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PREFACE 

Introduction 

Tropical dry forests cover large areas across the Americas, Asia, Australia and Africa 

and play important roles for global biogeochemical cycles and provision of natural 

resources in many countries (Murphy and Lugo 1986, Campbell 1996, Lambin et al 2003).  

They differ from humid tropical forests by having mean annual precipitation of less than 

2000 mm, two to six-month dry seasons with little rainfall (<25 mm), lower mature forest 

biomass (<250 Mg ha-1) and higher prevalence of deciduous trees (Murphy and Lugo 1986, 

Eamus and Prior 2001, Aber and Mellilo 1991).  Seasonal and inter-annual water 

availability and fire dynamics exert strong influence on biogeochemical cycling, forest 

productivity and landscape phenology (Eamus & Prior, 2001).  Forest structure and land 

cover are patchy mixtures of closed and open-canopy stands with variable tree (<30-100%) 

and grass cover, driven by variations in edaphic factors and past disturbance history 

(Eamus, 1999).  Worldwide, they have long histories of land use and a low proportion of 

their global area under conservation management, compared to humid tropical forests and 

other biomes (Murphy and Lugo 1986, Bodart et al 2013).  Studies across continents have 

found tropical dry forests re-growing after disturbance have the capacity to accrue biomass 

of mature systems within decades (Brown and Lugo 1990, Waring et al 2015, Williams et al 
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2008, McNicol et al 2015), indicating their viability as targets for restoration, and raising 

questions about how plant-soil biogeochemical processes work to support observed 

recoveries from disturbance. 

Across global tropical dry forests, high net rates of forest loss (>2100 km2 yr) 

indicate a need for improved conservation management (Hansen et al 2013).  This need is 

acute in sub-Saharan Africa, which has the world’s largest and most highly populated 

tropical dry forests (Murphy and Lugo 1986, Bodart et al 2013, Campbell 1996), and where 

land use and climate variability interactively exert extreme pressures on forest resources.  

Within the African dry tropics (3 million km2, an area the size of Australia), the largest 

tropical dry forests are located in the Miombo Woodlands (Olson and Dinerstein 2002). The 

Miombo covers 2.5 million km2 across ten countries, notably the Democratic Republic of 

Congo, Zambia, Zimbabwe, Malawi, Tanzania and Mozambique (Campbell 1996).   Their 

landscapes are mosaics of mature forest, shifting cultivation and regrowing forests.  As of 

2015, over 150 million people in largely rural, poor communities depended directly on 

Miombo forests for resources such as wood-based fuels, timber, and ecosystem services 

supporting availability of food and clean water (United Nations, Department of Economic 

and Social Affairs 2015, Campbell 1996, Bodart et al 2013, Rudel et al 2013).  By 2050, 190 

million more people are projected to live in the Miombo – a change equivalent to adding the 

entire current population of Europe to this region (United Nations, Department of Economic 

and Social Affairs 2015).  While activities of small land-holding households dominate land-

use pressures and drivers of forest change, urban energy demands and demand for large-

land acquisitions also contribute (Lambin and Meyfroidt 2011, Lyon and Dewitt 2012, 

Searchinger et al 2015, Hosonuma et al 2012, DeFries et al 2010).  In increasingly common 

years of erratic rainfall, crop failure can result in increased incentive to harvest trees to sell 
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as firewood, charcoal and timber as part of household incomes (Frost 1996, Lyon and 

Dewitt 2012, Chidumayo and Gumbo 2013).  Feedbacks among population growth, demand 

for food and forest resources and climate variability amplify threats to Miombo forests.   

Forest conservation needs in the Miombo create opportunities for ecosystem 

science to address key questions about biogeochemistry and land cover variability that 

inform land management and monitoring in African tropical dry forests.  For nutrient 

cycling, it is unclear how the availability of nitrogen (N), phosphorus (P) and other elements 

important for tree growth change during regrowth following disturbance and widespread 

agricultural land use.  Established nutrient cycling paradigms predict that phosphorus (P) 

ultimately limits productivity in tropical forests on highly weathered soils(Chadwick et al 

1999, Davidson et al 2007).   It is unclear if Miombo forest nutrient cycling behaves like 

other more-studied humid and dry Neotropical forests, or mixed tree-grass savanna 

systems(Davidson et al 2007, Bustamante et al 2004).  Identifying patterns in nutrient 

cycling across regrowth and mature forest sites can expose mechanisms limiting or 

powering forest growth that might inform land-use strategies to encourage productivity or 

counteract negative impacts of variable rainfall.   

The motivation to study land cover relationships to forest structure is that current 

widely-available optical satellite remote sensing products, using data such as Landsat and 

MODIS, fail to characterize Miombo forest cover change, or structural variables accurately 

at the spatial scales of forest cover variability and smallholder-managed land use (0.5-5 ha) 

(Tyukavina et al 2015, Palm et al 2010).  Existing remote sensing methods do not account 

well for the complexity of Miombo forest structure and landscape phenology, which leads to 

patterns of land cover materials (green vegetation, non-photosynthetic vegetation and 

others) that confound many forest structure-satellite data relationships based on green 
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vegetation measures.  The orientation of much forest biomass mapping has been targeted 

for identifying high-biomass regions (100 Mg ha-1or more) for REDD+ associated carbon 

credits (Baccini et al 2012).   In contrast, much of the Miombo Woodland forest areas have 

biomass below 50 Mg ha-1.  The threshold of 50 Mg ha-1 biomass (roughly 25 Mg ha-1 carbon 

stocks) is important because it represents an average forest structure boundary between 

30-40 year regrowth forests and mature forests found across the Miombo Woodland 

ecoregion (Williams et al 2008, Kalaba et al 2013, Chidumayo 2013, McNicol et al 2015).  

Attention to land cover-forest structure relationships in low-biomass regions is important 

for developing satellite monitoring methods to aid conservation management and 

restoration programs such as WRI’s Afr100 initiative (WRI 2016), which focus on 

reforestation, afforestation and agroforestry in many low-biomass areas.  Detailed 

comparisons between field data on land cover, forest structure, and satellite data has not 

been carried out for Miombo ecosystems.  Development of better field-satellite forest data 

relationships, within and across different Miombo forest types, is a necessary step for 

improving the use remotely sensed data to monitor forest conditions and change at 

landscape scales in the Miombo and other tropical dry forests.   

 

Research goals and questions 

 The overall goals of work in this thesis have been to assess forest nutrient cycling 

patterns during regrowth, and quantify land cover-tree structure relationships to improve 

optical remote sensing of forest conditions in the Miombo Woodlands.   This thesis 

addresses three main research questions: 
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1.  Across mature and regrowth Miombo forests, what are the patterns in availability of 

nitrogen, a key nutrient for forest growth, and evidence that it may constrain forest growth? 

2.  What land cover features, including tree canopy and ground cover materials, show the 

strongest relationships to tree basal area and biomass between field and satellite data 

across regrowth and mature Miombo forest sites comprising a low-to-high biomass 

gradient? 

3.  Between two distinct Miombo geographic regions, what relationships are consistent 

between satellite-derived land cover metrics and field data on tree structure that can 

improve estimation of tree biomass at landscapes scales over existing estimates, 

particularly for regions with low tree biomass (<50 Mg ha-1)?            

Following this introduction, Chapters 1-3 are manuscripts reporting findings from 

three projects that addressed the questions above.  Chapters 1 and 2 focus on a case study 

Miombo landscape in central Tanzania.  Chapter 3 combines data and analyses for the 

western Tanzanian landscape and a contrasting Miombo landscape in southern 

Mozambique, including Gorongosa National Park.  A synthesis concludes the thesis, which 

reviews key findings about biogeochemistry and forest land cover patterns in Miombo 

forests, unresolved questions, applications for conservation management, and priorities for 

future research.  

A central motivation of this thesis has also been to address questions relevant for a 

concurrently active socioeconomic development project, The Millennium Villages Project 

(MVP).  The MVP aimed to help rural communities achieve agricultural development, forest 

management, and other environmental, education and health-oriented Millennium 

Development (2000-2015) and Sustainable Development goals (2015+).  Research projects 
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were developed considering the ecosystem science information needs of scientists and staff 

in an MVP project area in western Tanzania, such as timescales of soil nutrient restoration 

during forest regrowth on fallow lands and map data on forest cover.  
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Table P1   Population of Miombo ecoregion nations in comparison to other major global 

population centers.  The table below from the 2015 UN World Population prospects shows 

2015 and project populations for 2050.  Population growth remains a major factor affecting 

land use pressures and development in sub-Saharan Africa. 

 

Miombo-ecoregion nations 

2015 

(x10
6
) 

2050 

(x10
6
) Factor of increase 

        Tanzania 53.4  137.1 2.6 

         Mozambique 27.9  65.5 2.3 

         Angola 25.0  65.5 2.6 

         Malawi 17.2  43.2 2.5 

         Zambia 16.2  43.0 2.7 

         Zimbabwe 15.6  29.6 1.9 

         SUM 155.5   383.9 2.5 

    United States  321.7   388.9 1.2 

Brazil  207.8   238.3 1.1 

China   1,376.0   1,348.1 0.98 

India   1 311.1   1,705.3 1.3 

W. Europe 190.8   195.5 1.0 

 

United Nations, Department of Economic and Social Affairs, Population Division (2015). 

World Population Prospects: The 2015 Revision 
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Figure P1 Location of the Miombo Woodlands (green) (2.5 million km2) amidst seasonally 

dry tropical ecosystems globally (grey). 

 

 

 

 

Data sources: 

Dry tropical ecosystems GIS data: UMD global forest monitoring - 

http://www.glad.umd.edu/projects/gfm/drytropics/data.html 

Miombo layer: Nature Conservancy ecoregions map - http://maps.tnc.org/gis_data.html 
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Figure P2 Drivers of forest loss and degradation across the global tropics.  Though 

representing diverse landscapes, peoples and nations, African land use pressures differ 

broadly from other regions.  Primary differences include the degree to which subsistence 

agriculture drives forest loss, and decentralized, small-scale forest resource use drives 

forest degradation (e.g. charcoal and wood fuel production).   

Figure from Hosonua et al. 2012, Environmental Research Letters.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(A) Drivers of forest loss 

(C)  Drivers of forest degradation 
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Figure P3  Photos of a Miombo landscape: Mbola, Uyui District, Tabora Region, Tanzania in 

wet and dry seasons, 2012.  Tabora typifies developing Miombo landscapes as a patchy 

mosaic of shifting cultivation and woodlands under various status of maturity, regrowth age 

and recovery from disturbance.  Agricultural practices at this time largely still depended on 

hand-hoes and limited use of livestock.  Development pressures are building for larger-scale 

agricultural development, but given uncertainties in socioeconomic and political conditions, 

the future of these landscapes is still largely in question. 

   

  Wet season – January 2012.  View at Mbola, Uyui District, Tabora, Tanzania. 

  Images shows a typical village agricultural scene (located in Region of  

  Interest 4 in Chapter 2) with mixed maize-tobacco rotations.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Wet season – January 2012 

Dry season – August 2012 
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Aboveground biomass estimates for three tree cover types, modeled 
with senesced and green vegetation Landsat 8-based land cover 
indicators, at nationally managed forest reserve and village-managed 
Miombo landscapes in Tabora, Tanzania. 
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Figure S2.1 Photos of representative field sites across the forest regrowth 
chronosequence from which tree inventory, land and ground cover 
data were collected in 2014-15. 
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Figure S2.2 Spectral endmembers used for linear spectral mixture analysis of 
Landsat data and the governing equation for linear SMA analysis with 
a unit sum constraint.   
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Figure 3.1 
 

Locations of study regions at Tabora, Tanzania and Sofala, 
Mozambique in the Miombo Woodlands. 
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Figure 3.2 
 
 

Land cover and terrain at Tabora, Tanzania and Sofala, Mozambique 
study regions. 
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Figure 3.3 Distributions of ground-measured basal area and biomass values 
across Miombo Woodland sites in Tanzania and Mozambique. 
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Figure 3.4 
 
 

Distributions of Landsat satellite metrics across Miombo Woodland 
sites in Tanzania and Mozambique. 
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Figure 3.5 
 
 

Existing 500 m pan-tropical biomass estimates (Baccini et al. 2012) 
compared to field-estimated aboveground tree biomass estimates at 
Tabora, Tanzania and Sofala, Mozambique Miombo Woodlands. 
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Figure 3.6 
 
 

Landsat greenness (NDVI) and brightness (reflectance band sum) –
based estimates of forest biomass compared to field data at Tabora, 
Tanzania. 
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Figure 3.7 Landsat land cover metric-based estimates of forest biomass 
compared to field data at Sofala, Mozambique. 
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Figure 3.8 
 

Comparison of aboveground biomass estimates at Tabora, Tanzania 
and Sofala, Mozambique from Baccini et al. 2012 500 m pan-tropical 
biomass maps, and 30 m Landsat-based regional maps. 
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 Tropical dry forests in eastern and southern Africa, which cover more than 2.5 

M km2 across several nations with the world’s fastest-growing populations, are under 

heavy development pressures to meet the resource demands of more than 150 M 

people1–3.  While conservation of mature and regrowth forests could help sustain 

biodiversity, wood and energy resources across the region, we lack science-based 

understanding of key ecosystem processes including nutrient cycling to guide forest 

landscape management and restoration4–6.  Here we report on changes in the cycling 

of nitrogen (N), a plant-limiting nutrient, across a regrowth chronosequence 

spanning more than 100 years in the Tanzanian Miombo woodlands.  Contrasting N 

cycle patterns of Neotropical forests5–7, we find evidence that conditions of low 

ecosystem N-availability for trees persists across young to mature forest sites.  

Ammonium, not nitrate, is the dominant form of inorganic N available to trees with 

most of the ammonium becoming available to plants through soil organic matter 

decay during the wet season.  While total N pools in the soil had no significant trends 

with forest regrowth along the chronosequence, total aboveground tree N pools 

increased at a relatively slow but constant rage (6 to 7 kg N ha-1 yr-1).  We found 

evidence that N fixation operates during regrowth and likely contributes, together 

with low levels of atmospheric N inputs, to the recovery of tree N pools.  Our findings 

suggest that management to protect N-fixing trees and minimize ecosystem N losses 

by limiting fire, tree biomass removal and deadwood harvest, will be important for 

aiding the recovery of N during regrowth of African tropical dry forests amid changes 

in climate, such as shortening rainy seasons.   

The Miombo Woodlands contain the largest tropical dry forest (TDF) regions in 

southern Africa (>2.5M km2) and provide food, water, energy and income to > 150 M 
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people1,2  (Fig. S1.1).  Up to 340 M people will live in the region and depend upon its natural 

resources by 2050, an increase of 190 M people which is larger than the present total 

population of western Europe8.  Miombo TDFs are mosaics of mature forest, shifting 

cultivation and regrowing forests that have historically experienced high rates of 

disturbance from fire and long-term human use1.  Growing demands for agricultural land 

and resources such as timber and wood-derived fuels have driven increased forest 

disturbance, globally high clearing rates since 2000 and threaten trees valuable for use and 

ecological function2,9,10.  Increasing disturbance and climate changes such as shorter rainy 

seasons 11 will likely reduce forest extent, productivity, services and capacity for regrowth. 

Patterns of nutrient cycling during forest regrowth and recovery from disturbance 

that could guide Miombo conservation and management are not well understood.  Forest 

landscape restoration programs that include management for natural regeneration 

alongside agricultural development are expanding across southern and eastern Africa and 

have potential to maintain these forests and their services12,13.  Improved knowledge of 

ecosystem processes, such as the recovery and maintenance of nutrient cycling during 

forest growth, can inform decisions regarding management strategies to conserve Miombo 

forest areas.   

Established paradigms predict that phosphorus (P) ultimately limits productivity in 

tropical forests on highly weathered soils 6,14.  More recent experiments and regrowth 

sequences in Neotropical humid and dry forests indicate that the supply of plant-available 

soil mineral N (ammonium - NH4+ and nitrate – NO3-)  in soil limits forest regrowth in initial 

decades, but that this limitation diminishes as forests mature 5,6,15,16.   Because Miombo 

TDFs are open woodlands with mixed tree-grass cover and frequent fire, it is unclear if they 

exhibit low-N conditions as found in tropical savannas such as the Brazilian cerrado, or 
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more rapid recovery of N availability with regrowth as seen in other tropical forests6,16,17.  

Decades of research that indicate N availability varies between wet and dry seasons in dry 

tropical environments18, and limits agricultural productivity in southern Africa19 also 

suggest that N availability could limit rates of Miombo forest regrowth. 

There are reasons to suspect that Miombo Woodlands have low N supplies relative 

to tree N demand, and that land use and climate change pressures may negatively affect N 

availability for forest growth.  A substantial fraction (about 40%) of Miombo woodlands 

grow on sandy to sandy loam soils that are low in organic matter, and experience strong 

water and nutrient limitation20–23.  Sandy to sandy loam soil textures limit buildup of soil 

organic matter that stores soil N23,24.   Erratic rainfall distribution and seasonally dry 

conditions make extended periods of low soil moisture common and and limit 

decomposition and release of organic matter through the mineralization process23–25.  Fire 

can further retard soil N buildup and exacerbate N loss through volatilization1,26.  It is 

unclear what processes contribute significant N inputs to ecosystems as forest regrow, such 

as N fixation or atmospheric deposition. 

 Here we report on changes in the cycling of nitrogen (N) across a regrowth 

chronosequence spanning more than 100 years in the Tanzanian Miombo Woodlands.  We 

evaluated indicators of ecosystem N availability from regrowth to mature forests, and 

between wet and dry seasons, across a 12-site forest chronosequence in Miombo 

woodlands of Tabora region, Tanzania (Fig. S1.1).  Tabora has a mean annual temperature 

of 23.9OC, and mean annual precipitation of 770 mm that falls Nov-May with a six-month 

dry season.  Central Tabora has a population of 2.3M (2012) that is growing rapidly.  It 

experienced net 15% forest area loss between 1995-2011, and forest areas that had 

regrown since 1995 comprised 16% of forest cover by 2011.27.   
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We identified forest chronosequence sites with a combination of remote sensing 27,  

field visits and interviews with local people about land use and fire.  All sites had > 3 yr 

since fire, comparable (~20-yr) history of maize cultivation prior to regrowth, flat 

topography (slope <2%) and sandy soils (>70% sand).   We studied indicators of ecosystem 

N availability including soil total organic N, soil mineral N (NH4+ + NO3-), foliar N 

concentrations, foliar and soil δ15N, leaf area and leaf specific mass.  We inventoried trees, 

measured diameter at breast height (dbh) and used Miombo-specific allometric equations 

and wood chemistry to estimate stem wood carbon (C) and N pools.  We sampled leaves 

from a N-fixing tree (Pterocarpus angolensis (Pa)) and two non-N fixers to assess patterns of 

N fixation across sites.  We used foliar N, specific leaf area and the difference in leaf-area 

measured between wet and dry seasons (dLAI), to estimate N demand for canopy leaf 

production across sites.  We sampled soils in wet and late dry seasons to determine 

seasonal N availability and conducted 14-day (14d) laboratory incubations to quantify an 

index of potential soil N mineralization supply rates (Nmin potentials).   

Multiple indicators showed lack of N cycle recovery over the first four decades of 

regrowth and low ecosystem N availability relative to aboveground tree N pools (Fig. 1.1).  

Soil total N stocks (0.59-0.98 Mg N ha-1 to 15 cm depth) (Fig 1.1a, Table S1.1) were low and 

did not increase with forest age.  Ammonium-dominated soil extractable mineral N (Fig. 

1.1b) and indicated that microbes and plants competed for a low supply of mineralized N25.   

Soil mineral N (NH4+ + NO3-) concentrations did not increase with site age across regrowth 

classes,  and were significantly lower in 10-24 yr sites (Tukey HSD, p = 0.021)  and 30-40 yr 

sites (p = 0.026) compared to mature sites in ANCOVA analyses (Fig. 1.1c) (see Table S1.6).  

Fourth, foliar and soil δ15N lacked positive trends with increasing site age that would be 

indicative of increasing ecosystem N availability by 40 years of regrowth6,20,28.    
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Compared to trends in soil N, N demand for tree canopy leaf production (Fig. 1.1e-f) 

increased six-fold with regrowth.  Foliar N concentrations (Fig. 1.1g) did not increase across 

regrowth sites or indicate increasing N availability after 40 years of regrowth (Tables S1.4, 

S1.6).  Mature forest sites of ~100 yr , however, did have significantly higher soil mineral N 

concentrations than regrowth sites (Fig. 1.1c) (Fig. S1.3, Table S1.2).   In sum, the data 

suggested that N cycle recovery occurred slowly in Miombo TDFs, and that it took longer 

than 40 years for soil N availability to increase significantly above that of 10-24 and 30-40 

yr regrowth sites.   

Wet-dry season differences in N mineralization potentials were similar in 

magnitude to the age effects.  For mature forests, wet season N mineralization potentials 

(average 5.54 kg N ha-1 14d-1 ± 0.51 s.e.m.) were 3 times higher than the potentials 

measured in the dry season (average 1.98 kg N ha-1 14d-1 ±1.03 s.e.m.) (Fig. S1.3, Table 

S1.2).  For regrowth sites, wet season Nmin potentials (average 3.03  kg N ha-1 14d-1 ±  0.31 

s.e.m) were about 2 times higher than the dry season (average 1.54 kg N ha-1 14d-1 ) (Table 

S1.2). 

 Net trends in ecosystem N resource pools across regrowth and mature forests 

(Table 1) showed clearly that trees accrue significant quantities of N, while there was no 

clear trend in surface soil N pools.  From 3-4 yr sites to 30-40 yr sites, total aboveground 

tree N pools increased by a factor of 10 (8.0 – 11 kg N ha-1 yr-1 rate).  From 40 yr regrowth to 

mature forests, tree N pools increased by 5.6 kg N ha-1 yr-1.  For both these periods, there 

were no significant net changes in soil total N or estimates of annual N mineralization (5-

11% of total soil N pools – see Table S1.3).  A question that emerges from the N budget 

terms above is where are trees acquiring 100s of kg N on decadal timescales, given the lack 

of clear trends in soil supplies?   
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 Tree acquisition of several hundreds of kg of N across the chronosequence could 

come from two possible sources: recycling and redistribution of N from soil to vegetation 

over time, or through new inputs to the ecosystem, including N deposition and N fixation.  

Our data indicated that N fixation continued to operate across regrowth and mature forests, 

and contributed N inputs to tree and associated ecosystem-scale N accumulation.   Foliar 

δ15N from a large canopy N-fixing tree, Pterocarpus angolensis (Pa) was < 0 per mil across all 

regrowth and mature forest sites, indicating active N fixation (Fig. 1.2a, Table S1.5)29.  This 

was consistent with past findings in Tanzania that Pa has root nodules with nitrogenase 

activity in Tanzania30.  Foliar N concentrations of Pa were also significantly higher than non-

N fixers across all sites (Fig. 1.2b, Table S1.5).  Estimates of probable rates of N fixation in 

the dry tropics (2-6 kg N ha-1 yr-1)31 are however lower than the tree N accumulation we 

observed.  N deposition inputs could contribute ecosystem N inputs making their way to 

trees, although modeled deposition rates (3-5 kg N ha-1 yr-1)32  for southern Africa are also 

low relative to the total tree N accumulation.   Redistribution of N from soil to vegetation 

likely contributes to tree N accumulation as well.  The variability in total soil N pools is large 

enough to accommodate some N redistribution to tree pools, but not the total amount we 

measured accumulating in trees by 100 yr (650 kg N ha-1) without new ecosystem inputs.  

Further study of soil-vegetation N cycle exchanges at higher temporal resolution,  soil N 

pools and tree rooting behavior with depth, measurements of basal area of N-fixing trees 

species in the over-story and understory, the functioning of free-living fixation and N 

deposition are all required to further constrain contributions of these N sources that power 

tree N accumulation with regrowth.  

 Several results have direct consequences for Miombo Woodland TDF management 

and conservation.  Ammonium-dominated soil N pools across the chronosequence are a 

strong signal that N remains in limited supply young to mature Miombo forest sites25.  Soil 
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mineral N readily available for plant uptake did not recover by 40 yr of regrowth, while tree 

biomass accumulation accounted for all increases in total ecosystem N pools through the 

first decades of regrowth, while.  This suggests that land management for forest regrowth 

should minimize ecosystem N losses by carefully managing fire, and discouraging the 

removal of tree biomass in regrowth sites, including cutting of live stems and removal of 

deadwood.  Our findings also indicate that protection of N-fixing tree species could be an 

important part of strategies to maintain N in Miombo TDFs.  Pa, a large (>15 m tall) canopy 

dominant tree, is an endangered species poached for its high-value timber10.  Conservation 

of regrowth and mature forest areas will face challenges from development pressures also 

targeting these soils for agriculture9.  Findings of reduced mineral N potentials in dry 

compared to wet seasons  suggest that if climate change shortens rainy seasons in Miombo 

regions11 and droughts (e.g. Zambian drought during the 2015-16 El Nino) become more 

common, N availability from mineralization might be reduced and could impact forest 

regrowth rates.  More research is needed on African TDF ecosystem processes to 

understand limits to forest regrowth, including the dynamics of soil moisture variability and 

N mineralization, and the timing of soil N uptake by trees.  With over 190 M more people 

projected to be living in and depending upon resources of Miombo TDF regions by 2050, 

proactively managing forest landscapes to maintain N supply to forest trees to maximize 

forest regrowth could contribute to more sustainable production of wood and other forest-

based resources.  

 

Methods Summary: 

 We studied N cycling indicators across mature and regrowth forest sites in Miombo 

Woodlands of Tabora province in western Tanzania (Figure S1.1).  Climate is seasonally dry 
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tropical, with MAT 25C and MAP 700-900 mm yr-1 falling November – April.  We sampled 12 

sites for foliar, canopy and soil measurements: 9 regrowth sites aged 3 yr. (2 sites), 4 yr., 10 

yr., 16 yr., 24yr, 30 yr. and 40 yr.  (2 sites), and 3 mature forest sites > 100 yr.  Field sites 

were laid out as 50 m x 50 m plots in woodlands or regrowth sites on village or privately 

owned land in coordination with local authorities and land owners.  We took foliar samples 

in the mid-wet season from a canopy N-fixing tree, Pterocarpus angolensis (family 

Fabaceae), and two non-N-fixing species, a common Miombo canopy dominant Brachystegia 

spiciformis (family Caesalpiniaceae) and a local pioneer species, Terminalia sericea (family 

Combretaceae), found on-site.  Canopy data and soils were sampled in 4 circular subplots 

(10 m radius) located via a stratified random sampling design with one subplot in each 25 x 

25 m quadrant of the main plot.  We took optical measures of leaf-area using a LICOR-2200 

at six points per subplot, during wet season maximum (Mar-Apr 2015) and mid-dry season 

(Jul 2015) minimum leaf cover conditions to calculate dLAI (wet-dry) as an estimate of the 

area of annual leaf production.  We sampled soils at the center of each subplot at 0-5 cm and 

5-15 cm depths in wet (Mar-Apr ’15) and late dry seasons (Sep-Oct ’15).  Soils were sieved 

(2 mm) and composited for laboratory analyses of soil moisture (gravimetric moisture) and 

24-hr potassium chloride (KCL) extractions.  Soil KCl extracts were kept frozen and 

analyzed for mineral N (ammonium and nitrate) via spectrophotometric analyses.   We 

assessed soil N mineralization via 14-day aerobic laboratory incubations in a dark room at 

ambient temperature (~28 C), begun on the same day as sampling, with repeat KCl extracts 

performed after 14 days.  Wood biomass N was calculated using tree inventory data across 

sites and published values for wood percent N in Miombo trees (0.57% - see Supplementary 

Figure 2).  One-factor ANOVA was used to test effects of site age on canopy dLAI and N 

demand.  ANOVA or ANCOVA with Tukey’s Honest Significant Difference tests, or Kruskal-

Wallis tests with Wilcoxon rank-sum tests were used to assess effects of site age and tree 
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species (foliar data) or depth (soil) on foliar and soil data respectively.  We followed 

procedures established by Davidson et al. (2007) for assessing N cycling indicators across 

regrowth chronosequences, assessing effects of site age as rank and the logarithm of site 

age on N cycling indicators, and repeating analyses on data excluding mature forests to test 

for trends among regrowth sites alone. 
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TABLES: CHAPTER ONE 

 

 

Table 1.1   Nitrogen (N) in surface soils and aboveground tree biomass across a forest 

regrowth chronosequence in the Miombo Woodlands, Tabora Tanzania.  Site age effects on 

N resources were tested via ANOVA and log-linear age models and are indicated in 

superscript as significanti or insignificantO (p < 0.05).   During regrowth (3-4 to 30-40 yr), N 

resource pools in aboveground woody biomass and canopy leaves increased significantly by 

rates of 8.1-11.1 kg N ha-1.  Soil N resources showed no significant trends with site age.  By 

column, quantities with different superscript letters were different (Tukey Honest 

Significant Difference).   

 

 
 
 
Site age 
class  
(n sites) 
 
 

 
Soils  

 

  
Trees 

 
Total soil 

organic No 

0-15 cm 
 

kg ha-1 

  
^N in 
woody 
biomassi 

 
kg N ha-1 

 
N demand for 
canopy leaf 
biomassi 

 
kg N ha-1 (yr-1) 

 
^Total N 
wood +  
canopy leavesi 

 
kg N ha-1 

 
3-4 yr (3) 
 

 
970 (216) 

 

  
9.75 
(3.98)c 

 
11.6 (7.40)b 

 
21.3 (9.2)c 

 
10-24 yr (3) 
 

 
594 (52) 

  
53.7 
(4.94)b 

 
27.3 (10.4)b 

 
81.0 (14.1)bc 

 
30-40 yr (3) 
 

 
981 (188) 

  
252 
(35.3)ab 

 
67.9 (6.6)ab 

 

 
320 (47.9)ab 

 
Mature (3)  
> 100 yr 
 

 
857 (103) 

  
568 (158)a 

 
86.1 (8.7)a 

 
654 (160)a 
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Table S1.1  Physical and chemical characteristics of soils across a Miombo forest regrowth 

chronosequence by depth. Values listed are averages with standard error of the mean in 

parentheses. Accompanies Figure 1.1.  

 

 

 

 

 

 
Age  

class 
 

 
N 
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Depth 
(cm) 

 
Bulk 

density 
g cm-3 

 
C 

g kg-1 

 
N 

g kg-1 

 
δ15N 
o/oo 

 
C:N 

ratio 
(mol) 

 
SOC 

Mg ha-1 

 
Total N 
Mg ha-1 

 
3-4 yr 

 

 
3 

 
0-5 
 

5-15 
 

0-15 
 

 
1.60 

(0.05) 
1.57 

(0.05) 
na 

 
5.80 

(1.28) 
4.63 

(1.07) 
na 

 
0.49 

(0.13) 
0.37 

(0.01) 
na 

 
4.62 

(0.68) 
4.82 

(0.91) 
na 

 
14.0 

(0.67) 
14.5 

(0.62) 
na 

 
4.60  

(0.89) 
7.22  

(1.50) 
11.8 (2.37) 

 
0.390 

(0.092) 
0.581 

(0.125) 
0.970 

(0.216) 
 

10-24 
yr 

 

 
3 

 
0-5 

 
5-15 

 
0-15 

 

 
1.52 

(0.09) 
1.61 

(0.03) 
na 

 
4.14 

(0.13) 
3.11 

(0.07) 
na 

 
 

 
0.30 

(0.02) 
0.22 

(0.01) 
na 

 
3.14 

(0.51) 
4.00 

(0.37) 
na 

 

 
15.9 

(0.61) 
16.3 

(0.67) 
na 

 

 
3.16  

(0.25) 
5.01 

 (0.15) 
8.17  

(0.40) 
 

 
0.233 

(0.027) 
0.360 

(0.025) 
0.594 

(0.052) 

 
30-40 

yr 
 

 
3 

 
0-5 

 
5-15 

 
0-15 

 

 
1.56 

(0.07) 
1.63 

(0.01) 
na 

 
9.35 

(2.36) 
4.81 

(0.95) 
na 

 

 
0.61 

(0.14) 
0.31 

(0.05) 
na 

 
 

 
2.73 

(0.43) 
3.62 

(0.37) 
na 

 
 

 
17.6 

(0.45) 
18.1 

(1.17) 
na 

 
 

 
7.30  

(1.83) 
7.85  

(1.48) 
15.2 (3.30) 

 
0.479 

(0.111) 
0.502 

(0.079) 
0.981 

(0.188) 

 
Mature 

>100 
yr 

 

 
3 

 
0-5 

 
5-15 

 
0-15 

 

 
1.54 

(0.07) 
1.59 

(0.02) 
na 

 
7.58 

(1.43) 
3.97 

(0.40) 
na 

 
0.53 

(0.08) 
0.28 

(0.02) 
na 

 
3.51 

(0.23) 
3.83 

(0.68) 
na 

 
16.5 

(1.12) 
16.6 

(1.00) 
na 

 
5.88  

(1.31) 
6.30  

(0.61) 
12.2  

(1.90) 

 
0.412 

(0.075) 
0.445 

(0.036) 
0.857 

(0.103) 
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Table S1.2  Soil mineral N (ammonium - NH4
+ plus nitrate – NO3

-) concentrations and N 

mineralization potentials from 14-day lab incubations across a Miombo forest regrowth 

chronosequence (accompanying Figure 1.b-c and Figure S1.3). 

 

 

 

 

 

 

 

 

 

Age 
class 
n=3 
sites 

Depth 
cm 

Soil N 
concentration 
(NH4+NO3) 
mg kg-1 soil 

 
(dry season) 

NH4+: NO3- 
 
 
 
 

(dry season) 

Soil N mineralization 
potential (14d lab) 

NH4+NO3 
kg ha-1 14d-1 

 
(wet season) 

Soil N mineralization 
potential (14d lab) 

NH4+NO3 
kg ha-1 14d-1 

 
(dry season) 

 
3-4 

 
 

 
0-5 

5-15 
0-15 

 
2.36 (1.1) 
1.27 (0.4) 

 

 
55.1 (19.5) 
22.1 (11.1) 

 

 
0.59 (0.12) 
2.12 (0.81) 
2.71 (0.90) 

 
0.36 (0.20) 
1.14 (0.46) 
1.51 (0.60) 

 
10-24 

 
 

 
0-5 

5-15 
0-15 

 
1.73 (0.30) 
0.92 (0.19) 

 

 
65.6 (21.0) 
27.8 (6.55) 

 

 
0.72 (0.25) 
2.92 (0.30) 
3.64 (0.55) 

 
0.37 (0.14) 
0.82 (0.49) 
1.19 (0.61) 

 
30-40 

 
 

 
0-5 

5-15 
0-15 

 
1.71 (0.24) 
0.94 (0.16) 

 

 
61.9 (26.0) 
30.7 (8.29) 

 

 
1.03 (0.33) 
1.67 (0.64) 
2.70 (0.95) 

 
0.56 (0.07) 
1.36 (1.01) 
1.92 (1.08) 

 
Mature 

>100 
 

 
0-5 

5-15 
0-15 

 

 
4.00 (0.67) 
1.54 (0.04) 

 
54.5 

25.2 (5.14) 

 
1.89 (0.42) 
3.65 (0.13) 
5.54 (0.51) 

 
0.76 (0.46) 
1.22 (0.57) 
1.98 (1.03) 
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Table S1.3  Estimates of annualized soil N mineralization rates.  N mineralization rates 

obtained from 2-week lab incubations in wet and dry seasons were scaled to a hypothetical 

year with 50% weighting between wet and dry season weeks.   

 

 
 
 
Site age 
class  
(n sites) 
 
 

 
Soil N resources 0-15 cm 

 

 
Total soil 

organic No 

 
 

kg ha-1 

 
Est. annualized  
soil mineral N 

potentialso 
(NH4+ + NO3-) 
kg N ha-1 yr-1 

 
Est. percent 
total soil N 

mineralized 
per year 

(%) 
 
3-4 yr (3) 
 

 
970 (216) 

 

 
54.9 (8.17) 

 
5.7 

 
10-24 yr (3) 
 

 
594 (52) 

 
62.8 (13.5) 

 
11 

 
30-40 yr (3) 
 

 
981 (188) 

 
60.1 (11.4) 

 
6.1 

 
Mature (3)  
> 100 yr 
 

 
857 (103) 

 
97.9 (15.9) 

 
11 
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Table S1.4  Average foliar chemistry and canopy data grouped by forest regrowth age class. 

(accompanying Fig. 1.1e-g). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Age 
Class 
yr  
(n 
trees) 

Foliar N  
g kg-1 

Foliar 
C:N 
mol 

LAIwet 

Mar-Apr 
‘15 

LAIdry 

July ‘15 
LAIwet-

dry 
Canopy N 
kg N ha-1 

 
3-4 
(11) 

 
24.9 
(1.8) 

 
23.5 
(1.7) 

 
0.63 
(0.30) 

 
0.21 
(0.02) 

 
0.41 
(0.28) 

 
11.6 (7.4) 

 
10-24 
(18) 

 
21.9 
(1.4) 

 
27.7 
(1.9) 

 
1.80 
(0.50) 

 
0.61 
(0.05) 

 
1.19 
(0.48) 

 
27.3 
(10.4) 
 

 
30-40 
(12) 

 
22.3 
(2.1) 

 
27.6 
(3.1) 

 
3.35 
(0.36) 

 
0.81 
(0.04) 

 
2.53 
(0.40) 

 
67.9 (6.6) 
 

 
Mature 
>100 
(12) 

 
25.8 
(2.2) 

 
24.3 
(2.2) 

 
4.81 
(0.03) 

 
1.38 
(0.09) 

 
3.43 
(0.06) 

 
86.1 (8.7) 
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Table S1.5  Foliar data grouped by tree species and forest regrowth age class 

(accompanying Fig. 2). 

 

Species Age 
class 
yr 

N  
trees 

Foliar %C Foliar N 
g kg-1 

C:N 
mol 

d15N 
(o/oo) 

SLA 
g m-2 

 
Mninga 
Pterocarpus 
angolensis,  
fam. Fabaceae 

 
3-4  
10-24 
30-40 
Mature 
 

 
3 
6 
4 
4 
 

 
46.7 (0.3) 
47.2 (0.2) 
46.4 (0.3) 
48.5(0.32) 

 
30.8 (2.6) 
28.7 (0.6) 
29.6 (0.6) 
32.9 (2.0) 
 

 
17.9 (1.6) 
19.3 (0.4) 
18.3 (0.4) 
17.4 (0.8) 

 
-0.16 (0.54) 
-1.16 (0.24) 
-1.31 (0.21) 
-0.94 (0.54) 

 
102 (11.0) 
93.9 (7.7) 
81.2 (1.8) 
82.8 (5.2) 

 
Mtundu 
(Brachystegia 
Spiciformis,  
fam. Caesal. 

 
3-4  
10-24 
30-40 
Mature 
 

 
4 
6 
4 
4 
 

 
48.4 (0.4) 
49.6 (0.4) 
47.9 (0.7) 
50.1 (0.9) 

 
26.3 (1.5) 
22.5 (0.7) 
24.4 (1.1) 
25.1 (2.2) 

 
21.7 (1.3) 
25.9 (0.8) 
23.1(0.9) 
23.7 (1.6) 

 
3.01 (1.02) 
1.83 (0.56) 
1.71 (0.40) 
1.62 (0.70) 

 
112 (7.7) 
104 (10.8) 
114(3.8) 
99.1 (12.3) 

 
Mzima 
Terminalia 
Sericea, 
fam. 
Combretaceae 
 

 
3-4  
10-24 
30-40 
Mature 
 

 
4 
6 
4 
4 
 

 
47.2 (0.3) 
46.8 (0.3) 
46.2 (0.3) 
48.6 (1.2) 

 
18.9 (1.3) 
14.5 (0.5) 
13.1 (0.6) 
19.4 (3.9) 

 
29.4 (2.0) 
37.9 (1.2) 
41.5 (1,9) 
31.8 (4.2) 

 
4.15 (2.45) 
0.81 (0.11) 
0.54 (0.63) 
1.42 (0.54) 

 
142 (6.8) 
153(9.2) 
144 (13.1) 
125 (12.7) 
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Table S1.6  Model summaries of forest site age and other co-variate effects on N cycle 

indicators (accompanying Fig. 1.1,  Table 1.1 and Fig. S1.3).   

Dependent 
variable 
 

---Age as rank--- 
(model type in parentheses) 
[other factors in brackets] 

 
             

---Log age--- 
 
 
               

Mature forests excluded 
---Log Age or  
Kruskal-Wallis  --- 
              

Foliar 15N Kruskal-Wallis 
Age 
Chi2 = 16.4, p <0.001 
Species 
Chi2 = 80.2, p <0.001 
 
 

NA 
(data not transformable 
to normal) 

Kruskal-Wallis 
Age 
Chi2 = 8.13, p = 0.017 
Species 
Chi2 = 28.4, p < 0.001 

Foliar %N Kruskal-Wallis 
Age 
Chi2 = 3.94, p = 0.3485 
Species 
Chi2 = 36.0,  p < 0.001 
 

NA 
(data not transformable 
to normal) 

Kruskal-Wallis 
Age 
Chi2 = 1.39, p = 0.500 
Species 
Chi2 = 32.8, p < 0.001 

dLAI wet-dry 
season 

(One-factor ANOVA) 
Age 
P = 0.015 
R2 = 0.772, p = 0.015 
 

 
Age 
P <0.001 
R2 = 0.859, p <0.001 

 
Age 
P < 0.001 
R2 = 0.706, p = 0.011 

Gross Canopy N 
demand 
 

(One-factor ANOVA) 
Age 
p = 0.008 
R2 = 0.815, p = 0.009 

 
Age 
p <0.001 
R2 = 0.821, p < 0.001 
 

 
Age 
p = 0.015 
r2 = 0.6693 

Soil NO3- : NH4 
(dry season) 

(Kruskal-Wallis) 
Age                    Depth 
p = 0.516          p = 0.008 
 
 

NA (data not 
transformable to 
normal) 

 
Age                 depth 
p = 0.676     p = 0.085 
chi2                chi2 
0.785             2.97 

Soil NH4:NO3- 
(dry season 

Model 1: One-factor 
ANOVA 
Age 
P = 0.8041 
*ns 
 
Model 2 – ANCOVA 
Age+depth+temp+moist 
Age                    Moisture 
P = 0.608         p = 0.051 
Depth              Temp. 
P = 0.003      p = 0.603 
Model r2 = 0.417 
P = 0.035 

Model 1: age alone 
Age 
P = 0.698 
*ns 
 
 
Model 2 – ANCOVA 
Age+depth+temp+moist 
Age                    Moisture 
P = 0.389         p = 0.084 
Depth              Temp. 
P = 0.003      p = 0.908 
Model r2 = 0.432 
P = 0.012 

Model 1: age alone 
Age 
P = 0.435 
*ns 
 
 
Model 2 – ANCOVA 
Age+depth+moist_temp 
Age                    Moisture 
P = 0.325         p = 0.101 
Depth                Temp. 
p = 0.008         p = 0.453 

Soil NO3+NH4 – N 
mg kg-1 soil 

Model 1: One-factor 
ANOVA 

Model 1: age alone 
Age 

Model 1: age alone 
Age 
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(dry season) Age     
p = 0.115 
r2 = 0.1388  
 
Model 2 
ANCOVA – age + depth  
[temp+moist co-
variates] 
Age                  Depth 
p = 0.015        p = 0.003 
model 
r2 = 0.584   p  = 0.001 
 

p = 0.183 
r2 = 0.037 
*model not significant 
 
Model 2: age and depth 
Age                Depth 
p = 0.108     p = 0.002 
model 
r2 = 0.357, p = 0.004 

p = 0.997 
*model not significant 
 
 
Model 2: age and depth 
Age                 Depth 
p = 0.995      p = 0.010 
model 
r2 = 0.357 (p = 0.004) 
 

Soil Total Nitrogen 
0-5, 5-15 cm 
depths 

Model 1: One-factor 
ANOVA 
Age  
p = 0.088 
*model p = 0.0876, *ns 
Model 2:  
ANCOVA – age + depth 
[temp + moist co-
variates] 
Age                     Depth 
p = 0.068        p = 0.097 
model 
r2 = 0.213  p = 0.018 

Model 1 
Age 
p = 0.807 
r2 = 0.040 
*model p = 0.807 *ns 
Model 2: age and depth 
Age p = 0.802 
Depth p = 0.13 
*model p = 0.325 *ns 
 
 

Model 1: age alone 
Age 
p = 0.743 
*model not significant 
 
Model 1: age alone 
Age 
p = 0.743 
*model not significant 
 
Model 2: age and depth 
Age p = 0.735 
Depth = 0.173 
*model not significant 
 

Soil N min 0-15 cm: 
Wet and Dry 
Season Combined 

ANOVA – Season + Age 
 
Season           Age 
p = 0.002       p = 0.205 
model 
r2 = 0.359, p = 0.013 
 
 

Age + Season 
 
Season           Age 
p = 0.003      p = 0.185 
model 
r2 = 0.327, p = 0.006 

Age + Season 
 
Season            Age 
P = 0.031       0.964 
Model 
r2 = 0.178, p = 0.090 

Soil d15N 
0-5 cm, 5-15 cm 
depths 
 
 
 
 
 

Model 1: One-factor 
ANOVA 
Age 
p = 0.0728 
*model not significant 
 
Model 2:  
ANCOVA – age + depth 
[temp + moist co-
variates] 
Age                     Depth 
p = 0.033        p = 0.084 
 
Temp. (dry season) 
p =0.037 
model 
r2 = 0.399  p = 0.018 

Model 1 
Age 
p = 0.026 
r2 = 0.169 
 
 
Model 2: age + 
depth+temperature 
(dry season) 
 
Age p  = 0.001 
Depth p = 0.013 
Temperature – dry 
season 
p = 0.014 
model 
r2  = 0.4033, p = 0.004 
 

Model 1 
Age 
p = 0.006 
r2 = 0.3404 
 
 
Model 2: age + depth + 
temperature (dry 
season) 
 
Age p < 0.001   
Depth p = 0.173 
Soil temp.  p < 0.050 
*model not significant 
 
model 
R2= 0.540, p = 0.003 
 

Soil Organic Model 1: One-factor Model 1 Model 1: age alone 
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Carbon 
 0-5 cm, 5-15 cm 
depths 

ANOVA 
Age 
p = 0.099 
*model not significant 
 
Model2: 
ANOVA – age+depth 
Age                Depth 
p = 0.079   p = 0.092 
r2 = 0.236, p = 0.057 

Age 
p = 0.983 
*model not significant 
 
 
Model 2: age and depth 
Age p  = 0.982 
Depth p = 0.013 
*model p = 0.313 *ns 

Age 
p = 0.497 
*model not significant 
 
 
Model 2: age and depth 
Age p = 0.483 
Depth p = 0.164 
*model not significant 

 
Annualized soil 
mineral N 
production 
potentials  
0-15 cm 
(NH4

+ + NO3
-) 

 
 

 
Model: One-factor 
ANOVA-age 
Age 
P = 0.14 
R2 = 0.280, p = 0.141 
*model not significant 

 
Model: Age 
 
Age 
P = 0.0791 
r2 = 0.204, p = 0.079 
*model not significant 

 
Model: Age 
 
Age 
 P = 0.8046 
R2 = -0.132, p = 0.8046 
*model not significant 

 
Aboveground tree 
N: 
N in woody 
biomass 
(log transformed 
prior to analysis) 
 
 

 
Model: One-factor 
ANOVA- age 
 
Age  
P < 0.001 
R2 = 0.864, p < 0.001 

 
Model: Age 
 
Age  
P < 0.001 
R2 = 0.824, p < 0.001 

 
Model: Age 
 
Age 
P = 0.002 
R2 = 0.749, p = 0.002 

 
Aboveground tree 
N: 
Total (woody 
biomass + canopy 
leaves) 
(log transformed 
prior to analysis  
 

 
Model: One-factor 
ANOVA-age 
 
Age  
P < 0.001 
r2 = 0.839 p < 0.001 
 

 
Model: Age 
 
Age  
P < 0.001 
R2 = 0.819, p < 0.001 

 
Model: Age 
 
Age 
P = 0.002 
R2 = 0.717, p = 0.002 
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Table S1.7  Comparisons of foliar chemistry results among tree species and forest regrowth 

age classes (accompanying Fig. 2).  

 

Variable Test Result 
Foliar d15N -Kruskal-Wallis, species 

 
 
Wilcox MT vs MZ 
Wilcox MT vs MN 
Wilcox MN vs MZ 

Kruskal-Wallis chi-squared = 
45.725, df = 11, p-value = 
3.616e-06 
W = 244, p-value = 0.008714 
W = 0, p-value = 4.408e-10 
W = 3, p-value = 3.085e-09 
 

 -Kruskal-Wallis, class 
Wilcoxon 
Regrowth site comparisons 
Wilcox C01 vs C02 
Wilcox C01 vs. C03 
Wilcox C02 vs C03 
 
Regrowth to mature site 
comparisons 
Wilcox C01 vs VIL 
Wilcox C02 vs VIL 
Wilcox C03 vs VIL 
 

Kruskal-Wallis chi-squared = 
8.6771, df = 3, p-value = 0.03
391 
 
W = 154, p-value = 0.0125 
W = 107, p-value = 0.01057 
W = 118, p-value = 0.6921 
 
 
 
W = 99, p-value = 0.04388 
W = 96, p-value = 0.6315 
W = 56, p-value = 0.3777 
 

 Species vs. class interactions 
 
Mninga 
Regrowth site comparisons 
C01.MN vs C02.MN 
C01.MN vs C03.MN 
C02.MN vs C03.MN 
 
Regrowth to mature site 
comparisons 
C01.MN vs C04.MN 
C02.MN vs. C04.MN 
C03.MN vs C04.MN 
 
Mzima 
Regrowth site comparisons 
C01.MZ vs C02.MZ 
C01.MZ vs C03.MZ 
C02.MZ vs C03.MZ 
 
Regrowth to mature site 
comparisons 
C01.MZ vs C04.MZ 
C02.MZ vs C04.MZ 
C03.MZ vs C04.MZ 
 
mtundu 

 
 
 
 
W = 18, p-value = 0.02381 
W = 12, p-value = 0.05714 
W = 16, p-value = 0.4762 
 
 
 
W = 10, p-value = 0.2286 
W = 11, p-value = 0.9143 
W = 4, p-value = 0.3429 
 
 
 
W = 24, p-value = 0.009524 
W = 16, p-value = 0.02857 
W = 17, p-value = 0.3524 
 
 
 
W = 14, p-value = 0.1143 
W = 5, p-value = 0.1714 
W = 2, p-value = 0.1143 
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Regrowth site comparisons 
C01.MT vs C02.MT 
C01.MT vs C03.MT 
C02.MT vs C03.MT 
 
Regrowth to mature site 
comparisons  
C01.MT vs C04.MT 
C02.MT vs C04.MT 
C03.MT vs C04.MT 
 

 
W = 21, p-value = 0.06667 
W = 15, p-value = 0.05714 
W = 14, p-value = 0.7619 
 
 
 
W = 14, p-value = 0.1143 
W = 14, p-value = 0.7619 
W = 9, p-value = 0.8857 
 

Foliar %N Kruskal-Wallis, species 
 
 
Wilcox MT vs MZ 
Wilcox MT vs MN 
Wilcox MN vs MZ 
 
 

Kruskal-Wallis chi-squared = 
35.997, df = 2, p-value = 1.52
5e-08 
 
W = 300, p-value = 1.597e-06 
W = 283, p-value = 2.509e-06 
W = 293, p-value = 1.644e-07 
 

 Kruskal-Wallis, class 
 
Wilcox 
Regrowth site comparisons 
C01 vs C02 
C01 vs C03 
C02 vs C03 
 
Regrowth to mature site 
comparisons 
C01 vs VIL 
C02 vs VIL 
C03 vs VIL 
 
 

Kruskal-Wallis chi-squared = 3.
2937, df = 3, p-value = 0.3485 
 
 
W = 127, p-value = 0.2204 
W = 77, p-value = 0.5254 
W = 104, p-value = 0.8841 
 
 
 
W = 63, p-value = 0.8801 
W = 72, p-value = 0.1345 
W = 48, p-value = 0.1782 
 

 Species&class interactions 
 
Wilcox 
mninga 
C01.MN vs C02.MN 
C01.MN vs C03.MN 
C02.MN vs. C03.MN 
 
Regrowth to mature site 
comparisons 
C01.MN vs C04.MN 
C02.MN vs C04.MN 
C03.MN vs. C04.MN 
 
Mzima 
Regrowth site comparisons 
C01.MZ vs C02.MZ 
C01.MZ vs C03.MZ 
C02.MZ vs C03.MZ 
 
Regrowth to mature site 

Kruskal-Wallis chi-squared = 4
0.964, df = 11, p-value = 2.444e
-05 
 
W = 12, p-value = 0.5476 
W = 8, p-value = 0.6286 
W = 6, p-value = 0.257 
 
 
 
W = 6, p-value = 1 
W = 3, p-value = 0.06667 
W = 3, p-value = 0.2 
 
 
 
W = 24, p-value = 0.00952 
W = 16, p-value = 0.02857 
W = 20, p-value = 0.1143 
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comparisons 
C01.MZ vs C04.MZ 
C02.MZ vs C04.MZ 
C03.MZ vs C04.MZ 
 
mtundu 
Regrowth site comparisons 
C01.MT vs C02.MT 
C01.MT vs C03.MT 
C02.MT vs C03.MT 
 
Regrowth to mature site 
comparisons  
C01.MT vs C04.MT 
C02.MT vs C04.MT 
C03.MT vs C04.MT 

 
W = 11, p-value = 0.4857 
W = 5, p-value = 0.1714 
W = 0, p-value = 0.0285 
 
 
 
W = 21, p-value = 0.06667 
W = 12, p-value = 0.3429 
W = 6, p-value = 0.2571 
 
 
 
W = 10, p-value = 0.6857 
W = 8, p-value = 0.4762 
W = 8, p-value = 1 
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FIGURES: CHAPTER ONE 

Figure 1.1 Indicators of N cycling show low ecosystem N availability and lack of recovery 

relative to tree N demand along a Miombo forest regrowth chronosequence. 

a-g, (a) soil total organic N; (b) soil ammonium:nitrate ratio; (c) soil extractable mineral N 

(nitrate + ammomium) concentration by depth; (d) foliar δ15N; (e) wet-dry season leaf-area 

difference (dLAI); (f) N demand for canopy leaf production; (g) foliar mass percentage N.   

Error bars indicate s.e.m. for data within each group.  Forest age effects are significant in 

analyses of variance, covariance or kruskal-wallis tests for soil extractable mineral N, foliar 

δ15N, dLAI and canopy N demand  (P < 0.05, see Supplementary Table 3 for all P values). 

Soil, foliar and canopy indicators (a-d, g) showed no increase in ecosystem N availability 

with regrowth, and contrasted significant increases in indices of tree demand for N for 

primary production during regrowth (e, f). See Supplementary Tables S1.5 and S1.6 for age 

and other effects on dependent variables.        
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Figure 1.2  Differences in foliar N cycle indicators among an N-fixing and non N-fixing tree 

species across a Miombo forest regrowth chronosequence. 

a-b, (a) Foliar δ15N (a); Foliar N concentration (b)   Error bars indicate s.e.m. for data within 

each species-site group.  The N-fixing tree is Pterocarpus angolensis (Pa); the non-N fixing 

trees are Brachystegia spiciformis (Bs) and Terminalia sericea (Ts).   Indicators showed 

significant differences by species (P < 0.05 in Kruskal-Wallis tests, see Supplementary Table 

6). The N-fixer had significantly lower foliar δ15N <0 per mil (a) and higher %N (b) 

compared to non-N fixers grouped among all regrowth and mature forest classes. Ts 

showed significantly lower foliar %N in 30-40 yr sites than mature forest sites (P < 0.05 in 

Kruskal-Wallis tests, see Supplementary Table S1.7). 
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Figure S1.1  Location of Miombo Woodlands, Tabora, Tanzania and forest regrowth 

chronosequence field sites.  a-c,  (a) Miombo Woodlands are shown in green (dry tropical 

forest-containing regions in sub-Saharan Africa subset from the Nature Conservancy 

Ecoregions dataset, http://maps.tnc.org/gis_data.html).  The national boundary of Tanzania 

is shown in black, and Tabora Province shown in solid black; (b)  The Tabora woodlands 

studied here are located in the center of Tabora Province, with field sites indicated by 

yellow dots against a June 2014 Landsat 8 false-color image.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Landsat 8 – June 2015. 
Yellow dots indicate field sites. 
False color combination: 
Red – Band 6 (1.65 um) 
Green – Band 5 (0.86 um) 
Blue – Band 7 (2.21 um) 
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Figure S1.2 Carbon stock accumulation with regrowth site age.  Carbon stocks were 

assessed via methods similar to Williams et al. (2008)1, by sampling all stems >5 cm 

diameter-at-breast-height in four 10 m-radius subplots distributed in a stratified random 

manner within 50 x 50 m field sites (see Methods).  Four sets of allometric equations from 

three Miombo sites (Zambia2, Mozambique3, Tanzania4 and the pan-Dry Tropics (Brown et 

al. 1989, ref. 1) were used to calculate stem biomass and C stocks and single-model C stock 

accumulations (grey lines below).  Model results were averaged to produce C stocks with 

uncertainties for each site (green dots, error bars s.e.m. of four model-calculations) and an 

average linear C stock accumulation curve to regrowth sites aged 40 yr.  N accumulation 

with regrowth was calculated using an average of published Miombo tree percent N values 

(Chidumayo 1993, ref. 5). 

 

 

 

 

 

 

 

 

References for allometric equations: 

1. Williams, M. et al. Carbon sequestration and biodiversity of re-growing miombo 
woodlands in Mozambique. For. Ecol. Manage. 254, 145–155 (2008). 

2. Chidumayo, E. . Estimating tree biomass and changes in root biomass following clear-
cutting of Brachystegia-Julbernardia (miombo) woodland in central Zambia. Environ. 
Conserv. 41, 54–63 (2014). 

3. Ryan, C. M., Williams, M. & Grace, J. Above- and belowground carbon stocks in a 
Miombo wooodland landscape of Mozambique. Biotropica 43, 423–432 (2011). 

4. Malimbwi, R. E., Solberg, B. & Luoga, E. Estimate of biomass and volume inmiombo 
woodland at Kitulangalo Forest Reserve , Tanzania. J. Trop. For. Sci. 7, 230–242 
(1994). 

5. Chidumayo, E. N. Phenology and nutrition of miombo woodland trees in Zambia. 
Trees 9, 67–72 (1993). 

 

Mature > 100 yr 
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Figure S1.3  Soil N (NH4+ + NO3-) mineralization potentials (Nmin) in 14-day lab 

incubations, compared across Miombo forest regrowth chronosequence sites in wet and dry 

seasons.  a-b,  Lab-measured potential soil N(NH4
+ + NO3

-) mineralization production 

potentials for 0-15 cm in the (a) 2015 wet season (March-April) and (b) 2015 dry season 

(Sep-Oct).  Error bars show group s.e.m.  In ANOVA, Nmin differed significantly by season (p 

= 0.032); wet season Nmin rates averaged across all forest sites (average 3.65 kg N ha-1 14 

d-1 ± 0.47 s.e.m) were more than double those of dry season Nmin rates (average 1.65 kg N 

ha-1 14 d-1 ± 0.38 s.e.m.) (P < 0.05, Tukey HSD tests, see Supplementary Table S1.2 and S1.7).   

Within the wet season (a), Nmin rates showed a lack of trend among regrowth forest sites.  

Wet season Nmin rates among regrowth sites (average 3.02 kg N ha-1 14 d-1 ± 0.31 s.e.m.) 

were > 50% lower and significantly different than mature forest Nmin rates (average 5.54 

kg N ha-1 14 d-1 ± 0.51 s.e.m.) (P < 0.05, Wilcoxon sum rank tests, see Supplementary Table 

S1.2 and S1.7).                       
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Abstract 

 In sub-Saharan Africa, tropical dry forest and savanna landscapes  cover over 2.5 

million km2, support livelihoods for millions in fast-growing nations, and have experienced 

high rates of tree cover changes amid increasing resource demands.  To inform 

conservation efforts, there is a need for improved monitoring of forest and tree cover 

conditions across these landscapes.   Existing satellite remote sensing methods poorly 

characterize land and tree cover in the African dry tropics.   In this study, we tested the 

hypothesis that senesced vegetation land cover features would relate significantly to tree 

cover structure, and improve upon greenness-based methods for modeling tree cover from 

remotely sensed data in a Miombo Woodland landscape.  Subsequently, we developed new 

basal area and biomass maps using senesced and green vegetation metrics calculated from 

Landsat data, and assessed their performance at field and landscape spatial scales.  Across 

regrowth forest sites representing a low-high biomass gradient in a western Tanzanian 

Miombo landscape , we found that strong linear relationships (p <0.01) of canopy cover to 

basal area (r2 = 0.815) and biomass (r2 = 0.635), and dominant NPV ground cover (>60%), 

mediated an inverse relationship between tree structure and exposure of NPV ground cover 

to the sky.  This relationship in field data scaled to Landsat metrics of senesced vegetation 

(spectral mixture analysis (SMA)-non-photosynthetic vegetation (NPV) fractions), which 

showed strong (p < 0.01) inverse correlations to basal area (Pearson r = -0.86) and biomass 

(r = -0.87) that were equivalent or stronger than direct correlations of land cover and tree 

structure to Landsat greenness metrics (SMA-green vegetation (GV) fractions, and the 

Normalized Difference Vegetation Index, NDVI)) (r = 0.82-0.85).  Senesced vegetation 
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metric-based Landsat maps had absolute differences in biomass estimates from field data 

(mean 12 Mg ha-1) that were 30% lower than greenness index-based Landsat maps (18-19 

Mg ha-1).   For forest and non-forest land cover areas at landscape scales, senesced and 

green vegetation metrics estimated similar ranges of average basal area (13.0-16.0 m2 ha-1) 

and biomass (31.4-46.1 Mg ha-1) for forest areas.  However, for non-forest areas, Landsat 

SMA-NPV maps estimated average basal area (4.23 m2 ha-1) and biomass (7.14 Mg ha-1) 

values that was higher and closer to field data from than green vegetation-based maps.  At 

image validation sites spanning dense woodland, shorter-stature woody vegetation 

bordering seasonal drainages (mbuga) and cleared areas with known gradients in biomass 

(<10 – 150 Mg ha-1) , the senesced vegetation metric modeled significant differences in 

biomass across all three tree cover types, while green vegetation metrics did not.  Our 

results suggest senesced vegetation metrics at Landsat scales are a promising means for 

improved quantification of tree cover conditions across regrowth and ecological gradients 

in African TDF landscapes.  

 

1.  Introduction 

 Sub-Saharan Africa has among the world’s largest tropical dry forest regions (>2.5 

M km2), which support biodiversity, water resources, food production and economic 

development for countries with the globe’s fastest-growing populations (Campbell 1996).  

Land use and climate change pose significant threats for African tropical dry forests.  

Increasing demand for agricultural land and forest resources has driven high net 

deforestation rates since 2000 across sub-Saharan African countries including Tanzania and 

Zambia (Rudel et al 2013).  Trees provide key resources to millions of people such as timber 

and wood-based fuels, including firewood and charcoal, which are a primary source of 
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energy for an estimated 90% of SSA households (Chidumayo and Gumbo 2013).  As 

smallholder farmers face unpredictable crop harvests because of increasingly variable 

rainfall, and changes such as shortening rainy seasons (Lyon and Dewitt 2012), forests and 

trees provide important income from off-farm activities such as sales of timber, commercial 

charcoal and honey production (Luoga et al 2000).  Rainfall and temperature variability 

may also affect tree productivity and capacity for regrowth following disturbance, though 

much less is known about tree productivity responses to changing climate.  Amid rising 

pressures on trees and forests, initiatives such as World Resource Institute’s AFR100 

landscapes are calling for increased attention to conservation of African TDFs and 

sustainable use of forest resources (WRI 2016).  

 Given pressures from land use and climate change, improved capacity to monitor 

tree structure, forest conditions and change at landscape to continental-scales in African 

dry tropical landscapes is needed to guide land management for conservation and 

sustainable use.  Remote sensing offers synoptic, repeatable means of measuring forest and 

tree structure and recent satellite-derived products such as Global Forest Watch forest 

change maps are promising developments (Hansen et al 2013).  However, current global-

scale methods do not adequately quantify tree and forest structure variability (e.g. stem size 

distributions and density, basal area, biomass) in African TDF landscapes.  For Global Forest 

Watch data, accuracy assessments showed a 48% false-negative rate in detection of forest 

cover loss in SSA, and a 52% false negative rate across tropical forests globally (Tyukavina 

et al 2015).  The resulting area of mischaracterized forest cover and forest cover change is 

likely quite large.  Other global land cover map products (GlobCover at 300 m resolution, 

MODIS land cover version 5) show high rates of disagreement particularly in Africa (Fritz et 

al 2011).   Recent moderate-resolution optical (Landsat, 30 m pixel) and radar-based 

assessments  (ALOS-PALSAR, 12-25m pixel scale) show that the majority of forest change 
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events occur at small spatial scales of <2 ha (Ryan et al 2012, Mayes et al 2015).  At these 

spatial scales, there is poor understanding of how tree structure varies across important 

landscape-scale gradients such as forest age and disturbance history, and this has precluded 

detailed study of forest condition beyond forest cover at landscape scales in the region. 

 One major challenge for characterizing tree structure in African and other tropical 

dry forest areas with optical remote sensing is relating the land cover features these data 

measure  – materials comprising the land surface such as green vegetation or exposed 

substrate – to tree structure across forest and non-forest areas and landscape gradients on 

the ground.  Forest areas – including a mix of closed and open canopy woodlands - have 

complex canopy, stem and land cover structure because of varied edaphic conditions (e.g. 

landscape position and soil type) and the chronic disturbances of fires and human activities 

over long timescales(Frost 1996).   There is large variability in mature forest basal area (5-

30 m2 ha-1) and aboveground biomass (50-150 Mg ha-1) (Williams et al 2008, Kalaba et al 

2013a, McNicol et al 2015, Chidumayo 2013).  Land cover and land use disturbances add 

further complexity.  Today, African dry forest landscapes are mosaics of forest, shifting 

agricultural fields and village areas with patch sizes from 0.5-5 ha.  Forest loss, degradation 

and regrowth occur across large regions at small spatial scales reflective of localized land 

use, as well as over large areas in the case of factors such as cattle grazing and fire, with 

variable effects on forest structure (Frost 1996). 

An important step to understanding tree structure-land cover relationships on the 

ground in African dry forest landscapes is examining how multiple types of land cover 

features relate to tree structure.  Greenness-related field (e.g. leaf-area index (LAI)) and 

satellite measures (e.g. normalized difference vegetation index, NDVI) underlie many widely 

used global methods for optical remote sensing of tree structure (Hansen et al 2013, Baccini 
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et al 2012).  However, past studies in African dry forests have found that greenness 

measures such as NDVI alone have correlated only moderately to canopy and forest 

structure (Ribeiro et al 2008, Halperin et al 2016).  Non-green land cover components, such 

as woody stem density and canopy structure, or patterns in leaf litter, senesced grass or 

exposed substrate, can also relate to forest structure.  Studies of tree structure with remote 

sensing in North American Pacific Northwest, Russian and Brazilian forests have found non-

green land cover metrics correlated as well or better to aspects of tree structure than 

greenness measures (Sabol et al 2002, Adams et al 1995, Healey et al 2005).  While a few 

studies have collected tree inventories to assess forest structure changes across regrowth 

chronosequences in African dry forests (Williams et al 2008, Kalaba et al 2013b, Chidumayo 

2013, McNicol et al 2015), none have collected field data on green and non-green canopy 

and land cover features alongside tree stem inventories to study how they relate on the 

ground.      

 Another challenge to quantifying tree and forest structure in African dry forests is 

testing how field data on land cover, forest and tree structure in African dry forests relate to 

remotely sensed observations.  This need is akin to developing an appropriate “calibration 

curve” on a laboratory instrument that spans an expected range of analyte concentrations 

for a set of samples taken from a given environment or population.  African TDFs occupy the 

low end (50-250 Mg C ha-1) of typical global tropical forest biomass ranges (200-500 Mg C 

ha-1) (Baccini et al 2012, Aber and Mellilo 1991). The combination of prevalent open-canopy 

conditions and shorter-stature trees (<15 m) yield a forest structure for which global and 

continental scale-oriented forest remote sensing approaches are not well calibrated.  

Globally or pan-tropically-oriented remote sensing methodologies, such as those behind 

Global Forest Watch data products, exclude identification of forests with trees < 5m height 

and only count forest loss or gain areas as those with changes from >50% to 0% canopy 
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cover or vice versa (Hansen et al. 2013).  The calibration sites and training data must 

represent generalized mature forest structures and signatures of change across a range of 

conditions spanning continents and climate zones.  Recent work has focused on refining 

remote sensing approaches for African forests at large, but focuses its attention on 

continental-scale forest structure gradients from Congolese rainforests to South African 

grasslands defined by climatological factors (Hansen et al 2016).  This work does not 

address how forest structure and land cover vary and relate to within-landscape gradients 

such as forest regrowth age, management, or disturbance intensities. 

 Our goals in this paper are to characterize tree structure, land cover features and 

their relationships to each other across regrowing, mature and disturbed forest sites, and 

sites reflecting landscape-scale gradients in tree cover types in an African dry forest 

landscape.  We quantify relationships between land cover and tree structure features on the 

ground, and between field and Landsat satellite-derived metrics of senesced and green 

vegetation materials quantified  by vegetation indices (NDVI) and spectral mixture analyses 

(SMA), which physically models land cover features (Adams and Gillespie 2006, Adams et al 

1995, Chambers et al 2013, Mayes et al 2015).  We test a hypothesis that exposure of 

senesced vegetation ground cover features, modulated by tree canopy cover, relates 

inversely to tree basal area and biomass.  Subsequently, we produce new satellite-derived 

maps of tree basal area and aboveground biomass and assess their results by comparisons 

to field data and known landscape-scale trends in tree cover structure.   

 

2.  Methods 

2.1 Study area     
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 Our study landscape is located in central Tabora Province, western Tanzania (5.0OS, 

32.8OE) (figures 2.1-2.2).  Tabora is located in the northeastern Miombo Woodlands, which 

although often classified as a tree-grass savanna ecosystem, has extensive tree cover-

dominated regions that constitute the largest area (2.5M km2) of dry forest in sub-Saharan 

Africa (Frost 1996) (figure 2.1).  Tree cover includes dense forest and woodland areas with 

canopy cover 50-100%, and areas of sparse canopy cover (<20%) in tree-grass savanna 

regions, located in clay-textured peripheries of seasonal drainages at low landscape 

positions, called mbuga (figure 2.2b-c) (Frost 1996).  Mean annual temperature is 23.9 OC 

and mean annual precipitation is 770 mm (2000-2009), with 90% falling between 

November and May.  In 2012, Tabora had a population of 2.3 M and experienced high rates 

of forest turnover and net deforestation from the mid 1990s-2010s , caused by pressures 

from agricultural development, urbanization and growing timber and wood-based fuel 

demands that are common throughout the Miombo Woodland region (Mayes et al 2015, 

URT 2014, Schwartz and Caro 2003, Chidumayo and Gumbo 2013).  Forests in the study 

region fall under a variety of management regimes, including nationally managed reserves 

(Igombe Forest Reserve) and village-managed forest areas (figure 2.2a).  Of standing forest 

cover in the region in 2011, an estimated 16% consists of regrowth since 1995(Mayes et al 

2015).  Because crop and woodland phenology make the early to mid-dry season the 

optimal time to quantify forest and non-forest land cover variability for scaling to satellite 

remote sensing at landscape scales (Mayes et al 2015), we organized field and satellite 

remote sensing studies contemporaneously in June-July 2015.  At this time, agricultural 

areas are harvested, while woodland trees retain moderate canopy leaf cover, which 

maximizes the landscape-scale variability in green and non-green land cover materials with 

which to test our hypothesis.    

  



40 
 

 
 

2.2 Field site locations and layout 

We collected data on land and tree cover structure from 18 sites spanning a forest 

regrowth chronosequence of ages 3 yr to maturity (>100 yr) in the early to mid-dry season 

(July 2015) (figure 2.2a, figure S2.1).  Of mature forest sites, three were under national 

jurisdiction of the Tanzania Forest Service in Igombe Forest Reserve and three were in 

village-managed areas (figure 2.2a).  Given mostly flat topography and long-term shifting 

cultivation in the region, time since abandonment of cultivation was one of the most 

prevalent gradients along which forest characteristics varied at landscape scales that we 

could sample in a repeatable and stratified manner.  We chose field sites using a 

combination of remote sensing, field visits and interviews with local people about land use 

and fire history.  All sites had > 3 yr. since fire, recent (20-yr) prior history of maize 

cultivation, flat topography (slope < 2%) and sandy (>70%) soils.   

 At each field site, we established a 0.5 ha (50 x 50 m) plot located as far as possible 

from boundaries such as roads or field edges.  We measured forest structure,  canopy and 

land cover in a spatially aligned manner within four circular sub-plots of 10 m radius, 

located using a stratified random sampling design in each quadrant of field sites (Williams 

et al 2008).  For forest/tree cover structure, we inventoried stem basal diameter and 

diameter-at-breast-height (dbh) at 1.3 m) for all trees > 5 cm dbh in the sub-plots.  

Allometric relationships specific to the Miombo and global dry tropics were used to convert 

stem sizes to biomass (table 2.1).  Basal area and biomass were summed across all plots and 

normalized to the sum of sub-plot areas to calculate tree basal area and biomass density 

over an approximately 1/8 –ha area  (Williams et al 2008).  For canopy structure data, we 

took two types of data.  First, we measured plant-area index (PAI) data using an LAI-2200 

photosensor (LiCOR, Lincoln, NE) at 1.3 m.  Second, we took spherical densitometer (grid-
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etched convex hemispherical mirror) surveys of cover to account specifically for what 

materials comprised canopy cover following a classical United States Forest Service method 

(Strickler 1959, Korhonen et al 2006).  Mounting the densitometer on a stand at 1.3 m 

height, we tallied and summed counts of four classes of material at 17 points in a wedge-

shaped subset of the mirror area in four cardinal directions: green leaf, senesced leaf, 

woody material and open sky (no material). We took these data (a total of 68 counts per 

point at 7 points) within the sub-plots with readings at plot centers and at 5 m intervals 

along three 10 m radii oriented at compass bearings of 0O, 120O and 240O.  We averaged the 

proportions of cover calculated at 7 points for a final measurement of the cover in a subplot, 

and averaged the subplot averages to compute a plot cover total. For ground cover data, at 

the same 7 points were canopy data were taken, we used a modified point-line transect 

method and tallied, summed and averaged proportions of the following land cover 

materials: leaf litter, green grass, senesced grass, woody litter, roots/stems, charred organic 

matter, ash, and bare substrate.   The point-line transect method has been used widely in 

measuring land cover in semi-arid regions and has been shown to scale successfully 

between ground and satellite data (Pilliod and Arkle 2013, Elmore et al 2000). 

 

2.3  Satellite data and image analysis methods 

 For satellite data, we acquired six Landsat 8 OLI surface reflectance-corrected 

scenes from June-July 2015 from the NASA/USGS ESPA processing system covering the area 

of Tabora Province.   Landsat 8 images were processed to surface reflectance using the L8SR 

algorithm (Vermote et al 2016).  Using the six traditional visible, near-infrared and 

shortwave infrared optical bands with 30 m spatial resolution, we conducted spectral 

mixture analyses (SMA) using field-validated endmembers (EM) to model land cover.  SMA 
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is an established satellite image analysis technique that models pixel reflectance values as 

linear multiplicative sums of the reflectance of known materials, subject to constrains that 

the sum of the fractions must equal 1.0 and there are no negative values, and acts as a 

physical modelling technique that estimates the proportion of known materials that 

comprise landscape surfaces (Adams and Gillespie 2006).  We used a fixed-endmember 

SMA approach, using single endmembers for four materials consistent with categories used 

for canopy and ground cover data: green vegetation (GV), non-photosynthetic vegetation 

(NPV), substrate and shade, which were chosen from georeferenced field sites with high 

proportions of these materials, and successfully used for forest change mapping in Tabora, 

Tanzania (Mayes et al 2015) (figure S2.2).  Outputs of SMA are images with pixel values 

from 0-1 representing modeled proportions of endmember materials comprising land cover 

surfaces.  We calculated normalized difference vegetation index (NDVI) images to compare 

how a more common greenness-based measure for land cover performed against SMA for 

representing Miombo TDF land cover.  To deal with image variability from scene to scene, 

we normalized EMs and NDVI to scene summary statistics by calculating Z-scores on a per-

pixel basis.   

  

2.4  Statistical analysis of field-satellite data relationships and assessment of basal area and 

biomas maps 

We quantified and assessed differences in field data on forest structure, canopy and 

land cover variables and satellite data among sites and site age groups using analysis of 

variance (ANOVA and Tukey’s HSD means comparisons, p < 0.05) and ordinary least-

squares linear regression.   We developed and applied log-linear models to predict tree 

structure (basal area, biomass) from satellite data using three Landsat-derived indices: two 
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of the SMA output images (Landsat SMA-NPV and SMA-GV) and NDVI.  Landsat SMA-NPV, 

SMA-GV and NDVI values were extracted for 3x3 pixel regions chosen over GPS points for 

field sites.  Of the 18 field sites, 17 were used to develop linear models – one site (S07, 

mature village forest) showed evidence of moderate burned area on the ground that 

confounded its SMA results (table S2.1).  Using these models, we mapped basal area and 

biomass maps in a 275,000-ha well-known training region in central Tabora Province 

(figure 2.2).  

We assessed map performance in three ways.  First, we compared the senesced and 

green vegetation metric-based Landsat map estimates of tree structure to data at field sites, 

specifically the direction and absolute values of differences between remotely sensed 

biomass and field biomass data.  Second, we calculated the average tree structure (basal 

area and biomass) modeled by the senesced and green vegetation metric-based approaches 

for region-wide forest and non-forest land cover classes, delineated by a Landsast SMA-

based thresholding method developed for the Miombo that accounted for land cover 

phenological variability (Mayes et al 2015).  Then, we compared the modeled forest and 

non-forest land cover tree structure to field data for mature forest, and young regrowth (3-

4 and 10-24 yr) sites respectively.  Third, we compared the sensitivity of the three remote 

sensing approaches to tree structure for dense woodland, mbuga woody vegetation and 

areas largely cleared of trees in nationally managed (Igombe Reserve) and village-managed 

(Millennium Villages Project) regions.  To do this, we selected 35-40 image validation points 

for dense, sparse and cleared areas (little to no tree cover) separate from our field sites, 

using knowledge from the field and Google Earth imagery from 2013 onward to verify site 

conditions.   We conducted analysis of variance (ANOVA) for tree biomass estimates, 

modeled by the three remote sensing approaches for each region, using tree cover type 

(dense woodland, mbuga and cleared) and remote sensing index as independent variables, 
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with the goal of assessing the degree to which SMA-NPV, SMA-GV or NDVI-based models 

could differentiate tree structure across known gradients at landscape scales.     

 

3.  Results 

3.1  Field-measured forest structure and land cover 

 Forest (tree) structure showed significant differences among age and disturbance 

classes (ANOVA, p < 0.05, figure 2.3) .  Basal area, biomass, stem density, height and volume 

all increased significantly with increasing site age, and mature forests varied between 

village-managed and national reserve-managed sites (figure 2.3, table 2.2).  Basal area 

differed among all regrowth age classes (3-4 yr, 10-24 yr, 30-40 yr) (p < 0.05) and village-

managed mature forests (figure 2.3a).  Biomass and biomass carbon trends were similar to 

basal area (figure 2.3b, table 2.2).  Regrowth sites of 3-4 yr ages had significantly lower 

biomass than all other regrowth and mature sites (p < 0.05.  Biomass at 10-24 yr sites was 

significantly greater than 3-4 yr sites and significantly less than mature forests.  Biomass of 

30-40 yr sites was intermediate and did not differ significantly between 10-24 yr regrowth 

and mature sites.  Disturbed forest sites (aged 6-19 yr) had lower biomass, basal area and 

stem density than mature and older (30-40 yr) regrowth sites, and similarly aged regrowth 

sites (10-24 yr), but differences were not significant from 10-24 yr regrowth sites.  Though 

highly variable within groups and not significantly different from each other, village-

managed forest field sites had higher stem density, basal area and biomass than nationally-

managed forest field sites (table 2.2, figure 2.3). 

Total plant canopy area (plant-area index, PAI) and open-sky fraction tallied from 

spherical densitometer measures differed significantly by regrowth site age categories 
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(ANOVA, p < 0.05), with PAI increasing and open-sky fraction decreasing with increasing 

site age (figure 2.4a, 2.4c).   Amid overall canopy area changes, woody material fractions 

had weak trends and green leaf material fractions had no significant trend or differences 

with site age (figure 2.4b).  Below these canopy structure changes, ground cover was 

dominated by leaf litter and senesced grasses across all sites (>60%) (figure 2.4d).  In 

continuous relationships between land cover and forest structure on a per-site basis, overall 

canopy area (PAI) had a strong, direct linear relationship to basal area (r2 = 0.815, p < 0.01) 

and biomass (r2= 0.635, p < 0.01) (figure 2.5a) and canopy open sky fraction showed a 

strong, inverse linear relationship to basal area (r2 = 0.763, p <0.01) and biomass (r2 = 

0.552, p = 0.002) (figure 2.5b).   No significant relationship existed between the proportion 

of green leaf area in the canopy to basal area (r2 = 0.105, p = 0.103) or biomass (r2 <0.01, p = 

0.330) (figure  2.5c).   

 

3.2  Satellite-modeled land cover and  field-satellite data relationships 

 Landsat SMA successfully modeled land cover with low root-mean square error 

(<0.01) and greater than 90% of pixels with reasonable endmember proportions greater 

than 0 or less than 1 in the training region over central Tabora (table 2.3).  The SMA-NPV 

fraction comprised the highest mean proportion of land cover materials per pixel (0.40 ± 

0.15 s.e.m.) and the highest sensitivity to varying land cover mixtures (table 3).   Mean per-

pixel green vegetation fractions of land cover were lower (0.15 ± 0.07 s.e.m.)) and less 

variable across the landscape.      

 Non-photosynthetic vegetation (NPV) measures had equal or stronger relationships 

among land cover, forest structure and satellite data than green vegetation measures across 

sites.  The senesced vegetation-related metrics between field-measured land cover and 
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satellite data had stronger relationships than green vegetation metrics between field-

measured land cover and satellite data.  Landsat SMA-derived NPV had a significant positive 

linear relationships with open-sky fraction of the canopy (r2 = 0.632, p <0.001), coherent 

with increasing exposure of NPV ground cover (figure 2.6a).  Positive linear relationships 

occurred but were not as strong between canopy PAI and Landsat SMA-derived GV (r2 = 

0.514,p <0.001) and NDVI (r2 = 0.484, p < 0.001) (figure 2.6b-c).   Pearson correlations 

among forest structure and senesced land cover features (Landsat SMA-NPV) were as 

strong or stronger than forest structure correlations to greenness metrics (Landsat SMA-GV 

and NDVI) (figure 2.7).  For green vegetation features, as forest basal area and biomass 

increased, canopy area (PAI) grew and overall green material increased as part of increased 

canopy cover.  Thus, despite showing inconsistent trends with regrowth as a proportion of 

canopy cover alone (figure 2.3b), the green vegetation satellite metrics had direct 

relationships to total canopy area (figures 2.6b-2.6c) and forest structure (figure 2.7b-2.7c, 

2.7e-f).   Log-linear regression models showed significant relationships among scene-

normalized (Z-score) NPV and green satellite metrics (Landsat SMA-GV and NDVI), and tree 

basal area and biomass (table 2.4).  Correlation coefficients of Landsat-NPV-based 

relationships to basal area and biomass were slightly higher than Landsat SMA-GV or NDVI-

based ones.   

 

3.3  Landsat-derived basal area and biomass maps 

 In satellite metric-derived maps of basal area and biomass, >90% of pixels were 

modeled within published ranges for basal area (0-35 m2 ha-1) and biomass (0-200 Mg ha-1) 

in Miombo forests (table 2.5).   Relative to data at field sites, SMA-NPV maps estimated 

biomass with mean absolute value errors of 12 Mg ha-1, 30% lower than mean absolute 
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errors for SMA-GV (19 Mg ha-1) and NDVI maps (18 Mg ha-1) (table S2.1-S2.2).  For all 

metrics, satellite maps produced biomass estimates closest to field data for mature forest, 

30-40 yr regrowth and disturbed forest site classes (table S2.1).   All metrics overestimated 

biomass at 3-4 and 10-24 yr regrowth site classes, with SMA-NPV metrics showing the 

closest estimates to field values, but field values themselves were smaller than the field-

satellite map error rates for all metrics (table S1).        

    At landscape scales between forest and non-forest land cover, all metrics estimated 

mean forest basal area and biomass to be 300% larger than non-forest land cover areas 

(figure 2.8-2.9, table 2.6).  Among metrics, SMA-NPV maps estimated higher basal area and 

biomass than SMA-GV and NDVI maps for both forest and non-forest land cover.  Forest 

land cover biomass estimates were 2-3 times the mean absolute errors between satellite 

estimates and ground data at field sites.  The SMA-NPV-based maps’ scene-wide means (and 

standard errors) for non-forest area basal area (4.23  ± 4.01 m2 ha-1 ) and biomass (7.14 ± 

11.2 Mg ha-1) were in the middle of the range of field-measured basal area and biomasses 

for 3-4 and 10-24 yr regrowth sites (table 2.2, figure 2.9).  The SMA-GV and NDVI maps 

modeled mean basal areas and biomass for non-forest areas scene-wide at the low end of 

the range of 3-4 and 10-24 yr field sites (table 2.2, figure 2.9).   However, non-forest area 

biomass estimates (3-7 Mg ha-1) were below the values of mean absolute errors between 

satellite estimates and ground data at field sites.   

 In analyses of satellite metric performances across image validation points, both 

tree cover type and remote sensing index showed significant relationships to remote 

biomass estimates (table 2.7).  For Igombe Reserve and village-managed areas, the SMA-

NPV maps significantly differentiated the biomass for all three tree cover types - dense 

woodland, mbuga woody vegetation and remnant woody biomass in cleared areas (figure 
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2.10, table S2.3).  The greenness indices differentiated biomass only for dense woodlands, 

but not among mbuga and cleared areas (figure 2.10, table S2.3).   SMA-NPV and greenness 

indices modeled similar biomass estimates for dense woodland validation points (at Igombe 

Reserve, 115-130 Mg ha-1; in the Millennium Village area, 85-95 Mg ha-1) and cleared area 

validation points (at Igombe Reserve, 4-8 Mg ha-1; in the Millennium Village area, 2 Mg ha-1).  

However for mbuga woody biomasses, SMA-NPV estimates (23-24 Mg ha-1 at Igombe 

Reserve and Millenium Village areas) were roughly 3-4 times larger than those of greenness 

indices (at Igombe Reserve, 8.5-9.5 Mg ha-1; in the Millennium Village area, 6.4-6.9 Mg ha-1) 

(table S2.3).    

 

4.  Discussion 

4.1 Senesced vegetation land cover features relate strongly to forest structure 

 Characterization of early-dry season land cover features across regrowth and 

mature forest sites yielded practical new insights for optical remote sensing of tree 

structure at landscape scales  in Tabora.  There were clear relationships between tree stem 

structure and total canopy cover across sites, shown by independent measurements: PAI 

(photosensor) correlated directly to basal area and biomass, and open-sky fraction 

(spherical densiometer), correlated inversely.  There was also persistently high NPV 

comprised of senesced grass and leaf litter on the ground.  The net effect of dominant NPV 

ground cover and strong canopy cover trends with tree basal area and biomass was that 

canopy cover-mediated exposure of NPV ground materials emerged as a land cover pattern 

that related strongly to tree structure.  There was not a significant relationship between 

tree structure and the proportion of green leaf cover in the canopy at this time of year.  As 

opposed to total canopy cover, which is comprised of significant proportions of woody 
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material controlled by long-term tree growth, green leaf cover is affected by more factors 

that could confound its relationship to basal area and biomass in the early dry season.  

These include variable phenology across individual trees and tree species, and landscape-

driven edaphic factors such as topographic position and soil moisture.  At the scales of field 

plots, land cover and tree structure data corroborated our hypothesis that total canopy 

cover would control exposure of NPV that varied inversely with basal area and biomass.   

 

4.2  Field-measured land cover-forest structure patterns scale to Landsat SMA analyses  

Land cover relationships to tree structure in field data provided the basis to test if 

our hypotheses about land cover-tree structure relationships scaled to Landsat-derived 

metrics.  Indeed, SMA-derived NPV fractions at scales of about 1 ha (3x3 30 m pixel groups 

averaged over field sites) showed inverse relationships to basal area and biomass, driven by 

the net land cover signal of canopy-mediated NPV exposure.  This non-green land cover 

signal was stronger than Landsat SMA-green vegetation fraction and NDVI relationships to 

basal area and biomass.  Despite poor canopy green leaf proportion-tree structure 

relationships in the field, Landsat-scale greenness metrics still correlated to basal area and 

biomass at 1 ha spatial scales.  Though this study was oriented to compare the performance 

of non-green and green land cover variables separately for modeling forest structure, its 

results indicate non-green and green land cover could be used in combination to model tree 

basal area and biomass across African TDF landscapes.  Other recent studies have shown 

the value of using not only multiple land cover metrics, but also ancillary data on landscape 

variables to map aspects of tree structure in African TDF landscapes (Halperin et al 2016).   
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4.3  Senesced vegetation-based indices model basal area and biomass with lower error relative 

to field sites and higher sensitivity to variable tree cover types than green vegetation-based 

indices  

 All senesced and green vegetation metric-based maps estimated landscape-scale 

ranges of tree basal area and biomass that matched published Miombo Woodland tree 

inventories (basal area 0-35 m2 ha-1 ; biomass 0 – 150 Mg biomass ha-1 or 0-70 Mg ha-1  

biomass carbon (C) ha-1) estimating C as 47% of woody biomass (Frost 1996, Williams et al 

2008, Kalaba et al 2013).  All metrics also captured large differences in tree structure of 

forest and non-forest land cover, >10 m2 ha-1 in basal area and > 30 Mg biomass ha-1.  These 

results indicate that SMA-NPV, SMA-GV fraction images, or NDVI calculated from 30 m  

Landsat scale-optical remote sensing data in the early dry season all are capable of 

representing broad tree cover structure trends at landscape scales in an African dry forest 

environment.  Similar approaches may be transferrable for coarse landscape-scale forest 

structure monitoring in other global tropical dry forests, or using other optical remote 

sensing data sources such as the new Sentinel-2 sensors. 

 The performance assessments we were able to complete for senesced and green 

vegetation metric-based biomass maps at field sites, and across gradients in tree cover type 

via image validation points were imperfect, but illustrative of the advantages senesced 

vegetation-based metrics demonstrated over green vegetation metrics for mapping tree 

structure particularly for low-biomass tree cover areas.  With unlimited resources, the best 

validation of our methods would use additional tree inventory data collected from field sites 

on the ground, distributed either among regrowth forest sites or major tree cover types, as 

independent sites against which to test model estimates.  More field data would also help to 

improve the calibration dataset and verify that the relationships we found among land 
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cover and tree structure across 17 sites holds for a larger dataset.  At the scale of individual 

field sites, both field data for biomass and satellite estimates varied widely (5%-100 %+) 

relative to average values for site categories.  This serves as a caution for using the methods 

described in this paper for site-specific forest or tree cover monitoring, as opposed to 

monitoring of larger areas, at least until the variability of tree structure and land cover on 

the ground as well as satellite metrics is characterized at more sites.     

 However, with the limited field data available, the back-comparison of model 

estimates to field site measurements of biomass, and the image validation point analyses 

together suggested the SMA-NPV senesced vegetation metric estimated aboveground tree 

biomass values more accurately and with greater sensitivity to biomass variability  across 

different tree cover types than the greenness metrics.  With overall mean absolute value 

differences in biomass estimates from field sites of 12 Mg ha-1 across all sites, the SMA-NPV 

metric could in theory be capable of resolving biomass variability or change of 20-25 Mg ha-

1, using a guideline of only estimating biomass variability or change at twice or more than 

the magnitude of the metric’s error or uncertainty.  With mean absolute value differences in 

map-field biomass estimates of >18 Mg ha-1, the greenness measurements would have a 

resolving power of detecting biomass variability or change at rates of 35-40 Mg ha-1.  The 

image validation point analyses further demonstrated the “edge” in accuracy and sensitivity 

that SMA-NPV metrics showed over greenness metrics for biomass estimation at a broader 

landscape scale.  From past Miombo Woodland research, woody biomass at the periphery of 

mbuga or clayey-soil (vertisol) drainage regions in Miombo landscapes has been measured 

at 15-30 Mg ha-1 , which is between that of 10-24 (10 Mg ha-1)  and 30-40 yr regrowth forest 

sites (40 Mg ha-1) (Frost 1996, Woollen et al 2012).  In both the nationally-managed Igombe 

Reserve and  village-managed regions of interest, the SMA-NPV metric estimated similar 

mean biomass around mbuga peripheries  at 24 Mg ha-1, significantly different from mature 
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forests (>80 Mg biomass ha-1-) and cleared areas (<5 Mg ha-1).  In contrast, the greenness 

metrics modeled mbuga periphery woody biomass of about 5-10 Mg ha-1, a significant 

underestimate relative to past studies, which further did not significantly differentiate 

mbuga woody biomass from cleared area biomass.  These comparisons indicate that the 

SMA-NPV senesced vegetation metric showed better accuracy and precision for modeling 

tree biomass relative to the green vegetation metrics, particularly in intermediate to low-

biomass areas like the mbuga peripheries and 10-24 and 30-40 yr regrowth sites.   

  Notably, biomass estimates for Igombe Reserve and the village-managed forest 

areas, quantified by data from field sites and image validation points showed different 

comparative trends.  Though it was not a goal of this study to evaluate impacts of national 

versus local management on forest condition, the results highlight useful considerations 

about field site selection and the value-added of remote sensing approaches, with quantified 

uncertainties, toward addressing questions about management effects on forests at 

landscape scales.  At the field sites we were able to access for tree inventories, village-

managed forests had higher mean biomass (100 ± 28 Mg ha-1) than nationally-managed 

forest sites (76 ± 9.0 Mg ha-1) (figure 2.3, table S2.1).   However, in image validation point 

analyses covering broader areas, the Igombe Reserve dense woodland points’ mean 

biomass estimates (115-130 Mg ha-1) were larger than village-managed dense woodlands 

(88-92 Mg ha-1).   These discrepancies likely reflect field measurement biases related to the 

nature of sites that were accessible for tree inventories between the Igombe Reserve and 

village areas, and differences in land-use pressures or management policy effects on forest 

structure between the regions.  With fewer roads in Igombe Reserve, and safety concerns 

due to illegal settlement in the forest reserve, hiking to the most remote mature forest sites 

or dense woodlands was not possible or advisable.  As forest protection was poorly 

enforced in the reserve, the sites we were able to access, closer to roads, likely reflect more 
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disturbance pressure than much of the remote mature forest and dense woodland.  In 

contrast, the forest sites we measured in villages were often under informal but strong use 

agreements among surrounding villages to not clear or disturb forest cover.  We had asked 

village residents about measuring the most intact remaining forests.  Thus, our sites 

probably represented among the less disturbed forest and dense woodland areas among the 

broader population of remnant and regrowth dense woodland in village areas.  The number 

of sites in this study was small, and certainly additional field sites would be needed to 

evaluate village versus national management policies, and the resulting regional land-use 

pressures, on forest structure.  However, remote sensing offers a way to get around 

logistical difficulties of site access and biases, and provides a more synoptic assessment of 

forest resources at landscape scales than can often be accomplished with field inventories.         

 Given the performance assessments, Landsat-scale tree structure maps generated 

by methods such as those in this study may be useful for a number of forest and tree cover 

monitoring applications.  All indices may be suitable for monitoring biomass changes from 

clearing or moderate to severe degradation of mature or 30-40 yr regrowth Miombo forest 

at scales of Landsat pixels (0.25 ha+) , due to land uses such as timber or tree harvesting for 

wood-fuel production, whose impacts to tree structure are large (>30-50 Mg ha-1) (Luoga et 

al 2002).  As part of such applications, further research is needed to assess how temporal 

variability of land cover metrics at satellite scales affects biomass estimates at no-change 

sites of high and low forest biomass.   The SMA-NPV indices show promise over greenness 

metrics for monitoring biomass changes of smaller magnitudes in lower to moderate tree 

biomass areas (20-30 Mg ha-1), perhaps associated with monitoring regrowth, agroforestry 

or forest restoration projects.  Given the uncertainties, none of the remote sensing 

approaches could be considered accurate for estimating biomass variability or change 

below or between ranges of the 3-4 and 10-24 yr regrowth field sites (<10 Mg ha-1).  
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 This study highlights three key opportunities for further work to improve 

knowledge of land cover-tree structure relationships, and use of optical remote sensing to 

monitor forest and tree cover conditions in African dry tropical landscapes.  First, there is 

great need for more field data on tree structure and land cover in African dry tropical 

landscapes to enable more rigorous accuracy assessment of remote sensing products.  

Second, given the mean absolute errors between maps and field data and their implications 

for reasonable detection of forest structure variability and change, there is a need to further 

refine remote sensing methods to monitor smaller biomass changes and tree structure 

variability in low-biomass regions.  Other SMA approaches that characterize land cover at 

sub-Landsat pixel scales, such as multiple-endmember spectral mixture analyses (MESMA) 

or use of automated SMA methods such as the Carnegie Landsat Analysis System (CLAS) 

could be useful for such efforts  (Roberts et al 1998, Asner et al 2009).  Data-fusion 

approaches that merged optical with active remote sensing data (e.g. radar, LiDAR) have 

proved effective for mapping tree structure in African dry tropical forests and across the 

global tropics for larger areas (Ribeiro et al 2008, Baccini et al 2012, Saatchi et al 2011), and 

may also be useful within landscapes.   High resolution (< 1m) remote sensing observations 

of tree structure, such as those from small drones (UAS), may also prove useful for 

improved scaling between field and satellite data (Tang and Shao 2015, Paneque-Galvez et 

al 2014).  Three, further integration of repeat local community monitoring and scientific 

research on land cover-forest structure relationships is an opportunity to improve forest 

monitoring capabilities and inform assessment of local management effects on forest and 

tree cover condition.                    

 

5.  Conclusions 
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 In this study, we have found that senesced vegetation land cover features in the 

early dry season relate significantly to tree structure at scales of field and satellite data in 

the western Tanzanian Miombo Woodlands, offering an alternative to monitoring tree 

structure across African TDF landscapes that is particularly effective for low-biomass areas.  

In field data, we found that canopy cover-mediated exposure of non-photosynthetic 

vegetation (NPV) on the ground  (senesced litter and grass cover) had strong inverse 

correlations to tree basal area and biomass across a gradient of young to mature and 

disturbed forest sites.  In contrast, there was no significant relationship between the 

proportion of green leaf material in tree canopies to tree structure.  In analyses of Landsat 

data over field sites, including spectral mixture analyses (SMA) and NDVI, metrics for 

senesced vegetation cover (SMA-NPV fractions) had inverse relationships to land cover and 

tree structure that were comparable to or stronger than direct correlations of greenness 

measures (SMA-vegetation, NDVI) to tree structure.  Basal area and biomass maps based on 

Landsat metrics for senesced (SMA-NPV) and green vegetation(SMA-vegetation fraction, 

NDVI) performed similarly for high-biomass forested areas, but senesced vegetation-based 

maps produced more reasonable ranges of basal area and biomass estimates in non-forest 

areas.   While more field data is needed to validate the landscape-scale tree structure 

estimates of these pilot maps, our results demonstrate that senesced vegetation metrics at 

Landsat scales are a promising means for improved quantification of tree structure 

conditions and change in African TDF ecosystems.   
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TABLES: CHAPTER TWO 

 

Table 2.1  Allometric equations used to calculate tree biomass from field data. 

Reference Equation Source 
country 

Notes 

 
Chidumayo 
2013 

 
log (B) = 2.553*log(dbh) – 
2.563 

 
Zambia 

 
MAP 894 (44) mm yr-1 

(1967-2009) 
 
Ryan et al. 
2011 
 

 
log (B) = 2.601*log(dbh) – 
3.629 

 
Mozambique 

 
MAP 850 (269) mm yr-

1 

(1956-1969, 1998-
2007) 

 
Malimbwi et 
al. 1994 
 

 
log (B) = 2.603*log(dbh) – 
2.959 

 
Tanzania 

 
MAP not reported. 
Study location along 
Dar es Salaam-
Morogoro Road. 
 

Brown et al. 
1989 
 

B = 34.47 – 8.067*(dbh) + 
0.659*(dbh)2 

Pan-dry tropics Global dry tropics 
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Table 2.2   Forest structure variability by regrowth site age class across a Miombo 

Woodland landscape in Tabora, Tanzania.  Values by column not sharing letters differed 

significantly in analyses of variance (ANOVA) and Tukey’s Honest Significant Difference 

tests (p < 0.05).   

 

 

 

 

 

 

 

 

 

 

 

 

Forest site age  
yr 

N sites Stem Density 
Stems ha-1 

Height 
m 

Biomass C 
Mg ha-1 

Volume 
m3 ha-1 

 
3-4 

 

 
3 

 
138 (50.6)c 

 
3.18 (0.74)c 

 
0.85 (0.35)d 

 
2.51 (1.04)d 

10-24 
 

3 756 (108)ab 5.05 (0.06)bc 

 
4.71 (0.43)bc 14.4 (1.30)bc 

30-40 
 

3 891 (154)a 8.02 (0.41)ab 22.1 (3.09)ab 70.2 (9.84)ab 

Mature – Village 
>100 

 

3 897 (104)a 11.4 (0.97)a 49.9 (13.9)a 160 (44.9)a 

Mature – 
Reserve 

>100 

3 531 (137)abc 9.19 (1.57)a 38.1 (4.49)a 122 (14.8)a 

 
 

Disturbed* 
6-19 yr 

3 307 (37)bc 4.06 (0.38)bc 1.48 (0.34)cd 4.29 (1.06)cd 
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Table 2.3  Variability of land cover features assessed by linear spectral mixture analysis of 

Landsat 8 data in a Miombo Woodland landscape, Tabora, Tanzania.   

 

 

Date Endmember Mean (±σ) % < 0 % > 100 
14 July 2015 Vegetation 0.154 (0.071) 0.969 0 
 NPV 0.396 (0.151) 0.140 0.056 
 Substrate 0.121 (0.091) 7.41 0 
 Shade 0.328 (0.083) 0.011 0 
 RMS 0.008 (0.002)   
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Table 2.4  Linear relationships modeling forest structure variables with Landsat 8-derived 

senesced vegetation and green vegetation land cover metrics in a Miombo Woodland 

landscape, Tabora, Tanzania. 

 

 

 

Forest structure 
variable 

Relationship r2  

Basal area (A, m2 ha-1) log(A+1) = 1.908 – 2.364*NPVz 0.67 (p < 0.001) 

 log(A+1) = 1.465 + 2.167*VEGZ 0.64 (p < 0.001) 
 log(A+1) = 1.661 + 0.825*NDVIZ 0.58 (p < 0.001) 
   
Biomass (B, kg ha-1) log (B) = 9.049 – 3.859*NPVZ 0.66 (p < 0.001) 
 log (B) = 8.364 + 3.413*VEGZ 0.57 (p <0.001) 
 log (B) = 8.658 + 1.325*NDVIZ 0.55 (p < 0.001) 

ZScene-normalized vegetation index (Z-score). 
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Table 2.5   Tree cover structure model results for a Miombo Woodland landscape in 

Tabora, Tanzania, estimated from Landsat 8-derived senesced vegetation and green 

vegetation land cover metrics. Values show the percentage of the modeled area (2.47 x 105 

ha, 2470 km2) with basal area and biomass ranges within reported field data for Miombo 

Woodlands.  Z subscripts indicate Z-score (scene-normalization) of land cover metrics (see 

Methods). 

 

 

Model type Basal area 
0-35 m2 ha-1 

(% training area) 

Biomass 
0-150 Mg ha-1 

(% training area) 
NPVZ 95.7 97.2 
VEGz 92.7 98.6 
NDVIZ 96.5 97.8 
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Table 2.6  Tree cover structure estimates for forest and non-forest land cover areas for a 

Miombo Woodland landscape in Tabora, Tanzania, estimated from Landsat 8-derived 

senesced vegetation and green vegetation land cover metrics. Values shown are means and 

standard errors in parentheses.  Forest and non-forest land cover was delineated following 

a regional approach accounting for variable land cover phenology (Mayes et al 2015).  Z 

subscripts indicate Z-score (scene-normalization) of land cover metrics (see Methods). 

 

 

Model type Land cover type Basal area 
m2 ha-1 

Biomass 
Mg ha-1 

Biomass carbon 
Mg C ha-1 

 
NPVZ 

 
Forest 

 
16.0 (9.55) 

 
46.1 (43.0) 

 
23.1 (21.5) 

 Non-Forest 
 

4.23 (4.01) 7.14 (11.2) 3.57 (5.58) 

VEGZ Forest 
Non-Forest 

12.2 (9.28) 
2.09 (1.99) 

31.4 (36.8) 
2.94 (3.81) 

15.7 (18.4) 
1.47 (1.91) 

 
NDVIZ 

 
Forest 

 
13.0 (9.48) 

 
35.2 (41.3) 

 
17.6 (20.6) 

 Non-Forest 
 

2.47 (1.28) 3.14 (1.93) 1.57 (0.96) 

 

 

 

 

 

 

 

 

 

 

 

 



69 
 

 
 

 

 

Table 2.7.  Analysis of variance for linear regression models assessing effects of tree cover 

type and remote sensing index (remote index) on aboveground biomass in a Miombo 

Woodland landscape, Tabora, Tanzania. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Region of Interest Linear Model Fit 

Tree Type + 

remote index 

 

Factor F-

ratio 

P 

1. Igombe Forest Reserve 

National managent 

r
2 
= 0.938 

p < 0.001 
 

Tree cover type 2400 <0.001 

  Remote index 

 

 

10.2 <0.001 

2. Millennium Villages 

Village management 

r
2 
= 0.794 

p < 0.001 

Tree cover type 685 <0.001 

   

Remote index 

 

2.42 

 

0.090 
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Table S2.1.  Field-measured and remote sensing-based estimates for aboveground tree 

biomass, derived from Landsat 8 OLI-based models based on senesced and green vegetation 

land cover metrics. Data reported for all field sites, grouped by categories of forest site age, 

management and disturbance. 

 

 

 

 

 

 

Site 

category 

Site Field Biomass 

 

Mg ha
-1 

SMA-NPV-est 

biomass 

Mg ha
-1 

SMA-GV-est. 

biomass 

Mg ha
-1 

NDVI-est. 

biomass 

Mg ha
-1 

Regrowth S08 2.6 1.2 1.8 2.2 

3-4 yr S10 0.32 6.2 5.7 5.5 

 S13 2.3 9.7 15.8 12.5 

 Mean ± s.e.m. 1.7 ± 0.7 

 

5.7 ± 2.5 

 

7.7 ± 4.2 

 

6.8 ± 3.0 

 

Regrowth S02 9.7 5.0 12 8.4 

10-24 yr S12 11 22 44 35.8 

 S18 7.8 14 6.1 6.5 

 Mean ± s.e.m. 9.4 ± 0.9 

 

14 ± 5.0 21 ± 12 17 ± 10 

Regrowth S16 38 95 86.7 85 

30-40 yr S17 38 13 14.7 10 

 S19 57 52 52.2 41 

 Mean ± s.e.m. 

 

44 ± 6.2  53 ± 24 51 ± 21  46 ± 22  

Mature  S07 140 *not modeled *not modeled *not modeled 

Village-mgd S14 45 18 14.2 10 

>100 yr S15 120 113 145 140 

 Mean ± s.e.m. 

 

100 ± 28 66 ± 48 80 ± 65 75 ± 64 

Mature S04 94 108 40 48 

Igombe 

Reserve 

S05 

66 54 25 27 

>100 yr S06 68 42 31 31 

 Mean ± s.e.m. 

 

76 ± 9.0 68 ± 20  32 ± 4.4 36 ± 6.3 

Disturbed S03 2.9 3.0 4.0 3.8 

 S09 1.8 3.2 3.3 3.0 

 S11 4.2 4.7 5.1 4.9 

 Mean ± s.e.m. 3.0 ± 0.7 3.6 ± 0.5 4.1 ± 0.5 3.9 ± 0.6 



71 
 

 
 

 

Table S2.2.  Absolute values of differences between field measured and remote sensing 

estimates for biomass, derived from Landsat 8 OLI-based models based on senesced and 

green vegetation land cover metrics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Site category Site | Field – SMA 

NPV biomass | 

 

Mg ha
-1 

| Field-SMA 

GV biomass | 

 

Mg ha
-1 

|Field – NDVI 

biomass | 

 

Mg ha
-1 

Regrowth S08 1.4 0.77 0.31 

3-4 yr S10 5.9 5.4 5.2 

 S13 7.5 13.5 10.3 

 Mean ± s.e.m. 

 
4.9 ± 1.8 6.5 ± 3.7 5.3 ± 2.9 

Regrowth S02 4.7 2.5 1.3 

10-24 yr S12 12 33 25 

 S18 6.2 1.7 1.3 

 Mean ± s.e.m. 

 
7.5 ± 2.1 13 ± 11 9.2 ± 7.9 

Regrowth S16 57 49 47 

30-40 yr S17 25 23 28 

 S19 5.1 4.4 15 

 Mean ± s.e.m. 

 

29 ± 15 26  ± 13 30 ± 9.3 

Mature S07 *not modeled *not modeled *not modeled 

Village-managed S14 27 31 35 

>100 yr S15 5.9 25 19 

 Mean ± s.e.m. 

 
16 ± 11 28 ± 2.8 27 ± 7.6 

Mature S04 14 54 46 

Igombe Reserve S05 12 42 39 

>100 yr S06 27 37 37 

 Mean ± s.e.m. 

 
17 ± 4.6 44 ± 5.2 41 ± 2.8 

Disturbed S03 0.1 1.1 0.89 

 S09 1.4 1.5 1.2 

 S11 0.5 0.91 0.75 

 Mean ± s.e.m. 

 
0.7 ± 0.4 1.2 ± 0.2 0.9 ± 0.1 

Overall Mean ± s.e.m. 12 ± 3.5  19 ± 4.6 18 ± 4.2 
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Table S2.3.  Aboveground biomass estimates at image validation sites, modeled with 

senesced (SMA-NPV) and green vegetation (SMA-GV, NDVI) Landsat 8-based land cover 

indicators, for dense woodland, mbuga and cleared tree covert types in national reserve and 

village-managed Miombo landscape regions of Tabora, Tanzania.  Validation sites for tree 

cover types were selected as 3x3 pixel areas from a 14 July 2015 Landsat 8 OLI image (see 

Methods). Region numbers correspond with numbered boxes in figure 2(a).  Means 

comparison tests (Tukey HSD) for biomass were performed for each management region 

separately;  values not sharing letters by region of interest differed significantly in Tukey 

HSD tests (p < 0.05).  Accompanies figure 2.10.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Region of interest Model type Tree Cover Type N 

sites 

Biomass 

Mg ha
-1 

 

1.Igombe Forest Reserve 

National management 

Senesced Veg. 

SMA-NPV 

Dense Woodland 38 130 ± 2.8
a 

  Mbuga 

 

40 24 ± 1.7
c 

  Cleared 

 

40 4.2 ± 0.5
d 

 Green Veg. 

SMA-GV 

Dense Woodland 

 

38 115 ± 3.0
b 

  Mbuga 

 

40 8.5 ± 0.7
d 

  Cleared 

 

40 14 ± 2.9
d 

 Green Veg. 

NDVI 

Dense Woodland 

 

38 130 ± 2.7
a 

  Mbuga 

 

40 9.5 ± 1.0
d 

  Cleared 

 

40 7.8 ± 1.2
d 

2.Millennium Villages 

Village management 

Senesced Veg. 

SMA-NPV 

Dense Woodland 40 88 ± 5.0
a 

  Mbuga 

 

41 23.8 ± 1.8
b 

  Cleared 

 

38 2.0 ± 0.2
c 

 Green Veg. 

SMA-GV 

Dense Woodland 

 

40 91 ± 5.1
a 

  Mbuga 

 

41 6.4 ± 0.5
c 

  Cleared 

 

38 1.9 ± 0.4
c 

 Green Veg. 

NDVI 

Dense Woodland 

 

40 92 ± 5.6
a 

  Mbuga 

 

41 6.9 ± 0.6
c 

  Cleared 

 

38 2.0 ± 0.3
c 
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FIGURES: CHAPTER TWO 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1.  Location of the Tabora, Tanzania study area.  (a) Tabora, Tanzania (black polygon) is located 

in the northeastern part of the Miombo Woodlands (green) which span 2.5 million km
2
 across sub-Saharan 

Africa  ecoregion.  (b) Land cover of Tabora, Tanania shown in a Landsat 8 false-color image mosaic from 

June-July 2015 (red:green:blue colors showing Landsat 8 bands 6 (shortwave infrared, 1.57-1.65 um), 5 

(near-infrared, 0.85-0.88 um), 7 (2.11-2.29 um).  Tree cover-dominated TDF regions predominate to the 

south, shown in darker greens.  Village areas dominate the northern half of the province  and are a mix of 

shifting cultivation, mature and regrowth woodlands.  Across Tabora region, more sparsely vegetated 

regions in brighter reds and pinks, burned areas in purple, and wet areas (e.g. reservoirs and welands) in 

black (right-center)  The gray box shows the part of Tabora where field sites were located for this study 

(figure 2.2). 

Miombo 

Woodlands 

a 

b 
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Figure 2.2.  Locations of field sites and regions of interest for forest monitoring in Tabora Region, 

Tanzania. (a) Landsat 8 false-color image of the 2470 km
2
 training area (gray box in figure 1), 14 July 

2015, with red:green:blue showing bands 6 (shortwave infrared, 1.57-1.65 um), 5 (near-infrared, 0.85-0.88 

um), 7 (2.11-2.29 um).  Land surface areas with dense tree cover appear in darker greens, and with 

decreasing tree cover, the land surface appears increasingly pink or white.  Dark-bordered yellow markers 

indicate field sites across a forest regrowth chronosequence, where tree inventory, land cover and ground 

data were sampled (18 total sites). Boxes 1 and 2 indicate two regions for forest monitoring with different 

land management regimes:  1-Igombe Forest, a nationally managed forest reserve; 2-The Millennium 

Villages Project-Mbola region, a locally-managed village landscape.  (b) – (d) Photos of dense, sparse and 

low tree cover areas, indicated by green (dense), black (sparse) and white (low) markers on the map in (a).  

We selected 35-40 image-validation points across national and village-managed regions to assess the 

performance of tree structure maps. (b) Dense tree cover (locations indicated by green markers in (a)).  (c) 

Sparse tree cover areas indicated by arrow, prevalent along seasonally flooding drainages (locally, mbuga 

or dambo) with high water tables and clay-textured soils (black markers in (a)).  (d) Areas with low to no 

tree cover (white markers in (a)). The photos shown (M. Mayes) were taken in dry seasons 2015 (b,c) and 

2012 (d) and used to illustrate land cover conditions, but field data was not collected at these locations.  

Representative photos of regrowth chronosequence sites where field data were taken are shown in figure 

S1.      

c 

d 

b 

1 

2 

a 



75 
 

 
 

 

 

 

 

Figure 2.3.  Forest structure across regrowth and mature Miombo tropical dry forest sites in Tabora, 

Tanzania.  (a) Basal area relationships to forest site age class.  (b) Biomass relationships to forest site age 

class.  Letters indicate significant class differences in ANOVA and Tukey’s Honest Significant Difference 

Tests (p < 0.05).   
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Figure 2.4. Land cover features from canopy and ground cover across regrowth and mature Miombo 

tropical dry forest sites in Tabora, Tanzania.  (a) Canopy Plant-Area Index (PAI).  (b) Proportions of Green 

Leaf and Woody Material comprising canopy cover measured by spherical densiometer.  (c) Proportions of 

Open Sky area comprising canopy survey measurements by spherical densiometer.  (d) Summed 

proportions of leaf litter and senesced grass comprising ground cover measured by point-line transect.  

Letters indicate significant class differences in ANOVA and Tukey’s Honest Significant Difference tests (p 

< 0.05).  Panels (c) and (d) follow on the next page. 
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Figure 2.4 (cont). Land cover features from canopy and ground cover across regrowth and mature Miombo 

tropical dry forest sites in Tabora, Tanzania.  Continued from previous page. 
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Figure 2.5.  Linear Relationships among canopy and forest structure variables across Miombo Woodland 

forest sites in Tabora, Tanzania.  Figure sub-panels consist of three rows.  (a) Canopy Plant-Area Index 

(PAI) vs. basal area and biomass.  (b) Canopy proportion open sky (spherical densiometer survey) vs. basal 

area and biomass.  (c) Canopy proportion green leaf material (spherical densiometer survey) vs. basal area 

and biomass. 
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Figure 2.6.  Linear relationships among field-measured canopy cover and Landsat-derived land cover 

metrics in a Miombo Woodland, Tabora, Tanzania.  (a) Landsat SMA-NPV vs. canopy proportion open sky 

(spherical densiometer survey). (b) Landsat SMA-GV vs. canopy plant-area index (PAI). (c) Landsat 

NDVI vs. PAI.   
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Figure 2.7.  Pearson correlations among forest structure and Landsat-derived land cover metrics in a 

Miombo Woodland, Tabora, Tanzania.  (a) Landsat SMA-NPV vs. basal area.  (b) Landsat SMA-GL 

(Green Leaf) vs. basal area.  (c) Landsat-NDVI vs. basal area.  (d) Landsat SMA-NPV vs. biomass. (e) 

Landsat SMA-GL vs. biomass.  (f) Landsat-NDVI vs. biomass.  Pearson correlations are listed on figures 

(p <0.01).   
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Figure 2.8.  Basal area and biomass maps modeled by senesced vegetation and green vegetation Landsat 8-

derived land cover metrics in a Miombo Woodland, Tabora, Tanzania.  Figure extends for four pages.  (a) 

Landsat 8 reflectance image (14 July 2015) (left) and land cover map created using SMA-based 

thresholding (Mayes et al 2015) showing forest in green, non-forest in magenta (right), and areas not 

mapped in black (water, urban, burned areas and scene edges). Regions of interest for forest monitoring are 

1. Igombe Reserve and 2. Millennium Villages area (see Methods and figure 2).  Yellow dots in land cover 

map show locations of field sites.  (b) Basal area and biomass maps derived from Landsat SMA-NPV, a 

senesced vegetation land cover metric.  (c-d) Basal area and biomass derived from green vegetation 

metrics: Landsat SMA-GV and  (d) Landsat-NDVI.   

 

 

 

 

 

 

 

 



82 
 

 
 

 

b  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.8 (cont). Basal area and biomass modeled by senesced vegetation and green vegetation Landsat 8-

derived land cover metrics in a Miombo Woodland, Tabora, Tanzania.  (b) Basal area and biomass maps 

derived from Landsat SMA-NPV, a senesced vegetation land cover metric.  
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Figure 2.8 (cont). Basal area and biomass modeled by senesced vegetation and green vegetation Landsat 8-

derived land cover metrics in a Miombo Woodland, Tabora, Tanzania. (c) Basal area and biomass derived 

from green vegetation metrics: Landsat SMA-GV. 
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Figure 2.8 (cont). Basal area and biomass modeled by senesced vegetation and green vegetation Landsat 8-

derived land cover metrics in a Miombo Woodland, Tabora, Tanzania.  (d) Basal area and biomass derived 

from green vegetation metrics: Landsat SMA-NDVI. 
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Figure 2.9.  Estimates of tree structure for forest and non-forest land cover regions in a Miombo 

Woodland, Tabora Tanzania, modeled with three Landsat 8 land cover metrics.  (a) Basal area estimates 

from Landsat SMA-NPV, Landsat SMA-GV and Landsat-NDVI. (b) Biomass estimates from Landsat 

SMA-NPV, Landsat SMA-GV and Landsat-NDVI. 
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Figure 2.10.  Aboveground biomass estimates for three tree cover types, modeled with senesced (SMA-

NPV) and green vegetation (SMA-GV, NDVI) Landsat 8-based land cover indicators, at nationally 

managed forest reserve (Igombe Reserve) and village-managed (Millennium Village-area) Miombo 

landscapes in Tabora, Tanzania.  Bars represent mean biomass estimates for groups of 38-41 image 

validation sites selected for each tree cover type as 3x3 pixel areas from a 14 July 2015 Landsat 8 OLI 

image (see Methods).  Means comparison tests (Tukey HSD) for biomass were performed for each 

management region separately;  values not sharing letters by region of interest differed significantly in 

Tukey HSD tests (p < 0.05).      
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Figure S2.1. Photos of representative field sites across the forest regrowth chronosequence from which tree 

inventory, land and ground cover data were collected in 2014-15. (a) A 3 yr regrowth site, representative of 

sites 3-4 yrs.  (b) A 10 yr regrowth site, representative of sites 10-24 yrs.  (c) A 30 yr regrowth site, 

representative of sites 30-40 yrs.  (d) A mature forest site (Village area), representative of sites 50 to more 

than 100 years.      
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Figure S2.2  Spectral endmembers used for linear spectral mixture analysis of Landsat data and the 

governing equation for linear SMA analysis with a unit sum constraint.  SMA models pixel reflectance (pb) 

as multiplicative fractions of the reflectance spectra of known land cover materials or mixtures (Fem*pem) 

plus an error term (Eb), with the constraint that all pixel fractions must sum to unity (1).  The endmembers 

used to model green vegetation, non-photosynthetic vegetation (NPV) and substrate are Tabora-specific, 

selected from different time periods (May 2008 (green vegetation spectra) and July 2008 (NPV, substrate)) 

Landsat 5 data from pixels geolocated to calibration field sites with high proportions of these materials 

comprising ground cover (Mayes et al. 2015).  Spectra were converted to Landsat 8 spectral resolution 

using Spectral Library Resampling tool 
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Abstract 

 The Miombo Woodlands in sub-Saharan Africa contain among the world’s largest 

contiguous tropical dry forests and are a global hot spot for forest changes (Campbell, 1996; 

Rudel et al., 2013).  There is poor understanding of the heterogeneity of forest structure, or 

the extent and impacts of disturbance on forest condition beyond forest cover in Miombo 

Woodlands.  Forest areas in Miombo Woodlands have lo 

wer maximum biomass (<250 Mg ha-1), sparser canopy cover (<50%) and high spatial 

variability compared to other global tropical forests (Aber & Mellilo, 1991; Frost, 1996).  

Increasing proportions of standing forest consists of recent regrowth and disturbed areas 

which have low biomass (<50 Mg ha-1) (Chidumayo, 2013; Mayes, Mustard, & Melillo, 2015).  

This study presents one of the first cross-regional comparisons of field data on forest 

structure to land cover metrics quantified with Landsat data in the Miombo Woodlands.  Its 

goals were to (1) identify relationships among optical remote sensing metrics of land cover 

and forest structure patterns useful for biomass monitoring, with a focus on low-biomass 

areas (<50 Mg ha-1),   within in two different Miombo forest regions (Tabora, Tanzania and 

Sofala, Mozambique); and (2) compare the performance of existing and new biomass maps 

produced from (1) for modeling tree biomass, particularly for low-biomass regions.  Despite 

significantly different mature forest structure across regions and use of different Landsat 

sensors for each, we found strong positive correlations among Landsat 5 and 8-derived 

NDVI (greenness), NDMI (moisture) and forest structure (basal area, biomass) (range of 

Pearson r = 0.60-0.85, p < 0.01), and negative correlations between land cover brightness 

(sum of Landsat optical reflectance bands) and forest structure (range of Pearson r = -0.65-

(-0.83).  In both regions, we found that an existing 500 m pan-tropical biomass map (Baccini 



91 
 

 
 

et al., 2012) over-estimated aboveground biomass in low-biomass areas (<50 Mg ha-1) by 

10-60 Mg ha-1 (20 to +100%).  Landsat-scale 30 m maps produced from regional land cover-

forest biomass regressions produced absolute values and spatial patterns of biomass (0-200 

Mg ha-1) in both Tabora and Sofala more closely matching landscape gradients related to 

land use and ecological factors, though need further validation and methodological 

refinements.  Our findings suggest successful pursuit of transferrable remote sensing 

relationships for Miombo landscapes should use multiple land cover metrics besides 

greenness measures, and appropriate representation of covariates affecting forest 

structure-land cover relationships in field datasets.  The new 30 m biomass maps we 

developed provided new insight into landscape-scale biomass variability in Tanzania and 

Mozambique study regions, particularly at low-biomass areas, and offer ways forward for 

monitoring of forest condition beyond forest cover in these regions.       

 

1.  Introduction 

 The Miombo Woodlands cover more than 2.5 million square kilometers across sub-

Saharan Africa (Campbell, 1996; Olson & Dinerstein, 2002).  They provide biodiversity, 

terrestrial carbon storage, ecosystem services and livelihood benefits to over 150 million 

people in fast-growing countries (Campbell, 1996; Rudel et al., 2013; United Nations, 

Department of Economic and Social Affairs, 2015).  The Miombo are mixed tree-grass 

savannas that have extensive areas of deciduous and semi-deciduous tropical dry forest 

(Frost, 1996).   Miombo Woodlands are a global hot spot for forest changes, but they are 

among the most difficult regions globally in which to monitor forest changes at landscape 

scales using remote sensing ( Hansen et al., 2013; Tyukavina et al., 2015).   This is because 

of the heterogeneity of mature forest structure and land cover, the small spatial scales 
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(often <1-2 ha) of land use and management, and complex effects of ecological and land use-

related disturbance on land cover  (Frost, 1996; Ryan et al., 2012; Williams et al., 2008).  

Current pan-tropical forest biomass mapping approaches (Baccini et al., 2012; Saatchi et al., 

2011) lack calibration in Miombo regions where   standing forest biomass is quite low (<50 

Mg ha-1).  Improved understanding of land cover-satellite data relationships in areas of low 

aboveground tree biomass is becoming more important both for understanding landscape 

change in forest areas, where increasing proportions of standing Miombo consists of low-

biomass recent regrowth, and non-forest areas, where strategies are needed to monitor 

reforestation and afforestation targets as part of larger sustainable land use and 

development programs (WRI, 2016).   

 This study tests relationships between field data on forest structure and land cover 

variables measured by Landsat satellites, and assesses the performance of new Landsat-

based 30 m and existing MODIS-based 500 m biomass maps in low (<50 Mg ha-1) and high 

(>50 Mg ha-1) forest biomass areas across contrasting Tanzania and Mozambique study 

regions.  Since a comprehensive review in the 1990s (Campbell, 1996) , there has been little 

new cross-comparison or synthesis of information on mature forest structure across 

different Miombo Woodland regions, nor attention to how relationships among field data on 

forest structure and satellite data on land cover vary between Miombo regions.  For mature 

forests, past studies have reported wide ranges of basal areas (10 to > 30 m2 ha-1), 

aboveground tree biomass (40 to > 100 Mg ha-1) and canopy cover (20% to > 80%) 

depending on rainfall, edaphic factors and disturbance history (Frost, 1996; Sankaran et al., 

2005; Williams et al., 2008).  Increasingly, large areas of Miombo forests do not reflect 

mature-forest conditions.  Since the year 2000, high rates of regional forest loss and 

degradation have occurred amid increasing demands for agricultural land, timber, wood-

derived fuels and other natural resources (Chidumayo & Gumbo, 2013; M C Hansen et al., 
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2013; Hosonuma et al., 2012).  Clearing and degradation effects on forest structure can 

differ, depending on whether land-use drivers are related to resource use for building poles, 

charcoal, timber or other purposes (Banda, Schwartz, & Caro, 2006; Chidumayo, 2013; 

Luoga, Witkowski, & Balkwill, 2002).  At the same time, forests and woodlands have strong 

capacity for regrowth and secondary forests attain biomass at the lower range of mature 

forest biomass within 2-3 decades (Chidumayo, 2013; Kalaba, Quinn, Dougill, & Vinya, 

2013a; McNicol, Ryan, & Williams, 2015).  Increasing proportions of Miombo consist of 

recent regrowth and low-biomass forest stands.  In one western Tanzania case study, 16% 

of forest cover was estimated to have regrown in 20 years since 1995 (Mayes et al., 2015).   

 Given the range of forest conditions within landscapes, a primary challenge for 

relating field data on forest structure to satellite indicators is to obtain field data sets that 

represent a comprehensive range of the ground conditions across major landscape 

gradients, such as regrowth chronosequences or elevation.  Recent studies have shown the 

importance of accounting for environmental co-variables such as elevation or soil type in 

the development of predictive relationships between satellite data and forest structure in 

Miombo systems (Halperin et al., 2016).      

 An additional challenge for remote sensing of forest structure is to understand the 

relationships and sensitivity of satellite (or airborne, drone/UAS system) metrics to forest 

structure and other land cover conditions, and how that sensitivity varies among different 

Miombo regions.  Landsat satellite data, with a 40-yr archive and continued acquisition, 

widespread geographic coverage, and 30 m resolution matching spatial scales of 

disturbance and land use, are a versatile, readily available and current source of 

information on land cover across the Miombo.  Optical data are becoming increasingly 

available and practical to use as part of forest monitoring as more well-calibrated, Landsat-
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style sensors come online (e.g. ESA Sentinel) and the use of other tools such as drones and 

UAVs increases for forest monitoring (Tang & Shao, 2015).  As optical sensors, Landsat 

satellites (measuring reflectance at visible, near- and shortwave-infrared wavelengths 0.4-

02.2 um) do not directly measure forest structure, but rather an integrated signal of land 

cover materials whose relationships to forest structure are poorly known across different 

Miombo regions.  While past remote sensing estimates of forest biomass in the Miombo and 

globally have combined optical with active remotely sensed data such as RADARSAT, ALOS-

PALSAR (radar) and ICESAT (LiDAR), the active data missions have had shorter lifespans 

and limited spatial coverage, restricting their use for monitoring forest change through time 

or over large areas (Baccini et al., 2012; Ribeiro, Saatchi, Shugart, & Washington-Allen, 

2008; Ryan et al., 2012).  Recent research has shown that global-scale forest biomass maps 

at coarse spatial resolution (500 m) struggle to capture within-landscape patterns in 

biomass variability across regions, where many sets of local land cover conditions fall 

outside calibration conditions represented in global studies (Rodríguez-Veiga, Saatchi, 

Tansey, & Balzter, 2016).   

  Past remote sensing studies focused in the Miombo have mainly focused on single 

case study landscapes  (Halperin et al., 2016; Ribeiro et al., 2008).  As a result, patterns 

between satellite land cover metrics and forest structure have not been cross-compared 

rigorously among different Miombo landscapes, contributing to the problem of limited 

transferability of optical satellite data relationships among regions (Foody, Boyd, & Cutler, 

2003).  Cross-regional study of relationships between forest structure and optical Landsat-

style data is needed to help identify transferrable relationships or approaches for use of 

optical image data, alone or combined with other data types, to estimate forest structure 

with more repeatable methods across larger regions and through time.       
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 It is unclear what individual or combinations of land cover features measured by 

Landsat-scale remotely sensed data show the strongest relationships to forest structure 

within and across different Miombo regions.  Land cover features depend on the timing of 

image acquisition relative to the seasonality or phenological status of the landscape.  For the 

Miombo, the early dry season is suited for optical differentiation of forest structure because 

herbaceous and understory vegetation has senesced, while most trees retain some green 

leaf cover (Frost, 1996; Fuller, Prince, & Astle, 1997).  This maximizes spectral contrasts 

between woody vegetation, herbaceous vegetation and other landscape features.   In past 

studies, greenness measures (such as Normalized Difference Vegetation Index, or NDVI) 

have related positively to tree biomass, leaf area and canopy cover as regions with more 

tree cover would have more green leaf area (Halperin et al., 2016; Ribeiro et al., 2008).  

However, the strength of these relationships has been variable and weaker for biomass than 

canopy cover and leaf area.  Wetness measures (such as Normalized Difference Moisture 

Index, or NDMI) would in theory relate positively to tree cover, as tree-dominated areas 

have higher green leaf biomass and canopy water content  relative to grass-dominated 

areas in the Miombo early dry season (Jin & Sader, 2005).  Aside from their inclusion with 

multiple predictor variables in linear models, NDMI has not been evaluated for its exclusive 

power to predict forest structure.  Albedo, or overall surface brightness, shows an inverse 

relationship to tree cover through the following mechanism.  Grass, herbaceous vegetation 

and exposed substrate (soil and regolith) dominate non tree-covered areas in African 

tropical dry forests and woodlands (Sankaran et al., 2005).  Senesced vegetation and 

substrate have much higher absolute reflectance in visible through shortwave infrared 

wavelengths, particularly in visible wavelengths (0.4-0.7 um) and shortwave infrared 

(~1.5-2.5 um) because they are much drier than remaining tree leaf and woody material.  

Trees also cast shadows, which darken surface albedo of tree stands.  A measure of 
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landscape brightness, such as the sum of reflectance values across visible through 

shortwave infrared bands, should thus be high over dry, senesced vegetation and exposed 

substrate and low over tree-covered areas, but has also not yet been tested individually 

against other measures for relationships to forest structure.   

 This study evaluates relationships among field data on forest structure and Landsat-

derived land cover indicators, and develops new 30 m forest biomass maps for two 

contrasting Miombo Woodland case study regions in Tanzania and Mozambique.  Its goals 

are to: (1) assess patterns among forest structure (basal area and biomass) and satellite-

derived land cover indicators (greenness, moisture and albedo), and derive predictive 

relationships for forest biomass using satellite indicators that show the strongest 

relationships to forest structure in each region, and (2) critique performances of Landsat 30 

m and MODIS/ICESat GLAS LiDAR 500 m forest biomass maps (Baccini et al., 2012)  against 

field data and among forest regions of importance in each Miombo region.  We test the 

hypotheses that forest basal area and biomass show direct relationships to satellite-derived 

greenness (NDVI) and wetness (NDMI) land cover indicators, and inverse relationships to a 

land cover brightness indicator (sum of reflectance across six Landsat visible , near and 

shortwave-infrared bands).  We conduct multiple regression analyses to test what 

combinations of land cover indicators and environmental co-variates (elevation, soil type) 

best predict forest structure across regions.  Finally, we compare new Landsat 30 m 

aboveground tree biomass maps to an existing global 500 m dataset, paying particular 

attention to whether the field-satellite data relationships we found lead to improvements in 

biomass estimates for low-biomass areas across landscapes of the two case study regions.   
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2.  Methods 

2.1  Study areas 

 The two Miombo Woodland study regions are located in Tabora, western Tanzania 

and Sofala, Mozambique, including the Gorongosa National Park area (Fig. 3.1, 3.2).  They 

share a seasonally dry climatology with a unimodal rainy season, and soils that are highly 

weathered, nutrient-poor sands and sandy loams (Table 3.1).  Miombo woodland vegetation 

dominates across large areas of all landscapes and includes trees of the genus Brachystegia, 

Julbernardia, Pterocarpus, Combretum, Acacia and Albizia, among others (Banda et al., 2006; 

Frost, 1996; Mayes et al., 2015; Ryan et al., 2012).   Long-term, frequent disturbance by 

megafauna (historically), fire and human land use shaped the vegetation across both 

landscapes. 

 Terrain, vegetation structure and modern land-use pressures differ between the 

study regions.   The Tabora, Tanzania region’s landscape is generally flat except for 

punctuated small hills (Fig. 3.2). Miombo vegetation occurs in a range of patch sizes (<0.5 – 

500 ha), including mature and regrowth forest areas, that vary in size and age based on 

soils, past disturbance and land use (Mayes et al., 2015) (Fig. 3.2).  Grasslands (mbuga or 

dambo) occupy low-lying seasonally flooding drainages (Mayes et al., 2015).  Local 

population growth rates are above 2% per year, and during the last 25 years, the area 

experienced a net 15% loss of forest cover (Mayes et al., 2015).   One important regional 

question for forest monitoring is the status of biomass in forest reserves with differing 

management regimes and local use pressures.  Igombe Reserve to the north is managed by 

national authorities (Tanzania Forest Service – TFS), and due to its locations near to roads, 

suffers from tree poaching and illegal settlement.  Ugalla Reserve to the south is managed by 
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a combination of village cooperative and national authorities, and is more remote from 

major roads.   

 The Sofala. Mozambique region’s landscape, which includes Gorongosa National 

Park, spans the southern end of the East African Rift Valley across lowlands and 

intermediate landscape positions spanning an 1800 m regional elevation gradient (Fig. 3.2).  

Vegetation varies from flooding grasslands at low elevations to montane rainforest at 

higher elevations, with Miombo Woodlands occupying elevations up to 200 m (Ryan et al., 

2012).   The region experienced depopulation and high disturbance during the Mozambique 

civil war (1976-1992) and land use is currently undergoing reorganization, with re-

establishment and regrowth of communities occurring alongside efforts to restore 

Gorongosa National Park.  Shifting agriculture and grazing occur across the vegetation types 

and population densities are much lower inside than outside the park boundary.   

 

2.2  Data 

2.2.1 Field Data 

 Both case studies conducted or compiled tree inventories that recorded basal 

diameter, stem diameters at breast height (dbh) at georeferenced sites, and used Miombo-

specific allometric equations to convert tree stem data to basal area biomass estimates.   

However, case studies had different research objectives, sampling and field site designs 

(Table 3.2).  The Tabora study addressed how forest structure and land cover (canopy and 

ground cover materials) together changed with regrowth following cultivation over a 100-

year regrowth chronosequence.  It specifically considered site selection and sampling 

designs to scale tree inventories and field measurements of land cover to Landsat-scale 
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satellite data.  Sites were located in village clusters and national forest reserves that 

controlled for elevation, landscape position and distance from forest site edges (Fig. 3.2, 

Table 3.2).  The Sofala dataset comes from a study  that developed a regional calibration to 

map forest biomass and change between field and ALOS-PALSAR radar data (Ryan et al., 

2012).   It compiled field data from past studies with a variety of research objectives, 

including woodland regrowth responses to fire (Ryan & Williams, 2011) and the spatial 

variability of aboveground vegetation and belowground carbon stocks (Woollen, Ryan, & 

Williams, 2012).  Tabora’s dataset had a smaller number of sites (17) than Sofala (83) (Fig. 

3.2, Table 3.2).   

 

2.2.2 Satellite imagery pre-processing 

 We obtained Landsat data for each region from the USGS Earth Resources 

Observation and Science Center (EROS) Science Processing Architecture (ESPA) interface. 

We obtained Landsat 5 images pre-processed to surface reflectance using the LEDAPS 

procedure (Masek et al., 2006).  Landsat 8 images were obtained pre-processed to surface 

reflectance using the L8SR algorithm (Vermote, Justice, Claverie, & Franch, 2016) (Table 

3.3).  We prioritized use of cloud and defect-free images collected during the same years as 

field data, which necessitated the use of Landsat 8 OLI data for Tabora and Landsat 5 TM 

data for Sofala regions.   We chose early dry season images (June-July) to maximize spectral 

contrast between forest and non-forest land cover, and among forest sites of varying age 

and structural conditions (Halperin et al., 2016; Mayes et al., 2015).   The Tabora study 

region occurred at boundaries of four Landsat tiles, which were radiometrically normalized 

to the path 170, row 063 scene using pseudoinvariant features of high, medium and low 

surface albedo.  We found the geolocational uncertainty of Landsat data relative to field data 



100 
 

 
 

was about a half-pixel for the Tabora landscape, using a third Worldview 2 image 

(September 2012) of 1.5 m pixel resolution to visually inspect the locations of field 

boundaries.  No other geometric corrections were performed on the satellite imagery. 

 

2.2.3 Land cover indicators: Landsat-derived greenness, wetness and albedo indices 

 We calculated three indices for land cover relating to surface greenness, moisture 

and albedo (Table 3.4).  For greenness, we computed the Normalized Difference Vegetation 

Index (NDVI), an index of the steepness of the “red edge” slope caused by green vegetation’s 

characteristic reflection of near infrared (~0.85 um) and strong absorption of red light 

(~0.65 um), and a widely used proxy for green vegetation cover.  For moisture, we 

calculated the Normalized Difference Moisture Index (NDMI), which tracks the slope of near 

infrared (~0.85 um) relative to shortwave infrared (~1.65 um) reflected light.  NDMI shows 

a direct relationship with land cover surface moisture because water strongly absorbs 

energy at ~1.5 um, and often shows negative values in semi-arid environments where dry 

substrate often shows higher reflectance at 1.5 um than 0.85 um.   For brightness, we 

summed reflectance across the six visible, infrared and shortwave infrared Landsat optical 

bands.    

 

2.2.4 Environmental co-variates 

 Because our first goal was to investigate relationships among individual land cover 

indices and forest structure, we conducted a parsimonious analysis and limited the number 

of co-variables tested to only those available at sufficient spatial resolution that had clear 

mechanisms by which to affect land cover or forest structure conditions.  We chose 
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elevation, available at 15 m using the ASTER Global DEM version 2, because past research 

has found patterns of high basal area and biomass of forest vegetation occurring at low to 

intermediate-elevation landscape positions across the Miombo (Frost, 1996).  These 

relationships are thought to relate to hydrologic conditions, soil moisture and nutrient 

status favoring tree over grass production (Frost, 1996).  We also chose a surface soil 

texture variable (percent sand), available at 250 m pixel resolution via Africa Soil 

Information Service (AfSIS), which is hypothesized to relate positively to tree basal area and 

biomass at landscape scales through mediating freely draining conditions that favor tree 

over grass growth (Woollen et al., 2012).   

       

2.3  Correlation analysis 

 As a first simple text of our hypotheses, we studied pair-wise Pearson correlations 

(r) among ground data on forest structure, satellite image-derived land cover indices and 

landscape covariates for each Miombo landscape separately.  We conducted all correlation 

analyses using non-transformed data. 

  

2.4  Analysis of variance and regression modeling to predict forest structure from land 

cover data and covariates 

 We used analysis of variance (ANOVA) to compare forest structure conditions of 

mature forest sites between Tanzania and Mozambique study regions.  Mature forest sites 

were selected from the case study datasets using only sites labeled as mature forest with 

minimal recent disturbance in respective studies’ metadata.  Subsequently, building from 

results of correlation analyses, we conducted ordinary least squares (OLS) multiple-
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regression modeling to find the best-fitting parsimonious combinations of land cover 

indices and landscape covariates to predict forest structure for each region separately, 

using all available sites.  For ANOVA and OLS we transformed variables with non-normal 

distributions to meet conditions of normal distribution required by OLS.   We evaluated 

models quantitatively using the strength of correlation coefficients (r2) and the Akaiki 

Information Criterion (AIC) (Johnson & Omland, 2004) .  We conducted all analyses using 

standard regression modeling tools in R.   

 

2.5  Derivation and assessment of regional biomass maps  

 We used regression models with the highest correlation coefficients and lowest AIC 

values to derive Landsat-based biomass maps at 30 m spatial resolution for each region, 

using the indices calculated from surface-reflected corrected satellite imagery and GIS data 

on covariates as inputs.  Some additional pre-processing was necessary to exclude 

landscape areas in each region where land cover caused spectral confusion, and where field 

data did not adequately allow for calibration between land cover and satellite data.  For 

Tabora, lowlands, wetlands and burned areas comprised the majority of excluded regions.  

Lowlands and wetlands, where land cover was dominated by dense grass that was both 

green and high albedo, confounded direct greenness- woody biomass and inverse albedo 

woody biomass relationships.  Lowlands and wetlands were identified using masks from 

the Global Lakes and Wetlands (GLWD) database, and via thresholds of NIR (0.86 um) and 

summed shortwave infrared (1.5 + 2.21 um) reflectance.  Burned areas were identified 

using thresholds of normalized burn ratio (NBR) images, where burned area NBR values 

were obtained using procedures in (Mayes et al., 2015).  For Sofala, besides wetlands and 

burned areas, vegetation above 200 m elevation was masked out because few field sites 
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were located above this elevation and forests began to transition in structure from Miombo 

to wetter montane forest.  Finally, for all maps, pixels with modeled biomass < 0 Mg ha-1 and 

> 200 Mg ha-1 (Tabora) and >150 Mg ha-1 (Sofala) were assigned minimum and maximum 

values of 0 and 200/150 Mg ha-1 (Tabora/Sofala) based on the range of field-measured 

biomass values reported in regional and pan-Miombo studies (Chidumayo, 2013; Frost, 

1996; Kalaba, Quinn, Dougill, & Vinya, 2013).  

 Finally, we assessed performance of this study’s Landsat-based 30 m biomass maps 

and MODIS/ICESat-GLAS LiDAR –based 500m biomass maps (Baccini et al., 2012)  between 

low biomass (<50 Mg ha-1) and high biomass (>50 Mg ha-1) forest sites.  First, we compared 

satellite maps to field data by calculating and comparing the residuals between satellite and 

field measurements of biomass at field sites.  This analysis was not an independent 

validation of the Landsat-derived maps because the same field sites were used to develop 

the relationships, but is illustrative of the scales of error between satellite estimates and 

ground data.  Second, we compared the landscape-scale patterns and variability of the 30 m 

and 500 m biomass maps at forest management regions of interest in Tabora (Igombe, 

Ugalla) and Sofala (Gorongosa National Park) (Fig. 3.2).      

 

3.  Results 

3.1  Field and landscape data: Forest structure, soil and terrain patterns between regions 

 Forest structure at mature, minimally disturbed sites showed significant differences 

across the study regions (r2 = 0.28, p < 0.01) (Table 3.5).   Biomass of Tabora mature forest 

sites (78.5 ±12.8 Mg ha-1) was significantly higher than biomass at Sofala mature forests 

(43.2 ± 3.8 Mg ha-1) (Table 5).   Basal area of Tabora’s mature forest sites (22 ± 3.2 m2 ha-1) 
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was three times that of Sofala’s mature forests (7.5 ± 0.5 m2 ha-1) (Table 5).  Stem densities 

were 50% higher at Tabora mature forest sites compared to Sofala.  AfSIS-modeled soil 

textures at 250 m resolution were significantly sandier regionally at Sofala than Tabora 

forest sites. 

  From full inventories of forest sites, edaphic conditions and forest structure data 

also showed different values and distributions between the study regions (Fig. 3.3, Table 6).   

Compared to the Tabora region’s forest sites, sites in the Sofala region were distributed 

across larger elevation ranges (150-200 m) and a wider variety of hillslope positions.  Soil 

texture at Sofala was sandier than at Tabora (Table 3.6).  Of Tabora sites, 8 occupied the 

lowest basal area (0-5 m2 ha-1) and biomass (0-10 Mg ha-1) categories, but otherwise 

biomass and basal areas were evenly distributed through the measured range with 1-3 sites 

per site category (Fig 3.3).  At Sofala, site basal area and biomass showed right-skewed 

distributions (Fig 3.3).  The range of site basal area data (17) was half that of Tabora sites 

(34), but the range of biomass data was similar to Tabora (Fig 3.3, Table 3.6).  

      

3.2 Satellite data: patterns in land cover indicators among sensors and landscapes 

 The values and ranges of land cover indicators differed across regions and sensors 

(Fig 3.4, Table 3.7).  At Tabora, NDVI (greenness) calculated with Landsat 8 data showed 

lower absolute values across sites than NDVI at Sofala sites, which was calculated from 

Landsat 5 data (Fig. 3.4, Table 3.7), but ranges were similar between regions.  NDMI 

(surface moisture) trends were similar to NDVI (Table 3.7).  The brightness indicator 

(reflectance band sum) calculated at Tabora with Landsat 8 showed larger absolute values 

and a larger range (0.46) compared to brightness ranges at Sofala (0.29) calculated from 

Landsat 5 data (Fig. 3.4, Table 3.7).         
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3.3  Pairwise correlations between forest structure,  land cover indicators and covariates by 

site among landscapes 

 Correlations among forest structure and land cover indicators were strong and had 

similar patterns among Tabora and Sofala regions.  NDVI (greenness) and NDMI (surface 

moisture) correlated positively to basal area and biomass, and brightness correlated 

negatively to basal area and biomass (Table 3.8).  At Tabora, basal area correlated strongly 

to NDVI (0.86) and brightness (-0.83), but only moderately to NDMI (0.61), though both 

were high and outperformed basal area-NDMI (Table 3.8).  Biomass-NDVI (0.79) and 

brightness (-0.79) had equal correlations (Table 3.8).  At Sofala, correlations were highest 

between basal area and brightness (-0.65) and equal for basal area-NDVI and NDMI (0.62) 

(Table 3.8).  For biomass, correlations to NDVI and NDMI were equal (0.61) and slightly 

higher than those to albedo (-0.59) (Table 3.8).  For landscape co-variates, at Tabora soil 

texture (percent sand) had moderate inverse correlations to basal area and biomass, while 

elevation had weak or no correlations to other variables across sites (Table 3.8).  At Sofala, 

elevation correlated positively to basal area and biomass while soil texture showed weak 

correlations. 

 

3.4  Least-squares regression analyses to predict forest structure from land cover indicators 

and covariates 

 Basal area and biomass data were natural log-transformed to satisfy OLS conditions 

of normality before analysis for Tabora and square root-transformed for Sofala.  At Tabora, 

NDVI was the strongest single predictor of basal area (r2 = 0.68, AIC = 34) (Table 3.9).  A 
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single-factor model using brightness and a two-factor model using greenness and 

brightness performed similarly (Table 3.9).   Inclusion of soil texture or elevation as a 

landscape covariate did not improve predictive relationships.  For Tabora biomass, 

brightness and greenness performed equally as individual predictor variables (r2 = 0.67, AIC 

= 46) (Table 3.9).  A two-factor model using both variables to predict biomass performed 

similarly to the single-factor models (Table 3.9).  NDMI was the weakest single-factor 

predictor variable for basal area and biomass at Tabora. 

 At Sofala, multiple-factor relationships significantly outperformed single-factor 

models for predicting basal area and biomass (Table 3.10).  Brightness was the strongest 

single-factor predictor for basal area (r2 = 0.38, AIC = 182) and biomass (r2 = 0.42, AIC = 

182) (Table 3.10).  NDMI was the weakest single-factor predictor for both basal area and 

biomass.  The same combination of predictor variables - NDVI, brightness and elevation – 

produced the strongest, most parsimonious models to predict basal area (r2 = 0.53, AIC = 

163) and biomass (r2 = 0.55, AIC = 163).  

 

3.5  Performance of new Landsat 30 m maps compared to MODIS/ICESat-GLAS 500 m maps 

(Baccini et al., 2012) for estimating forest biomass  

 Existing 500 m map (Baccini et al., 2012) estimates of forest biomass more closely 

matched field biomasses for high biomass sites (>50 Mg ha-1) than low-biomass sites (<50 

Mg ha-1) in Tabora and Sofala regions (Fig. 3.5).  In Sofala, the average absolute differences 

in 500 m map versus field site biomasses (residuals) was 34.1 (4.35) Mg ha-1 for high-

biomass sites, and 60.0 (1.98) Mg ha-1 for low-biomass sites (Table 3.11).  In Tabora, map-

to-field residuals were more similar for high and low-biomass sites.  The 500 m map had 

little sensitivity to low-biomass regions generally, with minimum estimates for biomass at 
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field sites, about 40 Mg ha-1 for Tabora and 50 Mg ha-1 for Sofala, which were values 20-30% 

higher than the mean of all field site-measured biomass values for each region respectively 

(Fig. 3.5).  The variability of 500 m biomass estimates are less noisy at the pixel level and 

provide simpler visualization of forest biomass conditions in larger, undisturbed forest 

regions such as the Ugalla reserve in Tabora than the 30 m maps.   

 For the new 30 m Landsat-based maps, biomass predictions more closely matched 

forest sites with low biomass (<50 Mg ha-1)  compared to high biomass values (Fig. 3.6-3.7, 

Table 3.11).  At Tabora, three biomass maps were produced using the three strongest 

regressions: (1)  NDVI as a single predictor, (2) brightness as a single predictor, and (3) a  

two-factor model using NDVI and brightness as predictors (Table 3.9).  At Sofala, two 

biomass maps were produced using the two best regression models: (1) a three-factor 

model using NDVI, brightness and elevation as predictors (Model 1),  and (2) a four-factor 

model using moisture as an additional predictor  (Model 2) (Table 3.10).   Map-field site 

biomass differences for the low-biomass sites were more than 50% lower for the Landsat 

maps than the existing 500 m map, with differences between 1-12 Mg ha-1 for sites under 50 

Mg ha-1 at Tabora and about 10 Mg ha-1 for Sofala, (Table 3.11).  For the Tabora region, map-

to-field site residuals at high biomass sites were larger for 30 m maps than the 500 m map, 

but for the Sofala region, 30 m residuals were also smaller than 500 m map residuals.  For 

low biomass field sites, the utility of individual land cover metrics for accurate estimations 

was clearer in Tabora than Sofala.  In Tabora, the brightness only-based regression models 

yielded lower map-field site biomass differences at field sites than greenness and combined 

greenness-brightness land cover-based models (Fig 3.6, Table 3.11).  For low-biomass sites 

at Sofala, the two top-performing regression models included multiple metrics and yielded 

similar map-field site biomass differences (Figure 3.7, Table 3.11).    
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 In both Tabora and Sofala regions, the Landsat 30 m maps produced quantitative 

biomass estimates in the range of reported field values for over 90% of mapped areas 

(Tables 3.12-3.13).  At Tabora, the NDVI-based map overestimated biomass (>200 Mg ha-1) 

for larger percentages of the landscape (8.21%) than the other models, particularly in high-

biomass regions (Table 3.12).  In contrast, the brightness-based maps had the lowest 

percentage of pixels with biomass overestimates, but the highest percentage of 

underestimated pixels (10 to < 0 Mg ha-1) (Table 3.12).  The model combining NDVI and 

albedo had intermediate error rates for high and low biomass estimates.  At Sofala, maps 

from both regression models modeled over 99% of pixels between 0-150 Mg ha-1 (>99%) 

(Table 3.13).   

 Landscape-wide, and at the specific regions of interest for forest monitoring, the 

Landsat 30 m maps capture variations in aboveground tree biomass on scales of 20-100 Mg 

ha-1 relating to known edaphic and land use-related factors that existing 500 m maps do not 

(Figure 3.8).  The 30 m and 500 m maps report the most similar values in contiguous forest 

areas with >120 Mg ha-1 biomass, such as undisturbed sections of Igombe and Ugalla 

reserves in Tabora, and higher-elevation Miombo in Sofala (Figure 3.8).  The largest 

difference between 500 m and 30 m maps in both Tabora and Sofala regions is that for low-

biomass areas – including non-forest areas and locations of forest disturbance - the 30 m 

maps estimate values 0-20 Mg ha-1 while the 500 m maps report values of 35-50 Mg ha-1 

(Figure 3.8).  The 30 m map values more closely match field-estimated values at low-

biomass sites than the 500 m map values.  At Tabora, forest disturbances in Igombe Forest 

Reserve on the scales of 0.5-2 ha have 20-100 Mg ha-1 lower biomass than surrounding 

woodlands in the Landsat 30 m maps.  At Sofala, denser woodland areas on hillslopes and 

following water courses have 25-75 Mg ha-1 higher biomass values than surrounding 

grasslands in the 30 m maps.   
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 Some systematic biases occurred in the Landsat 30 m maps.  For brightness-based 

maps, hillslope aspect was a source of confusion despite topographic correction in pre-

processing.  Pixels over mature or less disturbed forest on hillslopes with south-

southwesterly aspects, facing away from the direction of illumination (north-northeast), 

that were modeled with biomass > 150 Mg ha-1, may be overestimated.  Conversely, pixels 

over such forest areas located on hillslopes with east or northeasterly aspects, with biomass 

estimates 15-30 Mg ha-1, are likely underestimated.  Additionally, biomass overestimates 

may also have occurred for forest regions with sub-canopy burns darkening land cover, but 

not to the extent that chosen NBR thresholds excluded them as burned.   For greenness-

based maps, biomass overestimates may have occurred in forests with grass cover not yet 

senesced, or in forests with canopies denser than those represented by field sites. 

 

4.  Discussion 

 Between Tabora and Sofala study regions, we found similar relationships among 

forest structure and land cover variables, despite significant differences in forest structure 

at mature sites, sampling designs, ranges of forest structures represented by field sites, and 

the use of different Landsat data across regions.  Positive correlations of NDVI (greenness) 

and NDMI (moisture) to basal area and biomass, and negative correlations among 

brightness, basal and biomass, corroborated hypotheses about land cover relationships to 

forest biomass.  NDVI and brightness correlations were strong compared to other optical 

satellite-forest structure relationships reported in other global tropical and Miombo studies 

(Foody et al., 2003; Ribeiro et al., 2008).   NDMI (moisture)-forest structure relationships 

were weaker than the other metrics in Tabora.  Possibly, canopy moisture as represented by 

NDMI at Landsat pixel scales may be confounded by the predominance and variability of 
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senesced leaf and woody material relative to green leaf material in Miombo canopies in the 

early dry season (Mayes et al in prep, Chp 2).  The consistent relationships we found among 

greenness and brightness metrics and forest structure across different Miombo landscapes 

are building blocks for developing transferrable approaches to use of optical imagery for 

mapping forest biomass in the broader Miombo region, and possibly other tropical dry 

forests. 

 The new Landsat-based 30 m maps greatly improve landscape-scale 

characterization of absolute values and variability of aboveground tree biomass in low-

biomass regions, compared to existing 500 m maps.  We found the 500 m maps significantly 

overestimated low-biomass sites across disturbed forest and non-forest regions, while the 

Landsat 30 m maps had biases due to landscape and land cover variability at finer spatial 

scales that made biomass estimates more variable in contiguous mature and undisturbed 

forest areas.  The Landsat 30 m biomass maps resulting from this study’s work, though 

preliminary, represent promising approaches for monitoring tree biomass variability within 

landscapes with less than 100-200 Mg ha-1 maximum forest biomass.  These approaches will 

be increasingly relevant for the Miombo, where increasing proportions of standing forest 

are low-biomass and recent regrowth areas (Mayes et al., 2015).  They may also be useful 

for other global tropical dry forest areas with low biomass, or facing widespread forest 

disturbance.  Absolute values of 20-100 Mg ha-1 differences between intact and disturbed 

forest areas in Tabora, and 25-75 Mg ha-1 biomass gradients from low-to high tree cover 

areas across elevation and distance-to-stream gradients in Gorongosa Park are consistent 

with past field observations of biomass variability in Miombo woodlands (Frost, 1996; 

Mayes et al., 2015; Ryan et al., 2012; Williams et al., 2008).  
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 This study highlights a number of considerations for improving study of forest 

structure in heterogeneous landscapes such as the Miombo with optical satellite data, 

including those for improved use of field and satellite data.  Particularly in African tropical 

dry forests, more forest structure data are needed for calibration and validation of biomass 

maps that are collected in sampling frameworks designed for scaling to remotely sensed 

data, accounting for geolocation and spatial resolution of the satellite data (Bustamante et 

al., 2016).  While the 30 m biomass maps this study produced show realistic patterns, back-

comparison of map-predicted biomasses at field sites does not count as independent 

validation.  Statistical methods such as leave-one-out cross-calibration and jackknifing 

methods could offer some means of validation, but these are difficult to use for the small 

datasets in these studies.  However, besides needing biomass data at more sites, field 

surveys must cover sites encompassing broad ranges of land cover conditions and 

covariates, such as hillslope positions, soil types or disturbance status (including burning 

histories) that affect land cover-biomass relationships within landscapes (Halperin et al., 

2016) .  Strategic field sampling designs for biomass surveys should aim to account for sub-

canopy burning and other factors whose data may not be available in regional-global 

geographic datasets, such as topography or soil characteristics.  For improved use of optical 

image data, the sensitivity of land cover-forest structure relationships due to land cover 

variability, versus differences in sensor behavior among study regions, warrants further 

research. For example, in this study, it is unclear if the larger variability of the brightness 

land cover metric at Tabora than Sofala is due to use of 12-bit Landsat 8 data instead of 8-

bit Landsat 5 data used at Sofala,  or variability in land cover related to vegetation structure 

and land cover conditions.  The increasing availability of diverse optical satellite data types 

in open archives (Landsat 5, 8) and new sources such as drones and UAVs, while a boon for 

repeat monitoring, also will make radiometric inter-calibration of optical data even more 
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challenging.   Improved optical data calibrations to forest structure can also make further 

use of concurrent radar, LiDAR and other active remote sensing data, as passive-active 

remote sensing data fusion products have shown promise for mapping of forest structure at 

continental to regional scales (Baccini et al., 2012; Matthew C. Hansen et al., 2016; Ribeiro et 

al., 2008).   

 

5.  Conclusions    

 This study performed one of the first cross-regional assessments of relationships 

between field data on forest structure and Landsat-scale land cover metrics in the expansive 

African Miombo Woodlands.    Between two regions in Tanzania and Mozambique, using 

Landsat 8 (Tanzania) and Landsat 5 (Mozambique) data, we found consistent, strong 

positive correlations among NDVI (greenness), NDMI (moisture) and forest structure (basal 

area, biomass), and negative correlations between land cover brightness (sum of Landsat 

optical reflectance bands) and forest structure.  Regressions between land cover indicators 

and field data at each region were used to produce 30 m resolution biomass maps from the 

Landsat data.   Maps using land cover metrics besides NDVI (greenness), such as brightness 

metrics, or combinations of multiple Landsat-derived metrics and ancillary land cover data, 

improved estimates of biomass absolute values and variability at landscape scales.  In both 

Tanzania and Mozambique landscapes, we found that an existing 500 m pan-tropical 

biomass map (Baccini et al., 2012) consistently and significantly over-estimated 

aboveground biomass in low-biomass areas (<50 Mg ha-1) , such as disturbed forest and 

non-forest areas.  The new 30 m maps reproduced known ranges of absolute values and 

spatial patterns of biomass in both Tabora and Sofala across landscape gradients due to 

land use and ecological factors, though need further validation and methodological 
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refinements.  The consistent forest structure-land cover metric relationships we found 

suggest the possibility of developing transferrable algorithms for aboveground biomass 

estimation at landscape scales using Landsat-style observations across the Miombo and 

other tropical dry forest regions.  Hints to successful pursuit of such transferrable remote 

sensing relationships for landscapes include use multiple land cover metrics besides 

greenness, and appropriate representation of covariates affecting forest structure-land 

cover relationships in field datasets.  The new 30 m biomass maps we developed provided 

new insight into landscape-scale biomass variability in Tanzania and Mozambique study 

regions, particularly at low-biomass areas, and offer ways forward for monitoring of forest 

condition beyond forest cover in these regions.   
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TABLES: CHAPTER THREE 

 

 

Table 3.1  Locations and basic biogeographic data for two Miombo Woodland case study 

landscapes in Tanzania and Mozambique. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Landscape 
(Reference) 

Location Climate 
Mean annual precip^ 

(std. dev) - CHIRPS 
Temp OC* 

Soil types Population 
Density 2015 
(GPWv4) 
Persons km-2 

Tabora, 
Tanzania 
(Mayes et al. 
2015, Chp 1 
& 2 in prep.) 
 

4.6-5.1 OS, 
32.5-32.7 OE 

1060(190) mm  Aridisols, 
vertisols 

40-80 

Sofala, 
Mozambique 
Ryan et al. 
2012) 

18.9-19.1 OS, 
34.1-34.3 OE 

970 (220) mm 
 

Aridisols, 
vertisols 

20-40 near 
field sites 
60-90 near 
towns 
 



121 
 

 
 

Table 3.2   Field data on forest structure collected across two Miombo Woodland locations 

in Tanzania and Mozambique.  Values shown are means with standard errors in 

parentheses, and ranges in italics, for sites used in statistical analyses.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Location 
(Date) 

Research 
objective 

Geographic 
distribution 

of field 
sites 

Number 
of sites 

(mature) 

Site area and sampling 
design  

 
Tabora, 
Tanzania 
2014-15 

 
Regrowth 

chronosequence 
(100 yr) 

 
20 x 40 km2 

Inland 
plains 

  

 
17 
(5) 

 
50 x 50 m square (0.25 ha) 

4 x 10 m radius circular 
sub-plots 

(Williams et al. 2008) 
 
Sofala, 
Mozambique 
2006-09 

 
Varied 

 

 
25 x 25 km2 

Slope of Mt. 
Gorongosa 

 
83  

(35) 

 
Varied 

0.1 – 1.0 ha areas 
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Table 3.3   Landsat satellite data used for analyses. 

 

 

 

Location Sensor and image data Date 
Path/Row 

Tabora, 
Tanzania 
 

Landsat 8 OLI 
30 m  12 bit 
L8SR surface reflectance 
(Vermote et al., 2016) 
 

14 July 2015 
170/063 

Sofala, 
Mozambique 

Landsat 5 TM 
30 m  8 bit 
LEDAPS surface reflectance 
(Masek et al, 2006) 
 

13 June 2006 
167/073 
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Table 3.4  Land cover indices calculated from Landsat data. 

 

Land cover index Description and 
ecological 
relevance 

Formula Citation 

 
Normalized 
difference 
vegetation index 
(NDVI) 
 

 
Green vegetation 
cover 
Leaf area, water 
and nutrient 
cycling 

 
NIR (0.83 um) – RED 
(0.65 um)/ 
(NIR+RED) 

 
Rouse et al. 
(1974) 
 

 
Normalized 
difference moisture 
index 
(NDMI) 

 
Surface moisture 
index 
Soil moisture, 
vegetation cover 
 

 
NIR (0.83 um) – 
SWIR1 (1.65 
um)/(NIR+SWIR1)  

 
Jin and Sadler 
(2005) 

 
Reflectance band 
sum 
(∑p) 
 

 
Surface brightness 
Proxy for albedo 

 
∑(All bands) 

 
Fuller et al. 
(1997) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



124 
 

 
 

Table 3.5   Mature forest structure variables across mature Miombo Woodland sites in 

Tanzania and Mozambique. Values shown are means with standard errors in parentheses 

for sites used in statistical analyses.  Soil texture is for 0-5 cm extracted from AfSIS 250 m 

continental soil grids.  Elevation data was extracted from 15 m ASTER global elevation 

dataset (version 2).   Forest structure variables in columns not sharing letters were 

significantly different in ANOVA and Tukey’s HSD tests (p < 0.05 level).   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Location N 
sites 

Soil texture 
(% sand) 

Stem 
Density 

ha-1 

Basal 
area 

m2  ha-1 

Biomass 
Mg  ha-1 

Tabora, 
Tanzania 
 

 
5 

 
63.6 (2.4)a 

 
638 (102)a 

 
22 (3.2)a 

 
78.5 (12.8)a 

Sofala, 
Mozambique 
 

 
35 

 
73.4 (0.5)b 

 
411 (31)b 

 
7.5 (0.5)b 

 
43.2 (3.8)b 
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Table 3.6.  Forest structure variables across all forest sites used for field-satellite data 

comparisons from two Miombo Woodland landscapes in Tanzania and Mozambique.  Values 

shown are means with standard errors in parentheses, and ranges in italics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Location N 
sites 

(total) 

Elevation^ 

m 
Soil 

texture 
(% 

sand) 

Stem 
Density 

ha-1 

Basal 
area 

m2  ha-1 

Biomass 
Mg  ha-1 

 
Tabora, 
Tanzania 
 

 
17 

 
1177 (5) 

1147-1207 
  

 
67.4 
(1.5) 

 
557 (77) 
47 - 1090 

 
12.1 
(2.5) 

0.3-34.3 

 
33.4 (8.9) 
0.3 – 119.4 

 
Sofala, 
Mozambique 
 

 
83 

 

 
93 (3) 
42-162 

 
72.3 
(0.5) 

 
547 (93) 
31-4893 

 
6.2 

(0.5) 
0.2-17.1 

 
35.2 (2.8) 
0.5-119.2 
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Table 3.7    Summary statistics for land cover indicators across forest sites from two 

Miombo Woodland landscapes in Tanzania and Mozambique.  Values in parentheses are 

standard deviations, and the range across sites is shown in italics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Location N 
sites 

Satellite 
data 

NDVI 
(greenness) 

NDMI 
(wetness) 

Reflectance 
band sum 

(brightness) 
 

 
Tabora, 
Tanzania 
 

 
17 

 
Landsat 8 

14 July 2015 

 
0.39 (0.08) 
0.29-0.55 

 
-0.061 (0.045) 

-0.129-0.041 

 
0.97 (0.16) 
0.73-1.27 

 
Sofala, 
Mozambi
que 
 

 
83 

 
Landsat 5 

13 June 2006 
 

 
0.60 (0.07) 
0.44-0.71 

 
0.078 (0.081) 

-0.17-0.28 

 
0.64 (0.06) 
0.51-0.80 
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Table 3.8  Pearson correlations (r) between land cover and tree structure variables across 

two Miombo Woodland landscapes in Tanzania and Mozambique.  Correlations shown are 

significant at p < 0.01; ns = not significant.   

 

 

 

 

 

 

 

 

 

Location Tree 
structure 
variable 

Satellite 
greenness 

(NDVI) 

Satellite 
moisture 
(NDMI) 

Satellite 
brightness 
(Refl. sum) 

Soil 
%Sand 
AfSIS 
250m 

Elevation 
ASTER 

15m 
GDEM v2  

Tabora, 
Tanzania 
17 sites  

Biomass 
Mg ha-1 

 

 
0.79 

 
0.43 

 
-0.79 

 
-0.58 

 
ns 

 Basal area 
m2 ha-1 
 

0.86 0.61 -0.83 -0.65 0.05 

 Stem 
density ha-

1 
 

 
0.68 

 
0.73 

 
-0.60 

 
-0.40 

 
0.17 

 Height  m  
 

0.74 0.37 -0.71 -0.63 0.07 

Sofala, 
Mozambique 
83 sites 

Biomass 
Mg ha-1 

 

 
0.61 

 
0.61 

 
-0.59 

 
0.26 

 
0.54 

 Basal area 
m2 ha-1 
 

 
0.62 

 
0.62 

 
-0.65 

 
Ns 

 
0.54 

 Stem 
density ha-

1 

 

 
ns 

 
ns 

 
ns 

 
ns 

 
-0.22 
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Table 3.9  Regression analysis results for land cover-based predictions of tree structure 

across Tabora, Tanzania Miombo Woodland sites. 

 

Tree structure 
variable 
(y) 
 

Land cover variable 
 
(x1 + x2…xn) 

r2 p AIC Equation 

Basal area 
ln(m2 ha-1) 

Greenness 
(NDVI) 
 

0.68 <0.001 34 y = -2.134 + 
10.92*x1 

 Moisture 
(NDMI) 
 

0.29 <0.001 48 y = 2.981 + 
13.47*x1 

 Brightness 
(Reflectance sum) 
 

0.65 <0.001 36 y = 7.378 – 
5.340*x1 

 Greenness + Bright. 
(NDVI+ Refl. sum) 
 

0.67 <0.001 36 y = 0.928 + 
7.558*x1 – 
1.799*x2 

Biomass 
ln (Mg ha1) 

Greenness 
(NDVI) 
 

0.67 <0.001 46 y = -3.179 + 
15.10*x1 

 Moisture 
(NDMI) 
 

0.20 0.040 61 y = 3.748 + 
16.25*x1  

 Brightness 
(Reflectance sum) 
 

0.67 <0.001 46 y = 10.11 – 
7.61*x1  

 Greenness + Bright. 
(NDVI+ Refl. sum) 
 

0.67 <0.001 47 y = 3.353 + 
7.919*x1 – 
3.837*x2 
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Table 3.10  Regression analysis results for land cover-based predictors of tree structure 

across Sofala, Mozambique Miombo Woodland sites.  Table continues for two pages. 

 

Tree structure 
variable 
(y) 
 

Land cover variable 
 
(x1 + x2…xn) 

r2 p AIC Equation 

Basal area 
√(m2 ha-1 ) 

Greenness 
(NDVI) 
 

0.36 <0.001 190 
 
y = -2.741 + 
8.382*x1 

 Moisture 
(NDMI) 
 

0.33 <0.001 195 
 
y = 1.786 + 
6.637*x1 

 Brightness 
(Reflectance sum) 
 

0.38 <0.001 182 

 
y = 8.729 – 
10.06*x1  
 

  
Elevation 
 

0.34 <0.01 193 

 
Y = 0.3359 + 
0.0211*x1 
 

  
Greenness + Bright. 
 

0.50 <0.001 165 

 
y= 4.441 – 3.18*x1 
– 6.934*x2 
 

  
Albedo + Elevation 
 

 
0.42 

 
<0.001 

 
178 

 
y = 5.860 – 
7.526*x1 + 
0.013*x2 
 
 

 Greenness + Bright. + 
Elevation 
 

0.53 <0.001 163 

 
y = 2.6712 + 
2.975*x1 – 
5.223*x2 + 
0.0127*x3 
 

  
Greenness + 
Moisture + Bright. + 
Elevation 
 

0.53 <0.001 164 

 
 
y = 3.644 + 
0.3831*x1 + 
2.419*x2 – 
4.757*x3 + 
0.014*x4 

Biomass 
√ (Mg ha-1) 

Greenness 
(NDVI) 
 

0.37 <0.001 190 
 

y = -7.115 + 
20.89*x1 

 Moisture 0.33 <0.001 195  
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(NDMI) 
 

y = 4.156 + 
16.67*x1 

 Brightness 
(Reflectance sum) 
 

0.42 <0.001 182 
 
y = 20.76 – 
23.95*x1   

  
Elevation 
 

0.34 <0.01 193 

 
y = 0.530 + 
0.0528*x1 

 
 Greenness + Bright. 

 0.54 <0.001 165 
y = 8.297 
+11.08*x1 -14.9*x2  
 

 Bright. + Elevation 
(NDVI+ Refl. sum) 
 

0.45 <0.001 178 

 
y = 13.25 – 
17.33*x1 + 
0.035*x2 

  
Greenness + Bright. + 
Elevation 
 

0.55 <0.001 163 

 
y = 3.704 + 
8.909*x1 – 
10.46*x2 + 
0.0329*x3 

 
 

Greenness + 
Moisture + Bright. + 
Elevation 

 
0.55 

 
<0.001 

 
164 

y = 7.45 – 1.078*x1 
+ 9.321*x2 – 
8.634*x3 + 
0.037*x4  
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Table 3.11  Average absolute differences between satellite predictions and field 

measurements of aboveground biomass at Tabora and Sofala regions at field sites, with 

focus on satellite model performances between low (<50 Mg ha-1) and high (>50 Mg ha-1) 

tree biomass sites. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Region 

 
Model 

 
Differences in Field-
Map Biomass 
(Absolute value) 
 
Sites < 50 Mg ha-1 

Biomass 

 
 
 
 
 
Sites > 50 
Mg ha-1 

Biomass 
 
Tabora 
 

 
Baccini et al. 2012 
(500 m) 
 

 
30.8 (3.33) 

 
29.6 (13.6) 

Sites < 50 Mg ha-1:  
n = 12 
Sites > 50 Mg ha-1:    
n = 5 

Landsat NDVI (30 
m) 

12.6 (5.17) 37.3 (7.40 

 Landsat Bright. (30 
m) 

0.669 (2.90) 35.5 (8.38) 

 Landsat NDVI + 
Albedo 
(30 m) 

5.51 (3.53) 
 

37.8 (6.96) 

    
Sofala Baccini et al. 2012 

(500 m) 
 

60.0 (1.98) 34.1 (4.35) 

Sites < 50 Mg ha-1: 
n = 63 
Sites > 50 Mg ha-1: 
n = 20 

Landsat Model 1 
(30 m) 
 

9.62 (1.00) 22.2 (4.2) 

 Landsat Mod 2 (30 
m) 
 

9.74 (1.01) 20.7 (4.10) 
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Table 3.12  Summary of Tabora region biomass map results derived from Landsat image 

metrics calibrated to local field sites. 

 

 

Region Model Mapped 
area 
(x 103 
km2) 

Percent area 
0-200 Mg ha-1 

Percent area 
< 0 Mg ha-1 

Percent area 
> 200 Mg ha-1 

 
Tabora, 
Tanzania 

 
Landsat 
NDVI  

 
34.2 

 
91.7 

 
0.04 

 
8.21 

  
Landsat 
Brightness 

 
34.2 

 
93.2 

 
2.43 

 
4.31 

  
Landsat 
NDVI + 
Brightness 

 
34.2 

 
92.6 

 
0.54 

 
6.85 
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Table 3.13  Summary of Sofala region biomass map results derived from Landsat image 

metrics calibrated to local field sites. 

 

 

Region Model Mapped 
area 
(x 103 
km2) 

Percent area 
0-150 Mg ha-1 

Percent area 
< 0 Mg ha-1 

Percent area 
> 150 Mg ha-1 

 
Sofala, 
Mozambique 

 
Landsat 
NDVI + 
Brightness 
+ Elevation  

 
5.1 

 
99.9 

 
0 

 
0.09 

  
Landsat 
NDVI + 
NDMI + 
Brightness 
+ Elevation 

 
5.1 

 
99.5 

 
0 

 
0.54 
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FIGURES: CHAPTER THREE 

 

Figure 3.1 Locations of study regions at Tabora, Tanzania and Sofala, Mozambique in the 

Miombo Woodlands. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Tabora region, 
Tanzania 

Sofala region, 
Mozambique 
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Figure 3.2 Land cover and terrain at Tabora, Tanzania and Sofala, Mozambique study 

regions. Left-side panels  show false-color Landsat 8 imagery for Tabora, Tanzania (July 

2015) and Landsat 5 imagery for Sofala, Mozambique (June 2006).  Right-side panels show 

15 m ASTER Global Digital Elevation Model (DEM) data (GDEMv2) with legend to the right.  

Yellow dots indicate locations of sites where field data from study regions was taken.  

Yellow boundaries indicate forest management areas that are regions of interest for 

monitoring.    
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Figure 3.3  Distributions of ground-measured basal area and biomass values across 

Miombo Woodland sites in Tanzania and Mozambique. 
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Figure 3.4  Distributions of Landsat satellite metrics across Miombo Woodland sites in 

Tanzania and Mozambique. 
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Figure 3.5   Existing 500 m pan-tropical biomass estimates  (Baccini et al. 2012) compared 

to field-estimated aboveground tree biomass at Tabora, Tanzania and Sofala, Mozambique 

Miombo Woodlands.  Horizontal vertical lines mark the average of forest biomass field 

estimates in past field studies for  Tabora (Mayes et al, Chp 2 in prep) and Sofala regions 

(Williams et al. 2008, Ryan et al. 2012).   
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Figure 3.6 Landsat  NDVI and brightness metric –based estimates of  forest biomass 

compared to field data at Tabora, Tanzania.  Left-panel figures show the full biomass ranges 

of field and satellite data.  Right-side panels show data in the 0-50 Mg ha-1 low-biomass 

range (highlighted by heavy black boxed region in left-panel figures). 
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Figure 3.7  Landsat  land cover metric–based estimates of  forest biomass compared to field 

data at Sofala, Mozambique. Left-panel figures show the full biomass ranges of field and 

satellite data.  Right-side panels show data in the 0-50 Mg ha-1 low-biomass range (heavy 

black boxed region in left-panel figures). Model 1 (top row) used Landsat greenness, 

brightness and elevation as predictors to model biomass.  Model 2 (bottom row) used 

Landsat greenness, moisture, brightness and elevation as predictors to model biomass. 
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Figure 3.8 Comparison of aboveground biomass estimates at Tabora, Tanzania and Sofala, 

Mozambique from Baccini et al. (2012) 500 m pan-tropical maps, and this study’s Landsat-

scale 30 m regional maps.  The Tabora map shown is produced from land cover brightness 

relationships to field-estimated aboveground tree biomass. 

 

 

 

 

 

 

 

 

 

 



142 
 

 
 

 

 

 

CONCLUSION 

Overview 

 The goals of this thesis have been to address outstanding ecosystem science 

questions about forest nutrient cycling, and land cover-forest structure relationships to 

improve optical remote sensing of forest conditions in Miombo Woodlands.   In addition to 

producing manuscripts for the peer-reviewed scientific literature, projects aimed to address 

information needs for inter- and multi-disciplinary professionals involved in forest and land 

resources conservation.   This concluding chapter summarizes major scientific findings, 

uncertainties, and their implications for forest conservation by project.  Subsequently, it 

discusses important future needs for ecosystem science research to support conservation in 

Miombo Woodlands and other tropical dry forests.  

 

Chapter One:  Low nitrogen (N) availability across regrowth and mature Miombo forests 

indicates the importance of minimizing ecosystem N losses and maintaining N inputs to 

conserve forest productivity 

 This project completed one of the first evaluations of N availability patterns across a 

forest regrowth chronosequence in the African dry tropics.  Evidence from soil and 

vegetation N cycle indicators in a western Tanzania Miombo Woodland landscape suggested 

ecosystem N availability was low across sites, and that N cycle recovery was driven by N 

accumulation in tree biomass.  Soil data primarily indicated low N availability conditions 
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persisted across young and mature forests. Ammonium dominated plant-available mineral 

N (ammonium:nitrate) ratios, and total N pools 0-15 cm remained less than 1000 kg N ha-1 

across sites, low compared to values across other global tropical dry forests (>2000 kg N ha-

1) with similar tree biomass (Waring et al 2015, Saynes et al 2005).  The lack of significant 

recovery trends in either soil mineral N (ammonium and nitrate) concentrations, or wet-

season mineralization rates with increasing site age, indicated plant-available mineral N 

supplies did not recover in the 40 yr regrowth timespan represented by field sites.  In 

laboratory incubations, N mineralization potentials were 2-3 times higher in the wet season 

than dry season, suggesting that observed trends of shortening rainy seasons could result in 

lower mineral N availability to forest trees.  Finally, we measured foliar δ15N <0 across 

regrowth and mature forest sites in canopy-dominant N-fixing tree, Pterocarpus angolensis,  

for which past studies have found nitrogenase activity in root nodules in Tanzania (Högberg 

1986).  This is evidence that N fixation operates during regrowth and likely contributes, 

together with low levels of atmospheric N inputs, to the recovery of tree N pools.  

Altogether, our findings suggest that basic N cycling and low N-availability conditions in the 

Miombo are more similar to mixed tree-grass savannah systems such as the Brazilian 

cerrado, than humid or other Neotropical dry tropical forests (Bustamante et al 2004, 

Davidson et al 2007, Waring et al 2015, Saynes et al 2005). 

 The N cycling indicators studied provide striking first impressions of the Miombo as 

low-N ecosystems, but it was not possible to address all aspects of ecosystem N cycling in 

detail commensurate with other tropical systems that have been studied over many years 

(e.g. (Markewitz et al 2004).  Limited infrastructure and challenging field logistics restricted 

the project to simple methods that have important limitations.  For addressing ecosystem-

scale N recovery with regrowth, the largest uncertainties involved the infeasibility of 

measuring N losses, quantifying N variability across broader sets of tree species, and further 
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quantifying N inputs. With sandy soils low in organic matter, N leaching losses are likely 

more significant for ecosystem N budgets than gaseous losses mediated by processes such 

as denitrification, especially given ammonium-dominated mineral N pools indicating tight 

competition for mineral N among plants and microbes (Chikowo et al 2004, Schimel and 

Bennett 2004).  Instead of denitrification, fire likely is the largest source of gaseous N losses, 

though understanding its effects on ecosystem N availability is a thorny problem.  As fire 

volatilizes N-rich litter and topsoil organic matter,  significant quantities of N are also 

deposited as ammonium (NH4+) in ash locally and redistributed regionally through 

atmospheric deposition processes (Stromgaard 1992, Lamarque 2013).  For constraining 

the importance of N inputs via fixation, improved tree species inventories to estimate the 

basal area of N fixers, and testing for N-fixing activity are needed.  Language barriers were 

the main challenge to understanding species distributions. A majority of tree species could 

be named and were recorded with stem inventories. However, precise identifies of many 

species were lost in translation between the local Nyamwezi and Sukuma languages, Swahili 

and scientific names.  Addressing the questions of N leaching losses through lysimeter 

measurements in forests, and allocating time and money to linking local and scientific 

knowledge about tree species are low-hanging fruit for improving broad N cycle patterns in 

Miombo systems.    

 Feasible methods for quantifying N in trees and soil produced first-order estimates 

of tree and soil N pools, and to a limited extent, N supply rates from mineralization 

(laboratory incubation experiments over a 2-week period).  They did not account for 

variability of wood or leaf chemistry across tree species and only represent canopy trees, 

not the understory.  Leaf %N and wood chemistry of canopy and understory trees have 

been shown to vary among Miombo trees by species and niche in the canopy (Frost 1996, 

Chidumayo 1993).   Total soil N stocks and mineral N were only measured 0-15 cm,  and 
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while the majority of ecosystem soil organic carbon and N is concentrated in the top 15 cm, 

Miombo trees have roots > 5 m and it is unclear how much soil N stocks at depth contribute 

to ecosystem N supplies (Frost 1996, Högberg 1986).  Processes such as fate and transport 

of leaf biomass N between translocation and litterfall deposition, and timing of tree mineral 

N uptake, are important for interpreting the variability in total soil N stock data and 

understanding plant-soil N exchanges. 

 Several findings bear directly on Miombo forest conservation management with 

regard to maintenance of nutrient cycling for forest productivity.  The most important are 

the combined findings of low N availability in soils, signs of >40 yr recovery in soil mineral 

N resources, and strong evidence that tree woody biomass accumulation drives the 

recuperation of combined (plant + soil) ecosystem N stocks during forest regrowth.  These 

findings suggests that efforts to maintain N for forest productivity, encourage natural 

regeneration (unassisted regrowth of forest vegetation) or engage in reforestation or 

afforestation should minimize local ecosystem N losses by carefully managing fire, and 

discouraging the removal of tree biomass especially in regrowth forest sites, including 

cutting of live stems and removal of deadwood.  These will be a challenging management 

problems, as wood biomass harvest (live stems and dead wood) for energy resources and 

building materials is widespread (Luoga et al 2000, Chidumayo and Gumbo 2013).  Finally, 

Pterocarpus angolensis, the tree for which we found foliar δ15N <0 indicating active fixation, 

is an endangered, highly-valued tree yielding rot and termite-resistant timber, and is used 

for load-bearing structures and high-value furniture (Schwartz et al 2002).  Identification 

and protection of N-fixing trees could be an important part of strategies to maintain N in 

Miombo forest ecosystems.              
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Chapter Two:  Strong inverse correlations of non-green (senesced vegetation) land cover to 

tree structure indicates the utility of non-green landscape elements, in addition to green-

vegetation features, for modeling Miombo tree structure with optical remotely sensed data  

 This project completed one of the first land cover surveys linked to tree inventories 

in a Miombo Woodland landscape, and used forest structure relationships to optical Landsat 

satellite data to estimate forest basal area and biomass for a 2,470 km2 region in western 

Tanzania.  Its goals were to quantify land cover relationships to tree structure and test the 

utility of non-green land cover features for modeling tree structure at landscape scales.  

Patterns among field and Landsat-derived land cover metrics (green vegetation (GV) and 

non-photosynthetic vegetation (NPV) spectral mixture analysis (SMA) fractions, and NDVI) 

corroborated the hypothesis that exposure of bright, senesced vegetation correlated 

strongly to tree structure.  In field data, tree canopy-mediated exposure of senesced 

vegetation on the ground had strong inverse correlations to tree basal area and biomass.  

The green leaf proportion of canopy cover had no correlation to tree structure on the 

ground.  In field-to-satellite data relationships, we found that inverse correlations between 

Landsat SMA-NPV and tree structure were equivalent or stronger than correlations of 

green-leaf land cover measures (SMA-GL or NDVI).  Three basal area and biomass maps for 

our study landscape, based on Landsat SMA-NPV, SMA-GV and NDVI respectively, modeled 

over 90% of per-pixel basal area and biomass values within ranges measured in the field.  

Maps derived from all metrics produced similar basal area and biomass estimates for high-

biomass forest areas.  Though class differences were not significant, village-managed forest 

areas had markedly higher basal area and biomass than national forest reserves.  In non-

forest areas, Landsat SMA-NPV based maps modeled basal area and biomass values that 

more closely matched measured values for young regrowth forests (3-4, 10-24 yr) and 

disturbed sites than metrics based on greenness measures.  While more field data is needed 
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to validate the landscape-scale tree structure estimates of these pilot maps, our results 

demonstrate that senesced vegetation metrics at Landsat scales are a promising means for 

improved quantification of tree structure conditions and change in African tropical dry 

forest landscapes.    

 This project’s analyses with field and satellite data illustrated mechanisms for how 

Landsat SMA-NPV indicators relate to basal area and biomass in the early dry season, an 

optimum time for land cover differentiation in Miombo Woodlands (Mayes et al 2015) .  

These mechanisms are coherent with patterns of tree-grass structure and differences in 

grass-tree phenology found across the global dry tropics (Frost 1996, Eamus and Prior 

2001).  Biomass and forest structure maps were proof-of-concept exercises that NPV could 

be used to model forest structure with some advantages over greenness-based land cover 

metrics.  A number of uncertainties are required to validate and develop these methods into 

more transferrable relationships.  The main uncertainty is that the land cover signal 

measured by optical remotely sensed data does not directly measure vegetation structure, 

but rather integrated land cover (Goetz et al 2009).  Many variables affect ground cover 

materials independently and can confound optical data relationships to tree structure.  In 

the Miombo systems, fire is prevalent, and sub-canopy burns darken land cover to the point 

of altogether eliminating the ability to use land cover-optical image data relationships 

derived in non-burned areas (Frost 1996, Mayes et al 2015).  Other environmental 

variations and land-use factors, such as flooding forest structures and cattle grazing 

pressure, can confound the land cover relationships to biomass developed in this study.  

Methods in this study depended on early dry season timing of optical imagery, which may 

not always be available.  Combined use of optical and active remotely sensed data (radar, 

LiDAR) has been demonstrated as a leading way to deal with confounding variables 

affecting land cover (Ribeiro et al 2008, Baccini et al 2012).  Further, for this study, only 17 
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sites and simple linear regressions were used to test relationships because of limited 

dataset size.  While adequate to test novel hypotheses about land cover-forest structure 

relationships and develop pilot maps, ideally larger field datasets are necessary to improve 

calibrations to imagery, reserve sites for independent validation, or to use statistical 

validation approaches such as leave-one-out uncertainty estimates or jackknifing to 

quantify the uncertainty of per-pixel forest structure estimates. 

 For conservation management, this project has yielded insights for forest 

monitoring broadly, and landscape patterns in the Tabora, Tanzania case study landscape 

specifically.  For forest monitoring practice, this study demonstrated the utility of planning 

land cover surveys alongside surveys of tree biomass to understand relationships to 

Landsat-scale and other optical satellite data.  The land cover survey methods we used 

provided straightforward means of relating land cover to forest structure, and developing 

direct remote sensing approaches for local forest monitoring (Goetz et al 2009).  Using 

inexpensive, simple spherical densitometer mirrors to quantify canopy features, and point-

line transects for ground cover, they were easily communicable and repeatable.  With 

sufficient resources, a larger number of sites can be measured to address small-sample size 

issues.     

 Two observations were striking about forest structure variability in Tabora, 

Tanzania related to current land management.  First, at scales of hundreds of kilometers, 

sharp boundaries were apparent in forest cover at management area borders, indicating 

that large-scale land management, land use and forest policy has strongly affected present 

forest cover distributions.  Second, although sample sizes were small, there was notably 

higher basal area and biomass in village-managed forest sites than nationally managed 

reserve forest sites in Tabora.  These data speak to broader questions about what 
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institutional structures and scales (local, regional, national) forest conservation is most 

effective in small-holder landscapes. 

   

Chapter Three:  Brightness land cover metrics derived from Landsat satellite data (30 m 

pixels) improve predictions of aboveground tree biomass in low-biomass areas (<50 Mg ha-1) 

across two distinct Miombo landscapes, indicating a promising approach for monitoring 

regrowth forests and other low tree biomass areas targeted for forest conservation projects. 

 This study presented one of the first cross-regional assessments of relationships 

among field data on forest structure and Landsat-derived land cover metrics in the Miombo 

Woodlands.  In parallel analyses based in western Tanzania and southern Mozambique 

regions, its goals were to identify if consistent land cover-forest structure relationships 

emerged that were useful for biomass monitoring within landscapes, focusing on low-

biomass areas (<50 Mg ha-1).  The study also developed pilot forest biomass maps with 

Landsat 30 m data, and compared their performance to an existing pan-tropical forest 

biomass map combining optical and active remotely sensed data at 500 m resolution 

(Baccini et al 2012).  Mature forests in Tanzania had significantly higher stem density, basal 

area and biomass than Mozambique, and the spatial variability of forest cover also strongly 

differed between regions.  Nevertheless, in both regions green vegetation (NDVI) and 

surface moisture (NDMI) satellite metrics had positive correlations, and a brightness metric 

(sum of reflectance across optical bands) had negative correlations to forest basal area and 

biomass.  In multiple regression analyses to predict forest structure, brightness metrics, and 

combinations of multiple land cover metrics and landscape co-variables (elevation, soil 

type), had relationships to forest structure that were as strong or stronger than those using 

greenness alone.  In both regions, the 500 m pan-tropical biomass map (Baccini et al 2012) 
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consistently and significantly over-estimated aboveground biomass in low-biomass areas 

(<50 Mg ha-1).  Regionally calibrated Landsat-scale 30 m maps produced absolute values 

and spatial patterns of biomass in both Tanzania and Mozambique that better matched field 

data ranges across known landscape gradients related to land use and ecological factors, 

though need further validation and methodological refinements.  Our findings suggested 

successful pursuit of transferrable remote sensing relationships for Miombo landscapes 

should use multiple land cover metrics besides greenness measures, and appropriate 

representation of covariates affecting forest structure-land cover relationships in field 

datasets.  

 Chapter Three’s analyses extended findings of Chapter Two and tested their 

transferability across different Miombo regions.  Identifying transferrable strategies to 

relate optical remotely sensed data on land cover to forest structure in different regions, 

even within the same ecological zone, is an important problem for improving forest 

monitoring globally (Foody et al 2003).   The chief limitations of Chapter Three’s analyses 

were much the same those of Chapter Two.   Chapter Three’s brightness metric was a coarse 

proxy for the Landsat SMA-NPV senesced vegetation cover metric used in Chapter Two: low 

tree-cover areas dominated by senesced vegetation have brighter land cover surfaces than 

high tree-cover areas.  The brightness metric, a simple sum of reflectance across Landsat 

optical bands, was easier to use for cross-regional analyses given the lack of land cover data 

in the Mozambique site, which precluded the kind of validation of land cover-forest 

structure relationships that was possible for the Tanzania site.  The finding that strong 

inverse correlations between brightness, forest basal area and biomass held in the 83-site 

Mozambique dataset added confidence that both senesced and green vegetation land cover 

relationships in the smaller 17-site Tabora dataset were indeed transferrable.  Further 

steps to refine Landsat optical data calibrations to forest structure in Tabora and 
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Mozambique  could include analyses pooling data from both sites, and more sophisticated 

modeling methods than simple linear regression, such as decision tree approaches (Goetz et 

al 2009).  

 Chapter Three’s work yielded two key advances forest conservation.  The first were 

results that showed biases in an existing global-scale biomass map for low-biomass (<50 Mg 

ha-1) tree structure regions in the Miombo.  The second was evidence that use of Landsat 30 

m optical remotely sensed data, non-green and green land cover indices for mapping 

biomass reduced errors for low-biomass tree structure regions compared to existing maps.  

The threshold of 50 Mg ha-1 biomass (roughly 25 Mg ha-1 carbon stocks) is important 

because it represents an average forest structure boundary between 30-40 year regrowth 

forests and mature forests found across the Miombo Woodland ecoregion (Williams et al 

2008, Kalaba et al 2013, Chidumayo 2013, McNicol et al 2015).  Across sub-Saharan Africa, 

and within landscapes, much of the Miombo Woodland forest areas are disturbed or recent 

regrowth, or through edaphic factors have biomass below 50 Mg ha-1.  The orientation of 

existing 500 m forest biomass maps is not on monitoring biomass variability within 

landscapes, but rather identifying high vegetation carbon-stock regions at larger scales for 

national or international-scale carbon assessments for programs such as REDD+ (Baccini et 

al 2012, Saatchi et al 2011).  Improved, regionally tuned remote sensing methods for forest 

structure are needed to aid forest landscape restoration programs such as World Resource 

Institute’s Afri100 Landscapes Initiative that focus largely on forest management in low-

biomass areas of landscapes (Chazdon 2008, WRI 2016).  Chapter Three’s results, along 

with Chapter Two, show promising directions for remote sensing methods and 

understanding of optical satellite data-forest structure relationships that are needed to 

provide landscape-scale information on conditions and change in areas with low-biomass 

tree structure.   
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Future research directions and priorities 

 Land use and climate change pressures threaten the extent and productivity of 

tropical dry forests, their biodiversity and the resources they provide to millions of people 

in the Miombo Woodlands and across the global tropics.  To address these challenges, there 

are needs for further research on ecosystem processes, forest monitoring, and conservation 

management that more equitably involve diverse stakeholders from local to international 

scales.    Ecosystem science, in collaboration with other fields of expertise, can contribute 

toward meeting all of these needs. 

 Research in forestry, biogeochemistry, land cover/land use change and other fields 

has established basic understanding of a few important ecosystem processes in Miombo 

Woodlands.  Namely, these include patterns in forest structure, carbon stocks and species 

variability across different Miombo regions and general 20-30 year timescales for forest 

carbon stock recovery from disturbance (Frost 1996, Williams et al 2008, Kalaba et al 2013, 

Banda et al 2006, McNicol et al 2015, Chidumayo 2013).  Work in this thesis contributes 

knowledge of Miombo nitrogen cycling patterns with regrowth, and relationships between 

land cover, tree structure and optical remote sensing.   

 However, much of this past research has relied on data collected at only one or a few 

points in time (e.g. tree inventories), capturing relatively static snapshots of ecosystem 

conditions.  There is relatively little understanding of how ecosystem processes function or 

mechanisms by which they respond to environmental change. Over the past 25 years, the 

select few studies on Miombo ecosystems involving repeat data collection have identified 

basic patterns in leaf nutrient resorption behavior (Chidumayo 1993) and inter-annual net 
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ecosystem productivity variations (Kutsch et al 2011) that only begin to address process-

oriented ecosystem biogeochemistry  questions.   

 Climate change, particularly involving rainfall, stands to affect biogeochemistry and 

productivity of Miombo and other tropical dry forests worldwide (Wang et al 2015, Lyon 

and Dewitt 2012, Guan et al 2014).  For forest conservation recommendations to be 

effective long-term, in some way, they will have to protect water and nutrient cycling 

processes necessary for forest growth in drier or more variable rainfall regimes.  Thus, 

there is a great need for improved process-based understanding of forest productivity, 

nutrient cycling and phenology and how they respond to changes in water availability.  Key 

questions include: 

1.  What are the basic patterns of Miombo forest carbon cycling, nutrient cycling (nitrogen, 

phosphorus, others), phenology and other processes surrounding major modes of water 

variability (wet-dry season) and points of change (before-after rainfall events)? 

2.  How do basic patterns in ecosystem processes and their responses to water availability 

change among Miombo forests of different ages, disturbance types and intensities, or with 

different species compositions? 

3.   How do changes in ecosystem processes (forest productivity, nutrient cycling, 

phenology) feed back among other important landscape-scale processes, such as fire? 

 Field-based studies that collect data at higher temporal resolutions, matching the 

scales of variability of hydrological conditions, will be necessary to address the questions 

above.  At minimum, repeat data collection should cover wet and dry seasons.  Studies could 

also focus on times before and after rainfall events.  Ideally, data collection would occur 

over months or weeks for nutrient cycling data, or make use of continuous data collection 
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for physical environmental conditions such as soil moisture or temperature.  Use of 

automated data collection methods, from cameras to environmental sensors (e.g. Hobo 

loggers) are becoming common in the ecological literature (Richardson et al 2009).  

Structuring future field research to make use of well-characterized forest regrowth 

chronosequences can help address both questions 1 and 2 above.  For question 3, use of 

emerging remotely sensed data for burned areas, which scale MODIS 500 m products to 

Landsat 30 m resolutions, can aid selection of field sites with different historical burn 

frequencies to study fire effects on ecosystem processes (Boschetti et al 2015).       

 Besides data collection at higher temporal resolutions, land cover and forest 

structure characterization at higher spatial resolutions can help improve characterization of 

forest ecosystems, and study processes like phenology at landscape scales.  The use of small 

unmanned aerial vehicles/systems (drones, UAV/S) offers great promise as a tool to map 1-

10 hectare-sized areas, or improve scaling between field and satellite observations.  

Researchers worldwide are beginning to use UAVs as part of ecosystem biogeochemistry 

and natural resource assessments (Rezayan and Erfanifard 2016, Paneque-Galvez et al 

2014, Tang and Shao 2015). UAS data break the “spatial-spectral resolution” tradeoff 

inherent in optical satellite remotely sensed data, in that they offer both high-spatial and 

high temporal-frequency observation.    

 Involving local people and communities in scientific research, forest monitoring and 

management holds immense opportunities for improving ecosystem science and forest 

conservation in the Miombo Woodlands and other tropical dry forests.  For research on 

land-use effects on forests in rural Miombo landscapes, involving local people is crucial to 

understanding what land-use activities are occurring and where, and how to frame research 

projects to be of most benefit to local management issues.  Inter- and multi-disciplinary 
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research is needed to identify what modifications to land-use practices are realistic for 

forest conservation, given local socioeconomic conditions  and regionally tele-connected 

land use pressures (DeFries et al 2010) .  A useful question thus is not “What are the effects 

of preventing wood-fuel harvesting in Miombo Woodlands?” because wood fuels are an 

irreplaceable resource for many people.  Rather, questions surrounding what are the 

impacts of varying harvest pressures, or harvest rotations for wood fuels are more 

productive.  Coupled with field studies involving local land users, ecosystem modelling 

approaches to these questions will also be useful for estimating sustainable resource use 

rates (Rastetter et al 2013).  Development of strong working relationships with regional 

government officials, local scientists and diverse groups of people living within study 

landscapes is critical to create productive, secure circumstances to attempt use of new 

technologies, such as high temporal-resolution monitoring sensors and UAVs, to achieve 

scientific advances and project goals of ecosystem scientists and forest conservation 

interests.     

   Forest resource conservation needs create ecosystem science opportunities.  This 

thesis has addressed questions about forest nutrient cycling and land cover-forest structure 

relationships for the ecosystem science community and highlighted findings that are 

practical for forest conservation management in Miombo landscapes.  A network of 

scientists, professionals, teachers and friends across continents and cultures inspired its 

work.  It is my hope that work in this thesis serves as a helpful example for approaching 

ecosystem science at landscape scales to other broad thinkers, driven to do work that helps 

people.   
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