet woodlands extending into
countries in the north and east of Zambia.

(a)

10°%

Zimbabwe

SUMMARY STATISTICS FOR NFI DATA = Agro-ecological
Agro - ecological zone 1 ITa 1Ih il zanes
Number of sample plots 178 325 211 320 Miombo
Mean AGB - (Mg/ha) 34 30 33 42 e
sD 2578 2324 2377 3517 N 3
SE 1.93 1.29 1.64 1.97 . National Forest
Range 0.28-152  0.30-172  0.35-187  0.48-261 Inventory Plots

() © @ @

Fig. 1. Study area map and typical ground photos showing Miombo woodlands. (a) The
location of the National Forest Inventory plots used in this research, spread across Zambia’s
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four agro-ecological zones I, I1a, IIb and III, together with some summary statistics. (b) and (c)
primary Miombo woodlands, (d) and (e) disturbed Miombo woodlands.

2.2 Data acquisition
2.2.1 National Forest Inventory data

The NFI data used in this research were collected for the Integrated Land-Use Assessment
Phase Two project (ILUA-II), which took place between 2010 to 2016. The ILUA-II was the
largest forest inventory of Zambia, undertaken by the Forestry Department, with technical
assistance from the Food and Agriculture Organisation of the United Nations (FAO) and funded
by the Government of Finland (Shakacite et al., 2016.).

The NFI plots were distributed across all major vegetation types in Zambia and stratified
with forest variation (Shakacite et al., 2016.). The four agro-ecological zones present a variety
of vegetation types with each zone representing a different climatic condition that affects
vegetation type and growth. A total of 1034 NFI plots were used for the current research
covering all four agro-ecological zones (Fig. 1). 60% of these inventory plots covered Miombo
woodlands, 14% Karahali woodlands, 10% Hill woodlands and 7% Mopane woodlands.

Four plots measuring 0.1 ha (20 m by 50 m) formed a cluster. Fig. 2 shows a schematic
representation of the spatial arrangement of four plots within each cluster. The plots, and not
the clusters, within which trees with Diameter at Breast Height (dbh) above 10 cm were
recorded formed the basic sampling units of this research. Refer to Shakacite et al., (2016) for
details. Only those forest inventory plots captured in 2014, and shown in Figure 1, were
considered for this research to correspond as closely as possible to the availability of Sentinel-
1 SAR data. However, 951 plots were ultimately used during the regression analysis due to
non-availability of remote sensing data for certain time periods.
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Fig. 2. Configuration of data collection sites. (al) cluster design, (a2) plot design, (b) and (c)
two random clusters showing field observed NFI plots (disturbed and intact, respectively)
superimposed on Google Earth Imagery.

2.2.2 Remote sensing data

Sentinel-1 Ground Range Detected (GRD) scenes from ESA’s Sentinel 1 satellites (A and
B) in dual polarisation SAR C-band were downloaded from Google Earth Engine (GEE). We
processed the Sentinel-1 (S1) data by filtering based on study area, time period, instrument
mode (IW) and polarisation (VV, VH). Backscatter coefficients for the VH and VV
polarizations, together with texture information, were retrieved and employed as SAR predictor
variables (covariates) in the forest AGB regression analysis.

We used a similar approach for retrieving the optical spectral bands, texture information and
vegetation indices from the Landsat-8 Operational Land Imager (OLI). We used Landsat 8 (L8)
level 2, Collection 2 which contains atmospherically corrected surface reflectance images, with
the cloud cover threshold set as 1%, representing close to cloud free. The Landsat-8 images
were then resampled to 10 m pixel size to align with the Sentinel-1 data and to fit within the
inventory plots. Five spectral vegetation indices were selected based on similar studies,
including the normalised difference vegetation index (NDVI) (Gizachew et al., 2016),
normalised difference moisture index (NDMI) (Halperin et al., 2016a), normalised difference
water index (NDWI) (Jha et al., 2021), bare soil index (BSI) (Xie et al., 2022) and enhanced
vegetation index (EVI) (Lembani et al., 2020).

The Grey Level Co-occurrence Matrix (GLCM) texture method in GEE was utilised to
derive texture metrics with input grey-level images generated using eqs. 1 and 2 for S1 and L8,
respectively, with window sizes of 2 and 5 pixels (Tassi et al., 2021; Vizzari, 2022).
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We used Landsat-8 images from 2014, but Sentinel-1 images were limited in number and,
thus, ended up using the 2015 images due to the non-availability of Sentinel-1 images in 2014.
L8 Gray-level Image = (0.3 * NIR) + (0.59 * RED) + (0.11 * GREEN) (1)

S1 Gray-level Image=(VH-VV)/(VH+VV) (2)

To assess seasonal effects and determine an optimal time period for forest AGB estimation
using remote sensing SAR and optical data, we considered three distinct seasons: namely, the
wet and rainy season (occurring from mid-November to April, hereafter referred to as rainy
season), the cool and dry season (occurring from May to mid-August, hereafter referred to as
dry season) and the hot and dry season (occurring from mid-August to mid-November,
hereafter referred to as hot season) (Zambia - Climatology | Climate Change Knowledge Portal
(worldbank.org)). The annual average was also created as a comparison. We applied a mean-
based reduction filter for each time period.

2.3 Above ground biomass modelling

Fig. 3 presents an overview of the methodology. The steps taken from data collection to
producing the forest AGB maps can be summarised as (1) Sentinel-1 and Landsat-8 data
composition, (2) NFI data processing and (3) modelling and evaluation.

Landsat-8 data composition

Sentinel-1 data composition

s N s N
;[ Sentinel-1 Filtering- Timescale, |: :| Landsat-8 (L-8) Filtering- Timescale, |:
i (Ss-1)data "] RoOI, polarisation : data ROI, cloud cover :
I\ ¢ I\ ¢ J:
S-1 quotient Band Mean S-1 backscatter : | Spectral Indices Band Mean L-8 spectral
{| &GLCMs maths images (VV,VH) : : & GLCMs maths images
T ’ ~| S1 & L8 predictor ||=
T Nl dato . T T FTIPR sarssesissssesiss <
: : : Extracted Training RF model | :
PlotAGB |- : rediction |:
- : y : samples Validation \ P )i
Plot level AGB Accuracy Accuracy AGB Map :
| calculation i | assessmentstatistics assessment

NFI data processing Modelling and evaluation

Fig. 3. Overview of methodological approach for forest above ground biomass modelling
2.3.1 Plot AGB calculation

We estimated plot AGB using tree inventory data collected during the ILUA-II project. All
standing trees measured per plot in line with the ILUA II field protocol, described in Shakacite
et al. (2016), were considered. We used both a locally calibrated allometric model developed
by Chidumayo (eq. 3) and a generalised biomass estimation model for tropical forests
recommended by Chave et al. (eq. 4), to calculate individual tree AGB and establish AGB for
each plot by summation (Chidumayo, 2012.; Chidumayo, 2013; Chave et al., 2014). Plot AGBs
for the two models were highly correlated (r=0.96). We noted that AGB calculated using
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https://climateknowledgeportal.worldbank.org/country/zambia/climate-data-historical#:%7E:text=Zambia%20experiences%20a%20predominantly%20sub,May%20to%20mid%2DAugust).
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Chidumayo’s allometric model was more consistent compared to Chave’s model which might
be attributed to the non-availability of some tree species’ wood specific densities (p). The
ILUA II project also adopted the Chidumayo model and, therefore, the plot AGBs were derived
using Chidumayo’s allometric model to allow effective comparison (Chidumayo, 2013;
Shakacite et al., 2016.).
AGBi e = exp(2.342 = In(dbh) — 2.059) 3)
AGByree = 0.0673 X (pD?H)%976 4)
where dbh in eq. (3) and D in eq. (4) represent the diameter at breast height, p is the wood
specific density and H is the absolute tree height.

Both plot AGB and remote sensing variables were extracted based on the basic sampling
unit (0.1ha). Total plot AGB was converted to AGB per ha while the pixel average within the
basic sampling unit was extracted for remote sensing variables.

2.3.2 Correlation between forest AGB and remote sensing covariates

Pearson correlation coefficients between forest AGB and the remote sensing covariates were
calculated. We analysed these correlation coefficients for all four time periods and across the
four agro-ecological zones. The results were used to conduct a preliminary selection of optimal
remote sensing variables. Only those covariates with correlation coefficients equal to or above
0.2 (r>=0.2|) were considered for the subsequent regression analysis (Fagua et al., 2019).

2.3.3 Remote sensing variable importance

Variable importance can be useful in selecting optimal variables from a high dimensional
dataset (Li et al., 2020). Here, we made use of the variable importance feature in the random
forest regression algorithm. This analysis assisted in refining the final variable selection for
each model and provided future guidance for optimal remote sensing data acquisition (best
time period and variables to consider) for forest AGB estimation in the Miombo woodlands.

2.3.4 Random forest regression modelling

Random forest (RF) regression models were used for forest AGB prediction (Breiman,
2001). RF models work by creating hundreds of decision trees in an ensemble, for making
predictions. The relationship between forest AGB and remotely sensed variables is usually
nonlinear, and non-parametric machine learning algorithms are used widely to increase
accuracy above parametric models (e.g. linear regression), as they do not require a specific
distribution (Ghosh and Behera, 2018; David et al., 2022a). The non-parametric RF algorithm
was adopted to handle high-dimensional features and nonlinear relationships between forest
AGB and remote sensing data, given its wide application for forest AGB estimation (Forkuor
et al., 2020; Li et al., 2020; Chen et al., 2023). We varied the number of trees (maximum
iteration) until optimal results (at 2000 trees) were achieved based on the validation R?> and
RMSE. In contrast, the maximum tree depth was data-driven, and the default was used for the
number of randomly sampled variables.
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2.3.5 Experimental design

We designed a multi-level experiment using NFI data to compare several forest AGB
estimation models (Table 1):

(1) Using SAR data alone and using optical data alone, against models using combined
SAR and optical data

(2) Using various seasonal datasets for each of the three cases (SAR, optical, and
SAR-+optical)

(3) Assessing the effect of varying climatic and environmental conditions across four
agro-ecological zones on the accuracy of forest AGB estimation.

Table 1
Structure of the multi-level experiment to evaluate approaches for estimating forest AGB in
Zambia’s Miombo woodlands.

Sensor Time period Model Abbreviation Nul.nber of
variables
SAR Rainy S1 rainy Sl-r 20
Hot S1 hot S1-h 20
Rainy and Hot S1 rainy & hot Sl-r& h 40
Annual S1 annual Sl-y 20
Optical Dry L8 dry L8-d 28
Hot L8 hot L8-h 28
Dry and Hot L8 dry & hot L8d&h 56
Annual L8 annual L8-y 28
SAR and optical Hot S1L8 hot S1L8-hot 48
Multi-season S1L8 Multi-season S1L8-m 96
Annual S1L8 annual S1L8-y 48

Note, optical images were not available for the rainy season due to excessive cloud cover,
and Sentinel-1 SAR images were not available for the dry season in 2015. Both were excluded
from the subsequent analysis.

2.4 Accuracy assessment

We tested the prediction accuracy of each model using a validation dataset, comprising 15%
of the available data that were not employed during the model training. This single set-aside
validation dataset was maintained for effective comparability of the experiments. The multiple
correlation coefficient (R, eq. 5), mean absolute error (MAE, eq. 6), root mean square error
(RMSE, eq. 7), and the symmetric mean absolute percentage error (SMAPE) were used to
assess model performance (Malhi et al., 2021). We added SMAPE to the three frequently used
error statistics as it is a relative error and works well when comparing model prediction
accuracies (Forkuor et al., 2020; Chen et al., 2023).

— _ Z:?=1(OL'_Pi)2 L
R=0=wemm )
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MAE (Bias) = ~%%, | 0;— P, | (6)

RMSE = [n~ ¥, (P — 0,)%]z %

_lyn _10i=Pil
SMAPE = n Zi=1 (o;1+1P; 1)/2 (8)

where 7 is the number of sample plots, O is the field observed forest AGB, P is the predicted
forest AGB, and M is the mean forest AGB calculated from the field observed forest AGB.

3 Results

3.1 Ground observed forest AGB and tree density

Fig. 4 (a) and (b) show the distribution of forest AGB and tree density, respectively, across
the four agro-ecological zones. Agro-ecological zone III, wet Miombo, recorded the largest
mean forest AGB and the highest mean tree density. The agro-ecological zones covering dry
Miombo had lower mean forest AGBs and tree densities with minimal differences, compared
to wet Miombo. Dry Miombo Agro-ecological zones I, Ila and IIb recorded small forest AGB
standard deviations (SD), relative to agro-ecological zone III (Fig. 1 A).

(a) (b)
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Agro-ecological zone Agro-ecological zone

Fig. 4. Boxplots showing (a) plot AGB and (b) tree density across the four agro-ecological zones.

3.2 Correlation analysis between forest AGB and predictor variables

We computed the Pearson product-moment correlation coefficient between forest AGB and
the predictor variables, Figs. S1-S9. For the SAR data, both raw polarisations (VV, VH)
produced large correlation coefficients with forest AGB compared to the SAR texture bands.
VH backscatter was correlated with forest AGB higher than VV backscatter. For optical data,
the visible and shortwave infrared bands produced larger correlation coefficients compared to
the near infrared band across all seasons. All the vegetation indices considered in this research
produced correlations above the set threshold. Among the texture variables that produced larger
correlations with forest AGB, the difference variance (dvar) was the largest.

Overall, the largest correlations for SAR data were found between forest AGB and the
annual images, followed by the hot season, and least for the rainy season. We observed a larger
correlation between forest AGB and the dry season images, followed by the annual images and,
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lastly, the hot season images for optical data. These correlation results are similar to those
obtained by other studies (Fagua et al., 2019; Li et al., 2020; Chen et al., 2023).

3.3 SAR and optical predictor variable importance

Fig. 5 shows the predictor variable importance for the four models that used SAR data alone.
The raw polarisation bands were the best predictors for all models, with VH as the most
important variable except for the rainy season. There was no consistency with the texture
variables. The quotient, VV/VH appeared consistently among the best 10 predictor variables
for all four models.
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Fig. 5. Variable importance charts of forest AGB models that used SAR data alone.

Fig. 6 shows the predictor variable importance for the four models that used optical data
alone. Spectral bands were more important predictors of forest AGB compared to vegetation
indices and texture bands for the dry season. Vegetation indices were more important predictors
than the spectral bands for the hot season. When the dry and hot season images were combined,
the spectral bands from the dry season were more important predictors than the vegetation
indices from the hot season images.
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Fig. 6. Variable importance of forest AGB models that used optical data alone.

Fig. 7 shows the predictor variable importance for the three models that combined SAR and

optical data. The VH band was the most important predictor variable in all three models. The
model showed spectral bands from the dry season as more important forest AGB predictor
variables compared to vegetation indices.
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Fig. 7. Variable importance of forest AGB models that used SAR and optical data combined.

3.4 Forest AGB models of SAR, Optical and SAR-Optical data combined

Tables 2 and 3 show the regression modelling results obtained from all 55 models fitted in
this research based on validation data and Tables S10 and S11 are based on training data.

3.4.1 AGB models based on the entire study area

When we compared time periods, the most accurate prediction with SAR data was achieved
using the annual images, followed by the hot season, and lastly the rainy season images, while
for optical data the most accurate prediction was achieved using the dry season images,
followed by the hot season images, with the annual images being the least accurate.

Table 2
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Forest AGB model validation results for the 11 models based on entire study area (142 plots)

Model Abbreviation R MAE RMSE SMAPE
SAR-rainy Sl-r 030 19.24 23.65 0.65
SAR-hot S1-h 0.55 15.79 20.60 0.57
SAR-rainy and hot Sl-r&h 0.61 15.38 19.64 0.58
SAR-annual Sl-y 0.59 15.80 19.92 0.60
Optical-dry L8-d 0.55 1598 20.55 0.59
Optical-hot L8-h 0.54 16.12 20.81 0.61
Optical-dry and hot L8d&h 0.62 14.94 19.45 0.58
Optical-annual L8-y 0.51 16.55 21.31 0.61
SAR and Optical-hot S1L8-hot 0.65 14.41 18.80 0.56
SAR and Optical-multi-season S1L8-m 0.69 14.01 18.23 0.55
SAR and Optical-annual S1L8-y 0.61 15.45 19.65 0.59

Combining the seasonal images predicted forest AGB more accurately compared to using
single season and annual images for both SAR and optical data. In this case, using optical data
was more accurate than using SAR images with an R of 0.62 compared to 0.61 and RMSE of
19.45 Mg ha! compared to 19.65 Mg ha™! respectively.

Combining SAR and optical data increased the prediction accuracy compared to using the
individual datasets. Multi-seasonal SAR and optical images produced the smallest RMSE of
18.23 Mg ha! and largest correlation (R = 0.69). Fig. 8 shows scatterplots of the observed
against predicted forest AGB based on the NFI validation data.

In terms of SMAPE, the prediction accuracies were ordered as follows: SAR and optical
multi-seasonal at 0.55, SAR and optical hot season at 0.56, SAR hot season at 0.57, SAR rainy
and hot seasons at 0.58, optical dry and hot seasons at 0.58, SAR and optical annual at 0.59,
optical dry season at 0.59, SAR annual at 0.60, optical hot season at 0.61, optical annual at 0.61
and SAR rainy season at 0.65.
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Fig 8. Scatterplots of observed against predicted forest AGB in Mg ha™! for the 11 models based
on the entire study area using the 15% NFI validation dataset: (a) SAR rainy season model, (b)
SAR hot season model, (¢c) SAR rainy and hot, (d) SAR annual, (e) optical dry season, (f)
optical hot season, (g) optical dry and hot, (h) optical annual, (i) SAR and optical hot season,
(j) SAR and optical multi-season and (k) SAR and optical annual.

3.4.2 Forest AGB models based on individual agro-ecological zones

We observed an increased forest AGB prediction accuracy when we considered agro-
ecological zones as the individual study units, especially for agro-ecological zones I and III
(Table 3).

For agro-ecological zone I, large correlations between observed and predicted forest AGBs
were observed in most models, with the one that combined SAR and optical annual images
producing a very large correlation. Annual images for both SAR and optical images were more
useful than seasonal images in this zone. Overall, optical data produced higher accuracy than
SAR data in this agro-ecological zone.

For agro-ecological zone Ila, the largest correlation was observed for the model that
combined SAR and optical annual images. In this zone, optical data produced greater accuracy
than the SAR data.

For agro-ecological zone IIb, we observed a moderate correlation across all 11 models. The
largest correlation was recorded for the model that combined the rainy and hot season SAR
images. In this zone, the SAR data produced a greater accuracy than the optical data.

For agro-ecological zone III, a generally larger correlation in all 11 models was observed
compared to the other zones. SAR and optical competed favourably in predicting forest AGB.
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Table 3
Forest AGB model validation results for 11 models replicated across the four agro-ecological

zones. Agro-eco I (26 plots), Agro-eco Ila (47 plots), Agro-eco IIb (31 plots) and Agro-eco
I1I (37 plots). RMSE (Mg ha™"-

Model Agro-eco | Agro-eco Ila Agro-eco IIb Agro-eco III
R RMSE R RMSE R RMSE R RMSE

S1-rainy 032 30.83 0 22.84 0.46  30.05 0.14  30.85
S1-hot 041  29.69 032 19.80 0.44 32.11 0.81 18.06
S1-rainy and hot 0.55 28.18 032 1941 0.53  31.00 0.78 19.30
S1-annual 0.61 26.58 041 18.67 045 31.81 0.64 22.67
L8-dry 0.61 26.88 0.28 19.61 0.48 31.17 0.62 23.15
L8-hot 0.27 31.18 033 19.01 039 32.72 0.60 23.90
L8 dry and hot 0.63 27.15 042 18.17 042 32.15 0.67 2241
L8-annual 0.71  25.66 0.42 18.50 0.42 32.16 0.71 2147
S1L8-hot 039 29.85 0.4 18.63 045 31.74 0.77 19.71
S1L8-multi-season 0.73 2631 043 18.17 0.49 31.21 0.78 19.33
S1L8-annual 0.75 24.61 0.44 18.37 0.44 31.83 0.79 1893

Fig. 9 shows a visual comparison of forest AGB estimation with optical data alone, SAR
data alone and their synergy and with ESA biomass climate change initiative. The optimal
models for SAR (S1 rainy & hot), optical (L8 dry & hot) and their synergy (S1L8 multi-season)
were used to produce these forest AGB maps. The map produced from SAR and optical multi-
seasonal images appears to be in accordance with the shortwave infrared image, with larger
forest AGB values shown in dark green. The map produced from the optical images appears to
identify the areas with small forest AGB values, but misses areas with larger forest AGB values,
while the opposite is true for the map produced from SAR images. The global biomass map by
ESA appears to underestimate lower values of AGB while at the same time overestimating
higher values of AGB compared to this research.
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Fig. 9. Forest AGB maps produced from optimal models comparing (a) SAR alone, (b) Optical alone,
(c) SAR and optical combined, (d) ESA Biomass Climate Change Initiative AGB for 2015 (e)
Shortwave Infrared 753 L8 image for the Machinje Hills national forest reserve in Mambwe District.

3.5 Spatial distribution of modelled forest AGB across four agro-ecological zones

Fig. 10 shows the spatial distribution of modelled forest AGB across four agro-ecological
zones in Zambia using the S1-L8 multi-seasonal model, developed based on the entire study
area. The model was trained using all 951 NFI plots. The model diagnostic errors are presented
in Table S12. We sampled one district to represent each agro-ecological zone.

The model-predicted District wall-to-wall forest AGB maps are consistent with the NFI data.
Model predicted mean AGB was 38.08 Mg ha'! against the NFI plot AGB of 41.98 Mg ha™! for
Kawambwa, 22.18 Mg ha™! against 25.42 Mg ha'! for Mongu, 36.18 Mg ha! against 29.70 Mg
ha! for Mambwe and 31.95 Mg ha! against 24.76 Mg ha'! for Kazungula (Table S13).
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Fig. 10. Modelled forest AGB wall-to-wall maps of four Districts representing the four agro-
ecological zones in Zambia. (a) Kazungula District — agro-ecological zone I, (b) Mambwe District —
agro-ecological zone Ila, (c) Mongu District — agro-ecological zone IIb and (d) Kawambwa — agro-
ecological zone III.

4 Discussion
4.1 Effectiveness of SAR images for forest AGB estimation

SAR backscattering is affected by features that constitute the plant macro-structure such as
leaves, branches, and trunks (Jones and Vaughan, 2010). SAR backscatter is also dependant on
the size, shape, orientation, and water content of green leaves (Jones and Vaughan, 2010;
Ghosh and Behera, 2018). A positive correlation between forest AGB and SAR was reported
in previous studies (Kuplich et al., 2005; McNicol et al., 2018b; David et al., 2022a).

In the current research, we assessed the effectiveness of SAR data when used alone and
when combined with optical data for forest AGB estimation in a tropical dry forest dominated
by Miombo woodlands. HV polarisation from Sentinel-1 C band was found to be the most
accurate predictor variable for forest AGB as observed in all the models that used it. Other
similar studies found forest AGB of Miombo woodlands to correlate well with HV backscatter
(Mitchard et al., 2009; Mitchard et al., 2013a; Gou et al., 2019), across four different African
landscapes (Navarro et al., 2019). To the contrary, David et al. (2022) found forest AGB to be
more correlated with VV polarisation for a similar dry forest but using an image from the rainy
season. They justified the minimum influence of rainfall and soil moisture on the backscatter
because their image was acquired during a period when there was drought. Our results from
correlation analysis, as well as variable importance analysis, for SAR-rainy season concur with
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David et al. (2022) where VV and VH produced similar correlations with forest AGB, and
where VV was a slightly more accurate predictor compared to VH. Because our study was
spatially extensive, with many sample plots across different ecological zones, and it also
considered seasonal images, we confirm that the VH polarisation of Sentinel-1 is generally a
more accurate predictor of forest AGB than the V'V polarisation for the dry forests of Southern
Africa such as the Miombo woodlands. Our findings can be attributed to the fact that cross-
polarised SAR (VH) is associated with measuring volume scattering (biomass) while co-
polarised SAR (VV) is associated with surface scattering (Flores-Anderson et al., 2019).

Overall, our model results show that Sentinel-1 SAR data compare favourably with Landsat-
8 optical data in predicting forest AGB for Zambia’s Miombo woodlands when single time
periods are considered. Similar studies have reported SAR to be a more accurate predictor
compared to optical data (Lu Zhang, 2019; David et al., 2022a) contrary to other similar studies
(Li et al., 2020; Zimbres et al., 2021; Qadeer et al., 2024). The higher accuracy of SAR
compared to optical data can be attributed to the closed, but not-so-dense canopy of the
Miombo woodlands, thereby, making SAR interactions with tree leaves, branches and trunks
informative. The C-band from Sentinel-1 SAR, although having a shorter wavelength
compared with the L and P bands, is suitable for less dense forests such as the Miombo
woodlands. David et al. (2022) reported a similar result for the tropical dry forests of Botswana,
a neighbouring country to Zambia. However, combined seasonal images for Landsat-8 (dry
and hot season images) were more accurate predictors of forest AGB compared to combined
seasonal images for Sentinel-1 (rainy and hot season images). Combining SAR and optical data
produced the highest accuracy, similar to other studies that combined SAR and optical images
for forest AGB estimation (Cutler et al., 2012; Forkuor et al., 2020; David et al., 2022a).

4.2 Seasonal effects of remote sensing data on forest AGB estimation

The model results show that annual SAR images predicted forest AGB more accurately than
the hot season and rainy season images, but combining the rainy and hot season images
surpassed the accuracy achieved using annual images. The rainy season images were the least
accurate. Other studies reported similar results with SAR data performing poorly, and with less
accurate forest AGB estimation for the rainy season when water content is high in the soil and
leaves (Forkuor et al., 2020; Chen et al., 2023). We anticipated that a larger correlation would
exist between forest AGB and SAR during the rainy season because vegetation is at its peak
production during this season. However, our results suggest that the higher soil water content
and greater vegetation cover that characterise the rainy season leads to increased vegetation
water content and this, coupled with the relatively short wavelength SAR C-band used, leads
to reduced sensitivity of SAR to forest AGB as backscatter from the canopy is enhanced. Also,
the dielectric constant is higher in the rainy season (increased canopy backscattering) due to
increased water content in soils and vegetation. Therefore, vegetation amount, which changes
with the seasons, has a large effect on SAR backscattering and, thus, the predictive ability of
the SAR images. For example, a larger correlation was recorded when using the hot season
images, as this season is characterised by dry and open crowns with leaves just beginning to
appear, thereby, exposing branches and trunks (Laurin et al., 2018). This might explain why
combining Sentinel-1 SAR data from different seasons predicted more accurately. It would be
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interesting to note how Sentinel-1 SAR data perform in the dry season, when Sentinel-1 SAR
dry season images are available.

For the optical data, the dry season images produced the largest correlations between the
observed and predicted forest AGB, followed by the hot season images, and lastly the annual
images. These results conform with other studies that reported large correlations when dry
season images were used (Halperin et al., 2016a; Macave et al., 2022; Chen et al., 2023). The
dry season occurs immediately after the rainy season when the trees shed their leaves, and leaf
litter and grass senesce. The greater accuracy attained when using dry season images could be
attributed to exposure of branches and trunks which store carbon and, therefore, reflectance
coming directly from branches and trunks with little effect of leaves. Additionally, the dry
season is mostly clear with minimal cloud cover and aerosol effects that affect the image quality
as compared to the hot season (and annual images).

Combining images of different seasons, whether single sensor or combined, produced
greater forest AGB estimation accuracies compared to the annual images, similar to the
findings from previous studies (Rodriguez-Galiano et al., 2012; Laurin et al., 2018; Chen et al.,
2023). This can be attributed to the richness of vegetation phenology information that is
captured in seasonal images as reported in similar studies (Castillo et al., 2017; Chen et al.,
2023).

4.3 Performance of forest AGB models across the four agro-ecological zones

The accuracy of the 11 models across the four agro-ecological zones varied. This is as
expected due to the distinctive climatic conditions, topography, soil and terrain, which affect
the predominant vegetation types as well as tree growth patterns.

For agro-ecological zone I, correlations (R) between the observed and predicted forest AGB
of above 0.70 were recorded for models that used annual optical images, combined annual
optical and SAR images, and combined seasonal optical and SAR images. The greater
performance of optical data over SAR data in this agro-ecological zone can be attributed to the
lower tree density that characterise this zone. SAR data have been reported to be inaccurate on
heavily disturbed/sparse forests (Nicolau et al., 2021). This zone is dominated by Mopane
woodlands and dry Miombo woodlands. Colophospermum mopane, the dominant tree in this
Mopane woodland, is an adapted tree species capable of withstanding drought, low nutrients
and disturbances (Makhado et al., 2014). However, despite the low tree density, the sampled
plots from the Mopane woodlands had a large mean forest AGB (Mg ha™!), indicating the
presence of some sparsely distributed, but very large trees. The drought resistant adaptability
coupled with lower tree density, and propensity for mixed pixels, might explain why forest
AGB had a small correlation with both the SAR and optical data in this zone. Halperin et al.
(2016) also noted an irregular pattern where a large range of observed forest AGB
corresponded to smaller observed values of vertical canopy cover for the Mopane woodlands
(Halperin et al., 2016a).

Agro-ecological zone Ila is dominated by Miombo woodlands and Hill (Miombo)
woodlands. The relatively low accuracy of our predictor variables in this zone might be because
of the terrain, as this zone includes mountains and valleys. For example, Li et al. (2020)
reported low accuracies using SAR data due to the terrain. The other reason for small
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correlations between observed forest AGB and SAR/optical data in agro-ecological zone Ila is
that forest patches lead to mixed pixels, as this zone is reported to experience substantial
encroachment by agricultural expansion and charcoal burning (Kanja et al., 2019b; Phiri et al.,
2023).

Agro-ecological zone IIb, dominated by Kalahari (47%) and Miombo (37%) woodlands,
showed moderate correlations, evident when observed forest AGB was plotted against
predicted forest AGB. This zone has a stable terrain with elevation ranging from 1000 m to
1200 m above sea level.

Agro-ecological zone III, which is dominated by wet Miombo woodlands (87% of the
sample plots), showed very large correlations between observed and predicted forest AGB. A
similar observation was made by Halperin et al. (2016) who reported a more regular pattern for
the Miombo woodlands compared to other vegetation types when they plotted forest AGB
against canopy cover. Both SAR and optical predictors correlated well with forest AGB in this
zone. The high predictive accuracy of SAR can be attributed to the structure of the vegetation
canopy for Miombo woodlands, with fewer canopy overlaps, thereby allowing the C-band SAR
to penetrate and interact optimally with the vegetation canopy, producing a high local variance
in the observed forest AGB. Pham et al. (2019) also reported the usefulness of Sentinel-1A
images for biomass estimation and mapping in tropical forest types.

4.4 Future research

Future research should consider stratifying the forest into distinct classes, to increase the
estimation accuracy of forest AGB for the Miombo woodlands using remote sensing data from
space combined with NFI data. Previous studies that utilised SAR, optical and combinations
of both types of imagery to map the Miombo woodlands (McNicol et al., 2018b; Macave et al.,
2022; David et al., 2022a) used single date remote sensing data. The current study explored the
seasonal variation of SAR/optical imagery to increase the accuracy of AGB estimation. The
datasets available for the analysis were limited in some seasons (e.g., optical for the rainy
season and SAR for the dry season). We recommend exploring the use of finer temporal
resolution optical data such as from Sentinel-2 and using commercial SAR data where available.
Global LiDAR datasets such as global ecosystem dynamic investigation (GEDI) should be
explored while paying attention to their local calibration (Liang et al., 2023; Li et al., 2024).
The spectral unmixing of mixed pixels, especially when working with medium spatial
resolution images such as Landsat images, and in areas where tree density is low, such as in
agro-ecological zone I, may help increase the estimation accuracy of forest AGB from space.
Inclusion of auxiliary variables such as elevation, proximity to developed infrastructure (such
as roads) and protection status might also help to increase prediction model accuracies, as
reported in other similar studies (Halperin et al., 2016a; Liu et al., 2024).

5 Conclusion
This research used extensive NFI data in Zambia to evaluate the potential of SAR and optical

data for estimating the forest AGB of Miombo woodlands. We compared the effectiveness of
SAR and optical data when used independently and when combined. We also assessed the
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efficacy of SAR and optical images in different seasons. A multi-level experiment involving
11 models was developed to address the objectives of this research. The 11 models were
replicated across four agro-ecological zones found in Zambia, resulting in 44 models, to
evaluate the impact of climatic and environmental variation on the results.

The models that used combined seasonal images produced greater accuracy compared to
single season images and annual images. For SAR data, the annual images produced greater
accuracy than the hot season and rainy season images. For optical data, the dry season images
led to greater accuracy than the hot season and annual images. The SAR VH band was the most
accurate predictor variable for all the models that used SAR data alone or combined with
optical data. Spectral bands were more accurate predictors of forest AGB using the dry season
images, while vegetation indices were more accurate predictors of forest AGB using the hot
season images.

We conclude that considering seasonal effects is important when using SAR and optical
images for forest AGB estimation in the Miombo woodlands. Combining SAR bands from the
hot season, optical bands from the dry season and vegetation indices from the hot season
produced the most accurate forest AGB estimation model for the present study in Zambia.
However, the 11 models representing different data combinations performed differently across
the four agro-ecological zones. This implies that both SAR and optical images interact
differently with the different vegetation cover types in Zambia. We recommend that the
ongoing REDD+ carbon projects in Zambia and other countries in southern Africa adopt the
findings of this research where seasonal effects are considered when selecting satellite sensor
imagery (in particular, using SAR and optical data from different seasons) for mapping the
forest AGB of the Miombo woodlands.
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