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Abstract 

Land use change and forest fragmentation threaten biodiversity in the tropics. One important 

mechanism by which species are affected by land use change is the change in microclimate that 

occurs with modifications to the vegetation cover. We quantified the link between vegetation and 

microclimate in the tropics for the first time, finding strong relationships between leaf area index 

and five key microclimate variables. The mean daily maximum air temperature 1.5 m above the 

ground was up to 6.5 °C hotter in oil palm plantations and up to 2.5 °C hotter in logged forest than in 

primary forest, which could have large impacts on the organisms living in these habitats. We also 

developed a process based microclimate model designed for use across this range of land use types. 

The model reproduced the direction of the observed trends, and performed well in predicting mean 

climate variables as well as inter- and intraday variability. Model results suggested that changes in 

canopy height associated with logging and agricultural conversion have a more important influence 

on the near-surface microclimate than changes in leaf area index. The hotter, drier and windier 

microclimate found near a forest edge could drive an increase in tree transpiration. For the first 

time, transpiration rates were measured in six trees before and immediately after the creation of a 

forest edge by monitoring sap flow. After edge creation, mean daily sap flow rates increased in all 

trees, with the increases ranging from 4-61%. The magnitude of the change in mean daily sap flow 

was found to be positively correlated with diameter at breast height and negatively correlated with 

the distance to the forest edge. These increases in tree water use near forest edges, particularly by 

large trees, could create water shortages and drive increased tree mortality. 
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1 Introduction 
 

The conservation of biodiversity is one of the greatest challenges of the 21st century. Ecosystem 

degradation and the associated loss of services that biological systems provide to humanity are 

expected to have major negative economic and social impacts (Costanza et al, 1997; Balmford et al, 

2002; Dobson et al, 2006). The Secretariat of the Convention on Biological Diversity (2010) identified 

five main threats to biodiversity - habitat change, overexploitation, pollution, invasive alien species 

and climate change – all of which are either constant or increasing. Tropical forests have the highest 

biodiversity of any biome and, therefore, their conservation and protection should be a top priority 

(Gibson et al, 2011; Laurance et al, 2012). The biggest threat to biodiversity in the tropics is land use 

change, driven by agricultural expansion, and in Malaysia and Indonesia, it is the expansion of oil 

palm plantations that is causing large-scale deforestation (Sala et al, 2000; Koh and Wilcove, 2008). 

Ecosystems and their local climate influence one another. Species have evolved to survive in 

particular climate conditions and weather events such as droughts, storms, heatwaves and frosts 

have large impacts upon ecosystems (Boose et al, 1994; Ciais et al, 2005; Hufkens et al, 2012). 

Exchanges of energy, water vapour and other chemicals between vegetation and the atmosphere 

play a role in shaping local climate conditions (Bonan, 2008). Therefore, an ecosystem and its local 

climate are connected and changes in either system will result in alterations to the other. 

Microclimate refers to the set of climate variables on scales of 0.01 – 1000 m (Oke, 1973). Individual 

organisms experience climate on these very small scales and, therefore, microclimate is of great 

importance to ecosystems and variations in microclimate can lead to changes in species 

composition.   

This thesis investigates links between vegetation and microclimate in a heterogeneous tropical 

landscape, encompassing oil palm, logged forest and old growth forest in Sabah, Malaysia on the 

island of Borneo. While microclimate is known to be affected by vegetation structure, there is a lack 
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of data on their relationship, particularly in the tropics. We address this by presenting the results of 

an extensive microclimate measuring campaign, and by finding strong, quantitative links between 

vegetation structure and several key microclimate variables (Chapter 3). Furthermore, we use this 

dataset to validate a process-based microclimate model designed for use in heterogeneous tropical 

landscapes (Chapter 4). Such a model is useful for exploring the physical mechanisms that govern 

microclimate and could be used to investigate feedbacks between ecosystems and climate as well as 

the impacts of climate change. Finally, we examine the impacts of environmental change on tree 

transpiration rates at an experimentally created forest edge (Chapter 5). These are the first 

measurements of tree transpiration rates in a fragment before and after edge creation, and they 

could help to explain observations of large increases in tree mortality rates near forest edges 

(Laurance et al, 2000). 

1.1 Microclimate 

 

A population of a species will only persist in an area in which the physical and biological conditions 

are suitable (Hutchinson, 1957). Microclimate variables, such as air and soil temperature, sunlight 

exposure, wind exposure, air and soil moisture and precipitation, govern the local environment that 

organisms have to cope with (Davies-Colley et al, 2000). Microclimate directly affects a number of 

ecological processes, including plant regeneration and growth, nutrient cycling, tree and 

invertebrate mortality and soil respiration (Laurance et al, 1997; Chen et al, 1999; Raich and 

Tufekcioglu, 2000; Bonan, 2008). For example, different plant species are adapted to develop in 

different microclimates; pioneer tree species thrive in areas with high light levels, such as in large 

canopy gaps, and climax tree species are adapted to germinate and grow in shaded areas with low 

light levels (Whitmore, 1998). Animal species are also affected; many tropical insect species are 

adapted to survive in the humid conditions found in rainforest interiors and have very low levels of 

resistance to desiccation (Hoffman et al, 2003). Similarly, ants are sensitive to soil temperatures, 

often only being able to thrive within quite a narrow range of temperatures (Korzukhin et al, 2001). 
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Variability in climate on the micro-scale is driven by topography and vegetation cover. Topographical 

climate variations include effects due to elevation, cold air drainage, wind exposure, slope and 

aspect (Dobrowski, 2010). These physical processes are relatively well understood; however, running 

regional climate models at high enough resolutions to accurately simulate these effects is 

computationally expensive. Vegetation has long been known to modify the climate near the ground 

(Geiger, 1950). Recent work has shown that climate differences between different habitats can be 

on the same scale or larger than those projected to occur under climate change (Suggitt et al, 2011) 

and that canopy cover has a strong influence upon extreme climate conditions (Ashcroft and Gollan, 

2012).  

The air beneath the canopy of a tropical rainforest is cool and humid compared to that above the 

canopy (Laurance, 2006). In Southeast Asia, oil palm plantations have been measured to be 2.8 °C 

hotter and significantly less humid than nearby forest during the day (Luskin and Potts, 2011). The 

presence of a closed canopy has been shown to affect soil macrofauna communities, probably due 

to the canopy’s influence upon soil microclimate (Martius et al, 2004). From the top of the canopy to 

the rainforest floor the microclimate changes considerably, and this stratification allows different 

communities to exist at different levels, contributing to the large biodiversity found in tropical 

forests (Bruhl et al, 1998; Roisin et al, 2006; Grimbacher and Stork, 2007). Degradation of the 

rainforest canopy and fragmentation of the forest, which creates exposed edges, modify this below-

canopy microclimate. However, a full understanding of the relationship between vegetation and 

microclimate is currently lacking, but is crucial for the development of microclimate models across 

heterogeneous landscapes. In addition, climate change in the 21st century will potentially alter 

rainforest microclimates. These changes will have a knock-on impact on the rainforest ecosystem 

and its functioning.   
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1.2 Deforestation and forest fragmentation 

 

Forests cover 31% of the world’s land area, with primary forests – forests in which there has been no 

significant human disturbance on ecosystem functioning – accounting for roughly 11% of the world’s 

land area (FAO, 2010). Over the last decade, deforestation has occurred at a rate of 0.33% of total 

forest cover per year, a slower rate than in the 1990s, but still high (FAO, 2010). It is worth noting 

that net forest loss in tropical Asia is now at the same level as extratropical Europe, America and Asia 

(Wright and Muller-Landau, 2006). Deforestation is a concern because forests provide a large 

number of benefits both to local communities and to the planet as a whole. Net carbon emissions 

from tropical deforestation account for 10-20% of global emissions (Ciais et al, 2013). Forests and 

the biodiversity they foster also provide many other services, including; prevention of flooding 

(Bradshaw et al, 2007); prevention of soil erosion (Zhang et al, 2000); hydrological regulation (Calder 

et al, 2007); provision of medicines (Newman and Cragg, 2012); provision of food, fibres and 

construction materials (Laurance, 1999); prevention of spread of disease (Bradshaw et al, 2009); and 

the cultural significance and emotional value attached to biodiversity (Millennium Ecosystem 

Assessment, 2005). 

As well as decreasing in total area, forests in tropical regions are becoming increasingly fragmented 

(Laurance et al, 2011). Anthropogenic modifications to natural habitats result in large continuous 

habitats being divided into smaller and more isolated habitat fragments (Ewers and Didham, 2006). 

This isolation can reduce genetic diversity among species, as connectivity between populations is 

lost, and can lead to increased extinction risk (Dixo et al, 2009). Fragmentation also leads to the 

formation of forest edges, which leaves parts of the former forest interior exposed to the influence 

of the newly cleared neighbouring land; these impacts are known as edge effects (Murcia, 1995). 

Recent analysis has shown that 70% of global forests are now within 1 km of a forest edge (Haddad 

et al, 2015).  
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Fragmentation has many negative consequences for biodiversity. The abundance of many animal 

species, including bees, wasps (Fowler et al, 1993), ants (Carvalho and Vasconcelos, 1999; Bruhl et al, 

2003) and understory birds (Laurance, 2004) has been observed to decline at the edges of forest 

fragments. Species richness of many organisms decreases with fragment size (Stouffer et al, 2009; 

Laurance et al, 2011), but even large fragments of 10,000 ha would be expected to lose a significant 

number of species if isolated for a century (Ferraz et al, 2003). Fragmentation also increases the risk 

of fire spreading into forests, as a result of land clearance by burning in adjacent agricultural land 

(Cochrane and Laurance, 2008). 

Deforestation and fragmentation lead to the creation of heterogeneous landscapes with a blend of 

land uses and edge effects occurring at habitat boundaries. This has a large influence upon species 

and one important driver of biological changes is modified microclimate. If we are to protect 

biodiversity in such landscapes, there is a need for more knowledge on how changes in vegetation 

affect microclimate and how, in turn, changes in microclimate affect biodiversity. 

1.2.1 Microclimate edge effects 

 

Edge effects cover a wide range of phenomena and their influence can extend from a few metres 

into a forest fragment up to a few kilometres. Broadbent et al (2008) split edge effects into four 

categories; those affecting forest structure; those affecting tree mortality; those affecting 

microclimate; and those affecting biodiversity. It is worth pointing out that these categories are 

based upon the measurable impacts, but one edge effect may be directly caused by another and 

there will be many links between different effects. It is thought that microclimate edge effects are a 

driver for many biological responses at forest edges (eg Nascimento and Laurance, 2004; Laurance et 

al, 1997), and in this thesis we will look for links between microclimate edge effects and those 

affecting tree mortality (Chapter 5). Microclimate edge effects at forest boundaries have been 

studied at various different sites around the world, both tropical and temperate. They have been 
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demonstrated to exist across forest edges in heavily fragmented landscapes and also along linear 

canopy openings associated with power lines or roads (Pohlman et al, 2009). 

Daytime air and soil temperatures outside tropical rainforests are higher than within forest interiors 

and, as such, in general there exists a temperature gradient across a rainforest edge. At night, this 

gradient is lessened or can even be reversed, with the forest interior being warmer than the external 

temperature (Chen et al, 1995; Pohlman et al, 2009; Medellu et al, 2012). Air temperature edge 

effects have been detected 20 - 180 m into forest fragments (Kapos, 1989; Didham and Lawton, 

1999; Broadbent et al, 2008; Ewers and Banks-Leite, 2013). Davies-Colley et al (2000) found that the 

gradient in soil temperature at the edge of a forest mirrored that of solar radiation and that the edge 

effect extended 10 m into the forest. Similarly, Williams-Linera et al (1998) found soil temperature 

only differed from interior conditions over the first 10 m of the forest edge for a tropical rainforest. 

Many species are adapted to the high humidity levels of tropical rainforest interiors and are 

vulnerable to desiccation at forest edges where humidity levels drop (Hoffman et al, 2003; Laurance 

et al, 2000). Humidity is a good indicator of the moisture available to species in an area, and has a 

more direct relationship with moisture availability than precipitation levels (Ashcroft and Gollan, 

2012). Williams-Linera et al (1998) found that there was a detectable relative humidity edge effect 

up to 40 m into a young tropical rainforest in Mexico. Similarly, Young and Mitchell (1994) found 

that a humidity edge effect penetrated 50 m into a podocarp-broadleaf forest in New Zealand. Kapos 

(1989) also found that there were differences in humidity at least 40 m from the edge of a rainforest 

in Brazil. Riutta et al (2012) found that decreased soil moisture near a forest edge reduced the rate 

of leaf litter decomposition and therefore had implications for nutrient cycling in forest fragments. 

The distance to which microclimate edge effects can penetrate into a fragment depends on the edge 

structure. Didham and Lawton (1999) found that temperature edge effects penetrated 19.5 m into a 

100 ha fragment with a dense second growth at the edge compared to 184 m into a 100 ha fragment 

with an open edge without dense second growth. The air temperature edge effect also depends on 
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height above the ground. Didham and Ewers (2014) found that the air temperature gradient from 

edge to interior was less severe in the subcanopy compared to near the ground and that the 

gradient was reversed in the upper canopy in a temperate Beech forest in New Zealand. 

Microclimate edge effects could be a key contributing factor to observed ecological changes near 

forest edges. Plant community composition can be altered near edges as a result of the modified 

microclimate (Gehlhausen et al, 2000). Grimbacher et al (2006) found that microclimate, as opposed 

to other factors, was likely to mediate the response of beetle species to forest fragmentation. 

Microclimate edge effects have also been implicated in altering the abundance and biotic 

interactions of bees and wasps in secondary tropical forest fragments (Stangler et al, 2015). 

Microclimate modification may also allow invasive species to penetrate forest fragments 

(Gehlhausen et al, 2000; Holway et al, 2002).  

Laurance et al (2000) found a sharp increase in tree mortality rates near the edges of tropical forest 

fragments in Amazonia. Trees of all size classes experienced an increase in mortality rate of 100%, 

but large trees (diameter at breast height ≥ 60 cm) suffered a 180% increase. This could have a large 

negative impact upon forest fragments, as large trees have an important role to play in forest 

ecosystems. They account for a large fraction of the biomass and stored carbon in forests (Brown et 

al, 1995; Clark and Clark, 1996), provide habitats for other species (eg Meyer et al, 2005; Martin and 

Blackburn, 2010) and influence forest structure (Lutz et al, 2012). The substantial increase in 

mortality of large trees near forest edges could be due to greater wind exposure causing death by 

uprooting or crown damage, the increased prevalence of parasitic lianas near forest edges, or trees 

being under increased water stress due to the hot, dry and windy microclimate found at the margins 

of forest fragments (Laurance et al, 2000). We look for evidence of the third possible cause in a field 

experiment in Chapter 5. 
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1.3 Climate change 

 

The globally averaged combined land and ocean surface temperature increased by 0.85 ± 0.21 °C in 

the period 1880 - 2012 (Hartmann et al, 2013). This change has occurred as a result of anthropogenic 

emissions of greenhouse gases, principally carbon dioxide, which have created an extra effective 

radiative forcing of 2.3 ± 1.0 Wm-2 at the Earth’s surface (Myhre et al, 2013). Greenhouse gas 

emissions look set to continue throughout the 21st century and so further perturbations to the 

climate system are expected. The latest Intergovernmental Panel on Climate Change report 

considers four different scenarios for anthropogenic emissions of greenhouse gases in the 21st 

century, reflecting different future policy decisions or socio-economic drivers (Cubasch et al, 2013). 

Under all four scenarios, average global temperature over the period 2081 - 2100 is predicted to 

have increased relative to the average global temperature over the period 1986 - 2005. The 

magnitude of the increase varies from a range of 0.3 - 1.7 °C for the lowest emissions scenario, in 

which greenhouse gas emissions are cut immediately and atmospheric carbon dioxide levels peak in 

2050, to a range of 2.6 - 4.8 °C for the highest emissions scenario, in which anthropogenic 

greenhouse gas emissions continue apace throughout the rest of the century (Collins et al, 2013). 

Medium scenarios predict increases of 1.1 – 3.1 °C by the end of the century (Collins et al, 2013). 

In addition to changes in the surface temperature, other components of the climate system that are 

important to the biosphere are predicted to change. Global mean precipitation is predicted to 

increase by 1 - 3% per degree of surface temperature warming (Collins et al, 2013). However, 

despite this mean increase, midlatitude and subtropical arid and semi-arid regions are predicted to 

probably experience a decrease in precipitation. In general, the contrast in mean annual 

precipitation between dry and wet regions is expected to increase (Collins et al, 2013). Sea ice and 

snow cover are predicted to decrease as a result of a warming climate (Collins et al, 2013). Extreme 

temperature and precipitation events are also expected to increase in intensity as a result of climate 

change (Barnett et al, 2006; Seneviratne et al, 2012; Fischer and Knutti, 2015). 
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Climate change is expected to have a large impact upon the world’s biodiversity and ecosystems. 

Practically all species will be exposed to climate change in some form, but their response will depend 

on both their sensitivity to change and their adaptive capacity (Dawson et al, 2011). The 

paleoecological record shows that previous changes in climate of similar magnitude to those 

predicted for the 21st century have led to large changes in species distributions and ecosystem 

composition (Settele et al, 2014). Species can respond to climate change either by shifting their 

range to new geographic locations that have suitable environmental conditions in a warmer world, 

adapting to their changed conditions genetically, coping through phenotypic plasticity or by suffering 

extinction (Bellard et al, 2012). 

Climate change has already had observable impacts upon species and ecosystems. Some species’ 

geographic ranges have shifted polewards or to higher elevations to compensate for warming 

(Parmesan et al, 1999; Sanz-Elorza et al, 2003). In seasonal climates, phenology – the timing of 

biological events – has already been significantly altered by the warming of the planet (Fitter and 

Fitter, 2002). Climate change has even already been implicated in causing species extinctions and 

declines (Pounds et al, 2006). The proximate causes of climate-related extinctions to date have 

generally not been physiological intolerances to changed climate, but rather as a result of complex 

interactions between the climate and ecosystems (Cahill et al, 2013). This is backed up by 

experiments which have shown that inter-species interactions can have a large influence on an 

ecosystem’s response to a modified climate, with lagged indirect responses that can overturn the 

initial direct impacts of a change in environmental conditions (Suttle et al, 2007). 

Uncertainty in both the response of the biosphere to anthropogenic climate change, as well as the 

magnitude and rate of change in environmental conditions, means it is very difficult to quantify the 

expected impact upon biodiversity. However, many studies have shown that increased warming will 

lead to an increased risk of extinction for many species (eg Thomas et al, 2004; Pereira et al, 2010; 

Warren et al, 2013). Climate change will also interact with other threats to biodiversity. For example, 
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ecosystems that have already been disturbed by human activity are more vulnerable to the impacts 

of climate change (Krӧel-Dulay et al, 2015). Aside from warming, increases in carbon dioxide levels 

are predicted to lead to acidification of the oceans, with potentially harmful effects for resident 

organisms (Pӧrtner et al, 2014).  

These harmful expected impacts mean it is imperative that effective measures are taken to protect 

ecosystems. Planning appropriate adaptation strategies to conserve biodiversity requires accurate 

predictions of how climate change will impact ecosystems and the mechanisms by which these 

impacts will occur. The majority of attempts to predict changes in species distributions due to 

climate change rely on ecological niche models, which use correlations between current 

distributions and climate to project shifts in distributions in the future (Peterson et al, 2011). This 

approach has shown some success both in recent observed range shifts (Green et al, 2008) and in 

climate-induced range shifts in the paleoecological record (Pearman et al, 2008). However, Dawson 

et al (2011) point out that this approach tends only to predict exposure of species to changes in 

climate, while to make accurate projections of species’ vulnerability models should also include 

species’ sensitivity to changes in climate and their adaptive capacity. 

Another approach to predicting climate change induced species range shifts is to use mechanistic 

models (Buckley et al, 2010; Foden et al, 2013). Mechanistic models define a species’ environment 

by taking into account interactions between the climate and the species’ traits, such as morphology 

or behaviour (Kearney and Porter, 2009). Because mechanistic models explicitly capture biological 

processes, they should in theory provide extra insight into a species’ response to climate change, 

potentially producing more accurate predictions and a clear direction for conservation of that 

species (Buckley et al, 2010).  

The absolute temperature increase in the tropics due to climate change is generally predicted to be 

lower than in temperate regions (Collins et al, 2013). Despite this, however, climate change is a 

major concern in the tropics, where its effects may be felt earlier and where the impacts on 



27 
 

biodiversity are likely to be large (Deutsch et al, 2008; Tewksbury et al, 2008). Tropical species may 

have lower tolerances to changes in temperature, because they have evolved in relatively constant 

and aseasonal thermal environments (Janzen, 1960; Tewksbury et al, 2008). 

As organisms interact with climate on a local scale, variations in microclimate could play a role in 

how species respond to climate change. However, current models tend to miss these effects as 

outputs from global and regional climate models generally have horizontal resolutions of 10 - 100 

kilometres, although higher resolution climate projections are becoming available (Platts et al, 

2014). Large scale climate models also make no attempt to predict climate within the vegetation 

layer at the surface.  

Fine-scale heterogeneity in the future climate may provide microrefugia of tolerable climate that will 

help species to persist (Noss, 2001). Conversely, heterogeneity in present-day microclimate that is 

unaccounted for in models may mean that species have greater climatic tolerances than is currently 

thought (Logan et al, 2013). Therefore, a better understanding of microclimate will allow more 

accurate assessments of both species’ exposure and sensitivity to climate change. Furthermore, a 

process-driven model of microclimate will allow feedbacks between ecosystems and microclimate to 

be taken into account in mechanistic species distribution models of the impacts of climate change, 

potentially improving the accuracy of their predictions.  

1.4 Microclimate models 

 

Given the importance of microclimate to ecosystems, models that attempt to predict the 

development of ecosystems and their processes should ideally predict microclimate. Running a 

regional climate model at very high resolution should capture the effects of topography; however, 

land surface schemes within these models do not make predictions of climate conditions within and 

beneath the vegetation canopy (Ek et al, 2003).  This is because such schemes would be 

computationally intensive and are not necessary to make predictions of the surface fluxes into the 
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atmosphere, which is the main role of land surface schemes (Dickinson, 1992). With increasing 

computer power, land surface models are becoming more complex and are starting to include more 

canopy processes. The Noah-MP model, used in the Weather and Research Forecast model (WRF), 

includes a separate canopy layer which tracks leaf temperatures and carbon stocks (Niu et al, 2011). 

The Joint UK Land Environment Simulator (JULES) allows the canopy to be split into multiple layers 

for the purpose of radiative transfer, but does not predict air temperatures near the surface (Best et 

al, 2011; Clark et al, 2011). The Soil-Plant-Atmosphere (SPA) model (Williams et al, 1996) is used to 

predict canopy photosynthesis and water balance at half-hourly timescales, but its prediction of air 

temperature within the canopy is a simple straight line profile between the boundary, above canopy 

temperature and the modelled soil surface temperature.  

Attempts to predict microclimate usually rely on models designed specifically for the task. One 

approach is to use observations to derive empirical relationships between climate variables and 

certain characteristics of the area of interest, such as topography or vegetation. For example, 

Ashcroft and Gollan (2012) created a high resolution (25 m) topoclimatic grid for a 200 x 300 km 

region of New South Wales, Australia, using data from 150 microclimate sensors that were 

distributed throughout the region. They modelled the response of observed near-surface 

temperature and humidity to fourteen environmental factors, and used these relationships to make 

predictions throughout their study region.  

Alternatively, physical models can be used. These models attempt to capture the important 

processes that control microclimate. In general, the key processes that need to be represented are 

the transfer of incoming solar radiation through the canopy, transpiration of water vapour by the 

vegetation and exchange of sensible and latent heat from the soil (Sellers et al, 1986).  

Mehlenbacher and Whitfield (1977) predicted temperature profiles within corn fields using a one-

dimensional steady state plant-atmosphere model. Similarly, the University of California, Davis 
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Advanced Canopy-Atmosphere-Soil Algorithm (ACASA) was used to predict average daytime 

temperature profiles within vegetation canopies to an accuracy of 2 °C (Pyles et al, 2000). 

One specialist microclimate model is ‘Niche Mapper’, which was recently used to produce a global 

dataset of microclimate estimates (Kearney et al, 2014b). The model was originally developed for 

use in desert environments and accounts for vegetation cover through the use of six different shade 

levels (Porter et al, 1973; Kearney et al, 2014a). Temperature at different vertical levels is calculated 

through a simple profile, rather than a mechanistic transfer of energy (Kearney et al, 2014a). 

Specialised microclimate models have rarely been used to drive ecological models, but this is an area 

of active research. Bennie et al (2013) showed that incorporating vegetation surface microclimate at 

a resolution of 5 m into a butterfly species population model improved predictions of that species’ 

range expansion and contraction over a 27 year period. Their model made hourly predictions at 10 

cm height above the ground surface. Species distribution models typically use climate means to 

define suitable habitat for species. However, including weather events and climate extremes can 

lead to better predictions of species distributions (Bateman et al, 2012), so a microclimate model 

that makes daily or even hourly predictions could be beneficial in these applications.  

In general, previous efforts to model microclimate have focussed on temperate regions. This is partly 

because more observational data is available, but also because variations in climate are much larger 

on a seasonal scale, and on small spatial scales due to the importance of aspect (Bennie et al, 2008). 

However, because tropical species may not be adapted to large variations in climate, they could be 

more vulnerable to altered microclimates as a result of land use change or climate change (Deutsch 

et al, 2008; Tewksbury et al, 2008). Therefore, a tropical microclimate model could help greatly in 

assessing species’ prospects under a changing climate, by defining their climatic tolerances based 

upon current ranges and then predicting changes in microclimate in the future.  
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2 Materials and Methods 

2.1 Study area – The SAFE Project 

 

The work presented in this thesis was conducted at the Stability of Altered Forest Ecosystems (SAFE) 

Project. The SAFE Project is a large-scale forest fragmentation experiment (Ewers et al, 2011). It is 

located in Sabah, Malaysia on the island of Borneo in Southeast Asia. Borneo forms part of the 

Sundaland biodiversity hotspot and is a conservation priority (Myers et al, 2000).  

The SAFE Project is based at the Kalabakan Forest Reserve (4° 33’ N, 117° 16’ E), an area of lowland 

dipterocarp forest which has undergone multiple rounds of logging since 1978 and has a highly 

heterogeneous landscape. The habitats in the area range from open grasslands and scrub vegetation 

through to closed canopy forest, while some parts of the reserve have been converted to oil palm 

plantation. Currently, the 7,200 hectares that make up the main SAFE Project experimental site are 

in the process of being cleared of forest in preparation for the creation of an oil palm plantation. 

Taking advantage of this already planned conversion, the SAFE Project site will eventually consist of 

42 fragments of forest of various sizes embedded within the oil palm plantation (Fig 2.1). There will 

be six blocks of fragments, each consisting of one 100 ha fragment, two 10 ha fragments and four 1 

ha fragments. As well as these fragments, with a total area of 744 ha, another 500 ha of forest will 

not be cleared due to Malaysian law prohibiting logging of land adjacent to permanent streams or 

on steep slopes. 

In addition to the main experimental site, the SAFE Project monitors three control sites; a 

continuous old growth forest control, a continuous logged forest control and a continuous oil palm 

plantation. An old growth forest control site is located at Maliau Basin Conservation Area (4° 49’ N, 

116° 54’E). Continuous logged forest and continuous oil palm plantation to the northeast and 

southwest of the main experimental site, respectively, are also sampled as part of the project design 

(Fig 2.1). As well as the control sites, there are two transects of over 2 km situated at the edge of 
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both a 2,200 ha virgin jungle reserve and a much larger (greater than 1 million ha) area of logged 

forest. 

 

Figure 2.1: Map of the SAFE Project site, showing the locations of second-order sampling points. 

Reproduced with permission from Ewers et al (2011). 

 

The SAFE Project uses a fractal sampling design (Fig 2.2) (Ewers et al 2011). Fractal geometries are 

advantageous for ecological sampling as they allow phenomena to be studied on a range of spatial 

scales. There are 579 first-order sampling points (shown as black dots in Fig 2.1 and Fig 2.2), each 

located at the vertices of equilateral triangles with an edge length of 56 m. Sampling on these length 

scales is useful for invertebrates. There are also 193 second-order sampling points, located at the 

centre of each equilateral triangle formed by the first order sampling points. Sites are placed to 

minimise variation in altitude, with the mean altitude of all sample sites being 450 m (median = 460 

m; interquartile range 72 m) (Ewers et al. 2011). The second order sampling points are separated by 

178 m and are more useful for larger taxa and for sampling of vegetation communities. Fractal 

sampling has been shown to be particularly useful for quantifying β diversity, the diversity of 
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habitats within a landscape (Marsh and Ewers, 2013). Additionally, in a large experiment such as the 

SAFE Project, a fractal sampling scheme allows different effects to be studied at different spatial 

scales, while still ensuring all data are collected at the same locations, allowing links between 

different datasets to be easily investigated.  

2.1.1 Ecology of the SAFE Project site 

 

The Kalabakan Forest Reserve, having undergone multiple rounds of logging, is representative of 

much of the remaining forest in Borneo. Around 50% of Borneo’s remaining forest (200,000 sq km) is 

under active forestry concessions (Meijaard and Sheil, 2007). While primary forest is of great 

importance for the conservation of biodiversity (Gibson et al, 2011), there is still considerable value 

in preserving logged forest (Edwards et al, 2010; Woodcock et al, 2011). For example, Meijaard and 

Figure 2.2: The fractal sampling scheme employed at the SAFE Project in (a) continuous habitat and 

(b) the experimental fragments. Black dots represent the sampling points. The black box in the lower 

right corner of (a) highlights a transect of the same length as the transects used in the forest 

fragments (labelled 1 to 4 in (b)). Reproduced with permission from Ewers et al (2011). 
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Sheil (2007) estimate that 75% of the population of Bornean orangutans are found in forest 

concessions.  

In line with these findings, research at the SAFE Project has shown the conservation value of the 

Kalabakan Forest Reserve. For example, it has been found to be home to all five species of felids 

found on Borneo (Wearn et al, 2013). Nine out of the ten species of primates resident in Borneo 

have been observed at the site since 2011 (Bernard et al, 2014). The reserve also provides a habitat 

for a significant number of bat species (Struebig et al, 2013), and was the site of the discovery of a 

new species of dragonfly (Dow and Luke, 2015).   

2.1.2 Scope of research at the SAFE Project 

 

Research at the SAFE Project began in 2011. There is a large and diverse scientific programme, with 

subjects encompassing a wide range of biological taxa, hydrology and biogeochemical cycling. While 

the research documented in this thesis is self-contained and valuable in its own right, it is also hoped 

that in the future links between microclimate and many other important natural processes can be 

made, because of the breadth of other, concurrent research projects taking place at the SAFE 

Project. 

2.1.3 Local climate 

 

The weather station operated by the Malaysian meteorological service that is closest to the SAFE 

Project is in the town of Tawau, 60 km to the southeast of the experimental site. The weather 

station records year-round mean temperatures of 26 - 27 °C, with mean highs in all months of 31 – 

32 °C and mean lows of 21 – 22 °C (NOAA, 2015). Mean monthly rainfall is 90 mm or greater in each 

month, but peaks between May and December, with mean monthly rainfall reaching 200 mm in July 

and August (NOAA, 2015). These mean trends mask inter-annual variations in the climate of Borneo 

caused by the El Niño-Southern Oscillation (ENSO) system. Borneo suffers from occasional, severe 

droughts which usually occur during El Niño years (Walsh and Newbery, 1999). Wooster et al (2012) 
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found that rainfall decreased in Borneo during El Niño years, and decreased most significantly during 

high intensity El Niños, as measured by the oceanic Niño index. 

2.2 Monitoring microclimate at the SAFE Project 

 

Above-ground microclimate was monitored at each of the 579 first-order sampling points using 

Hygrochron iButtons (Maxim Integrated Systems). Hygrochron iButtons record both the air 

temperature and the relative humidity. The digital thermometer has an accuracy of ±0.5 °C, while 

the capacitive polymer humidity sensor has an accuracy of ±5%. The iButtons were suspended at a 

height of 1.5 m above the ground and were set to log the instantaneous values of temperature and 

relative humidity every three hours, starting at midnight each day.  

The above-ground microclimate sensors were not installed in radiation shields. This could potentially 

lead to errors in measurements, as direct solar insolation absorbed by the sensor could cause it to 

heat up above ambient air temperature (Hubbard et al, 2001). While iButtons have a small surface 

area and are made from reflective material, there is still the possibility that the lack of radiation 

shielding could introduce a bias into the data, in particular in the oil palm plantations, where there is 

less shading and more sunflecks. Due to these concerns, tests were carried out to try and quantify 

the possible impacts. Pairs of sensors were placed at different sampling points, one with radiation 

shielding and one without. One pair of sensors was placed in an open space within an oil palm 

plantation (i.e. effective leaf area index (LAI) = 0) to assess the worst possible case. On some days 

the discrepancy in the maximum temperature was several degrees, however over 45 days, the mean 

difference in the maximum temperature was only 1.3 °C. At three other sampling points with LAI = 

2.3, 3.46 and 4.32 respectively, the difference in mean daily maximum temperature between 

shielded and unshielded sensors was less than 0.5 °C, the stated accuracy of the sensors. The sample 

point with LAI = 2.3 was within oil palm plantation. 
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The data presented in this study represent means over multiple sensors, so it is likely that the error 

due to solar radiation is very small. For example, in Chapter 3, the three data points presented for oil 

palm are means taken over 24, 18 and 14 individual sensors, respectively. The mean LAIs are all 

above 1.5, so very few, if any of our sensors will have discrepancies as large as our worst case test. 

Even if a quarter of the sensors were in extremely low LAI locations and suffered differences of 1.5 

°C in the mean daily maximum temperatures, the remaining sensors would be in sufficiently high LAI 

areas that the mean error over the whole sampling block should be less than 0.5 °C. Therefore, 

errors due to radiation shielding are expected to be negligible when considering the sampling block 

mean over long time periods. 

Below ground microclimate was monitored at each of the 193 second-order sampling points using 

Thermochron iButtons (Maxim Integrated Systems). Thermochron iButtons monitor only 

temperature. The digital thermometer has an accuracy of ±0.5 °C. The iButtons were buried at a 

depth of 10 cm in the soil and, as with the above-ground microclimate sensors, were set to record 

the instantaneous value of the soil temperature every three hours, starting at midnight each day.  

In addition to this network of sensors, Hygrochron iButtons were also used to monitor vertical 

profiles of microclimate. Sensors were placed at heights of 0.5 m, 1 m, 2 m, 5 m, 10 m, 15 m and 20 

m above the ground. As some sensors were located at the top of the canopy, all sensors were 

suspended beneath shallow polystyrene lids, covered on their skyward side with aluminium foil, to 

shield them from direct solar radiation. This design of radiation shielding was tested at the SAFE 

Project and was found to be very effective, while also inexpensive enough to allow it to be deployed 

for a large number of sensors. Vertical profiles were collected at 10 locations along a 200 m transect 

in logged forest. Sensors were set to record the instantaneous air temperature and relative humidity 

every three hours, starting at midnight each day. 
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2.3 Leaf area index measurements at the SAFE Project 

 

Collection of LAI data at the SAFE Project was directed by Dr Marion Pfeifer. LAI data was collected 

between August 2012 and January 2013. Seasonal variation in LAI was not accounted for, as its 

effect is expected to be small. Malhado et al (2009) report no significant seasonal variation in LAI in 

an Amazonian tropical forest. Myneni et al (2007) found significant seasonal variation in LAI in 

evergreen forests in the Amazon; however, this variation was closely associated with the annual 

cycle of rainfall. Meteorological records from nearby Danum Valley Field Centre show that the 

climate in this part of Sabah is aseasonal, with occasional dry spells that are usually associated with 

El Niño events (Walsh and Newbery, 1999). Recent data from Danum Valley (SEARRP: 

http://www.searrp.org/danum-valley/the-conservation-area/climate) show that no dry months, 

defined as months in which total rainfall was less than 100 mm (Walsh and Newbery, 1999), 

occurred between September 2011 and January 2013, the period during which our data was 

collected. Therefore, significant changes in LAI are unlikely to have occurred during this time. 

Values for LAI across 16 sampling blocks were derived from canopy photographs taken using digital 

cameras equipped with hemispherical (fish-eye) lenses. At each second-order sampling site we took 

12 high-resolution images, distributed within plots according to the Validation of Land European 

Remote Sensing Instruments (VALERI: http://w3.avignon.inra.fr/valeri/) project design. Cameras 

were mounted on tripods 1 m above the ground, looking vertically upward to the canopy. 

Photographs were taken under overcast conditions whenever possible to minimise anisotropy of the 

sky radiance. Hemispherical images were pre-processed by first extracting blue-channel pixel 

brightness values and then applying a threshold algorithm for separating sky from vegetation 

(Jonckheere et al, 2005). Resultant binary images were analysed using the free canopy analysis 

software CAN-EYE v6.3.8 (Weiss and Baret, 2010: http://www.paca.inra.fr/can_eye). For each site, 

we derived LAI corrected for foliage element clumping, limiting the field of view of the lens to values 

between 0° and 60° to avoid mixed pixels. LAI measured this way is estimated as plant area index, as 

http://w3.avignon.inra.fr/valeri/
http://www.paca.inra.fr/can_eye
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is the case with other indirect measurements, as the estimate includes materials such as stems, 

trunks, branches, twigs and plant reproductive parts (Bréda, 2003). However, it is not possible to 

know if some leaves are present behind the stems, branches or trunk. Therefore, masking some 

parts of the plants to keep only the visible leaves is not correct and could lead to large 

underestimation of the actual LAI value, depending on the way leaves are grouped with the other 

parts of the plant. The full protocol that was followed for the collection of the LAI data is described 

in more detail in Pfeifer et al (2012). 

2.4 The sap flux technique 

2.4.1 Theory 

 

The measurement of sap flux in trees using thermal dissipation probes was first proposed and 

carried out by Granier (1985; 1987a; 1987b). A Granier thermal dissipation probe consists of two 

thin needles (diameter typically 2 mm, length 20 mm), each wrapped in a wire heating element. The 

needles each contain a T-type thermocouple, which are used to measure the temperature difference 

between the two needles (Granier, 1985; Lu et al, 2004). The two heating probes are inserted 

radially into the trunk of the subject tree, separated by a distance of 10 – 15 cm. The probes are 

inserted within brass or aluminium tubes, to allow an even conduction of heat from the probe into 

the trunk. During operation, the upper probe (downstream) is heated with a constant power (0.2 

W), while the lower probe (upstream) is unheated and used as a reference (Lu et al, 2004). 

The heat produced by the upper probe is dissipated via two main processes; conduction of heat 

within the wood of the trunk and transport of heat upwards within the xylem, via heating of the 

flowing sap. In a state of thermal equilibrium, the heat dissipated into the tree’s wood and sap is 

equal to the heat produced by the probe: 

 ℎ𝑆(𝑇 − 𝑇𝑓) = 𝑅𝐼2 (2.4.1) 
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where h is the thermal exchange coefficient, S is the surface area of heat transfer, T is the 

temperature measured at the heated upper probe, 𝑇𝑓 is the temperature measured at the unheated 

reference probe, R is the electrical resistance of the heating element and I is the current passing 

through the heating element. The thermal exchange coefficient depends on the sap flux density (or 

the sap flow speed) and this relationship is assumed to have the form: 

 ℎ = ℎ0 (1 + 𝛼𝐹𝑑
𝛽

) 

 

(2.4.2) 

where Fd is the sap flux density, h0 is the thermal exchange coefficient at zero sap flux and α and β 

are coefficients that depend upon the heat applied. Using Equation 2.4.1, h0 can be calculated: 

 
ℎ0 =

𝑅𝐼2

𝑆(𝑇𝑚𝑎𝑥 − 𝑇𝑓)
 

 

(2.4.3) 

where 𝑇𝑚𝑎𝑥 is the temperature at zero sap flux. Re-arranging Equation 2.4.2 gives an expression for 

the sap flux density: 

 

𝐹𝑑 = [
1

𝛼
×

ℎ − ℎ0

ℎ0
]

1
𝛽

 

 

(2.4.4) 

Which can, in turn, be written in terms of the measured temperature differences, ∆𝑇 = 𝑇 − 𝑇𝑓: 

 

𝐹𝑑 = [
1

𝛼
×

∆𝑇𝑚𝑎𝑥 − ∆𝑇

∆𝑇
]

1
𝛽

 

 

(2.4.5) 

As the probes are actually measuring the voltage difference between the two thermocouples, it is 

useful to rewrite the equation in terms of voltages. Empirical fits for the parameters α and β have 
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been conducted for many tree species and are found to not vary too significantly depending on 

wood properties (Lu et al, 2004). The equation used in this study to relate the sap flux density to the 

measured voltage difference is: 

 
𝐹𝑑 = 4.284 [

∆𝑉𝑚𝑎𝑥 − ∆𝑉

∆𝑉
]

1.231

 

 

(2.4.6) 

∆𝑉𝑚𝑎𝑥 is defined to be the highest measured voltage over a 48 hour period centred on the time of 

measurement of ∆𝑉. This implicitly assumes that a sap flow rate of close to zero has occurred at 

some point in this 48 hour window, which is not unreasonable as the forest air is typically saturated 

early in the morning, suppressing transpiration. This empirical formula was provided by the 

manufacturers (PlantSensors) of the thermal dissipation probes used in this study, and therefore has 

been calibrated to the specific characteristics of their equipment.  

2.4.2 Monitoring sap flow at the SAFE Project 

 

Thermal dissipation probes were powered by two car batteries connected to a regulated power 

supply (PlantSensors), which provided a constant power of 0.2 W. Probes were connected to a 

CR1000 datalogger (Campbell Scientific), which was programmed to measure the voltage difference 

every 10 seconds, with the half hourly averaged voltage difference being recorded.  

Probes were installed 1.5 m above the ground, with a gap of 12 cm between the two needles. The 

tree trunks of the study trees were wrapped in reflective bubble-foil to protect the sensors and to 

prevent solar heating of the trunk, which may affect the measurements of trunk temperature. 
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2.5 Microclimate model 

 

Our one-dimensional microclimate model consists of 20 vertical levels spanning from the top of the 

forest canopy to the soil surface and a further 6 vertical soil levels beneath the soil surface. Each 

canopy layer, i, has a fixed value for the leaf area density of that layer, LADi. There are three main 

variable quantities associated with each layer: the leaf temperature, 𝑇𝑖
𝐿, the air temperature, 𝑇𝑖

𝐴, 

and the specific humidity of the air, 𝑞𝑖
𝐴. In each layer, three main processes are modelled: the 

transfer of solar radiation, the sensible and latent heat fluxes from the leaves to the air and the 

vertical mixing of air between the layers (Fig 2.3). 

 

Figure 2.3: A schematic of the processes occurring in each canopy layer in the model. 

Most models of vegetation canopies calculate steady-state temperature and humidity profiles at 

each time step based upon boundary conditions (eg Mehlenbacher and Whitfield, 1977; Williams et 

al, 1996; Pyles et al, 2000; Bennie et al, 2008). This assumes that the heat capacity of the vegetation 

and air within the vegetation layer is negligible and microclimate conditions beneath the canopy 

respond instantaneously to changes in forcing (Bennie et al, 2008). While this assumption may be 
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valid in habitats such as grasslands or cornfields, in tropical forests the air near the ground is only 

very weakly connected to air above the canopy, and so conditions change much more slowly and 

there is a lag in their response to changes in boundary conditions.  Therefore, in our model, we allow 

the microclimate to evolve, calculating energy changes each time step.  

The upper boundary of the model is forced by the downward solar flux, air temperature, specific 

humidity, air pressure, wind speed and friction velocity at the top of the canopy. At each model level 

a certain fraction of the incident solar radiation is absorbed, with the transmitted solar radiation 

being passed to the next model level: 

 

 𝑅𝑖 =  𝑅𝑖−1(1 − 𝐿𝐴𝐷𝑖𝐴𝐿) (2.5.1) 

 

where AL is the leaf absorption coefficient, the fraction of the incident solar radiation absorbed per 

unit leaf area. 

The sensible and latent heat fluxes from the leaves into the air are calculated using a simple 

resistance model, based upon Garratt (1992): 

 
𝐻𝑖

𝐿 =  
𝜌𝑎𝑖𝑟𝐶𝑎𝑖𝑟(𝑇𝑖

𝐿 − 𝑇𝑖
𝐴)

𝑟𝐻
𝐿  

 

(2.5.2) 

 
𝑄𝑖

𝐿 =
𝜌𝑎𝑖𝑟𝜆(𝑞∗(𝑇𝑖

𝐴) − 𝑞𝑖
𝐴)

𝑟𝑄
𝐿  

 

(2.5.3) 

where 𝜌𝑎𝑖𝑟 and 𝐶𝑎𝑖𝑟 are the air density and layer heat capacity respectively, 𝜆 is the latent heat of 

vaporization of water, 𝑞∗(𝑇𝑖
𝐴) is the saturated specific humidity at the current layer air temperature 

and 𝑟𝐻
𝐿  and 𝑟𝑄

𝐿 are the leaf resistances to the sensible and latent heat fluxes respectively, given by 
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𝑟𝐻

𝐿 =  𝑟𝑎 =  
𝐶𝐿

√𝑢𝑖

 

 

(2.5.4) 

 𝑟𝑄
𝐿 =  𝑟𝑎 + 𝑟𝑠𝑡 (2.5.5) 

 

where 𝑟𝑎 is the bulk aerodynamic resistance, the form of which is taken from Goudriaan (1977) with 

𝐶𝐿 being constant, and 𝑟𝑠𝑡 is the stomatal resistance, which represents the fact that leaves can 

control the flux of water vapour across their boundary by opening or closing their stomata in 

response to atmospheric conditions. The form of 𝑟𝑠𝑡 is based upon Mehlenbacher and Whitfield 

(1977): 

 
𝑟𝑠𝑡 = 𝐷(146 +  

3.6

4.59 × 10−4𝑅𝑎𝑏𝑠 + 0.0015
) 

 

(2.5.6) 

where  

 

𝐷 =  {

𝑞∗ − 𝑞𝑖
𝐴

∆𝑞𝑐𝑟𝑖𝑡
, 𝑖𝑓  𝑞∗ − 𝑞𝑖

𝐴  >  ∆𝑞𝑐𝑟𝑖𝑡

1              , 𝑖𝑓  𝑞∗ − 𝑞𝑖
𝐴  ≤  ∆𝑞𝑐𝑟𝑖𝑡  

 

 

(2.5.7) 

and 𝑅𝑎𝑏𝑠 is the solar radiation absorbed by the leaves in the layer of interest and ∆𝑞𝑐𝑟𝑖𝑡 =

0.006 𝑘𝑔𝑘𝑔−1. 

Following the calculation of the leaf fluxes, the leaf temperature is adjusted based upon the net 

energy exchange occurring across the leaf surfaces: 

 
∆𝑇𝑖

𝐿 =
1

𝐶𝑙𝑒𝑎𝑓𝑖
(𝑅𝑖−1𝐿𝐴𝐼𝑖𝐴𝐿 −  𝐻𝑖

𝐿 − 𝑄𝑖
𝐿)  

(2.5.8) 
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where 𝐶𝑙𝑒𝑎𝑓𝑖 is the layer leaf heat capacity. The air temperature and specific humidity are also 

adjusted based upon the sensible and latent heat fluxes from the leaves. 

Once this has been completed for all air layers, the soil model is activated. The soil model consists of 

six layers of depths of 5, 10, 15, 30, 60 and 120 cm respectively. The sensible and latent heat fluxes 

from the soil are given by: 

 
𝐻𝑆 =

𝜌𝑎𝑖𝑟𝐶𝑎𝑖𝑟(𝑇𝑠 − 𝑇𝑏
𝐴)

𝑟𝑎
 

(2.5.9) 

   

 
𝑄𝑆 =

𝜌𝑎𝑖𝑟𝜆(𝑞∗(𝑇𝑏
𝐴) − 𝑞𝑏

𝐴)

𝑟𝑎
 

(2.5.10) 

 

Where 𝑇𝑠 is the soil surface temperature, 𝑇𝑏
𝐴 and 𝑞𝑏

𝐴 are the temperature and specific humidity of 

the bottom air layer and 𝑟𝑎 is the aerodynamic resistance of the soil surface, given by (Sellers, 1986): 

 
𝑟𝑎 =

𝐶𝑠

𝑢𝑏
 

(2.5.11) 

 

Where 𝑢𝑏 is the wind speed in the bottom air layer and 𝐶𝑠 is the soil surface heat transfer 

coefficient, taken to be constant. 

The net energy at the soil surface is calculated by subtracting these fluxes from the net solar 

radiation at the surface and the temperature of the top soil layer is adjusted accordingly. Heat 

transfer through the soil layers is modelled using Fourier’s heat conduction equation: 

 
𝐽 = −𝑘𝑇

𝜕𝑇

𝜕𝑧
 

 

(2.5.12) 

Where J is the heat flux and 𝑘𝑇 is the thermal conductivity of the soil. 
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The final process that is modelled is the vertical mixing of air between layers. This is achieved using a 

simple K-theory of turbulent diffusion. The fluxes between layers are given by 

 
𝐻𝑖 = 𝜌𝑎𝑖𝑟𝐶𝑎𝑖𝑟𝑘𝐻𝑖 (

𝑑𝑇𝐴

𝑑𝑧
)

𝑖

 

 

(2.5.13) 

 
𝑄𝑖 = 𝜌𝑎𝑖𝑟𝜆𝑘𝑄𝑖 (

𝑑𝑞

𝑑𝑧
)

𝑖
 

 

(2.5.14) 

where 𝑘𝐻𝑖 and 𝑘𝑄𝑖 are the eddy diffusivity coefficients for heat and moisture. 

The model is forced by boundary conditions measured at the reference height (RH). The values of 

certain variables at the canopy top (CT) are calculated using the Monin-Obukhov similarity theory 

(Monin and Obukhov, 1954). The main hypothesis of Monin-Obukhov similarity theory is that any 

dimensionless characteristic of surface layer turbulence depends only on 𝜉 = 𝑧/𝐿 (Garratt, 1992), 

where L is the Obukhov length: 

 
𝐿 =

−𝜃𝑢∗
3

𝑘𝑔(𝜃′𝑤′̅̅ ̅̅ ̅̅ )
 

(2.5.15) 

 

Where 𝜃 is the potential temperature, 𝑢∗ is the friction velocity, 𝑘 = 0.41 is von Karman’s constant, 

𝑔 = 9.81𝑚𝑠−2 is the gravitational acceleration and (𝜃′𝑤′̅̅ ̅̅ ̅̅ ) is the potential temperature flux. Then 

the nondimensionalised gradient form of the wind, temperature and moisture profiles can be 

written: 

 
(

𝑘𝑧

𝑢∗0
)

𝜕𝑢

𝜕𝑧
= Φ𝑀(𝜉) 

(2.5.16) 
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(

𝑘𝑧

𝜃∗0
)

𝜕𝜃

𝜕𝑧
= Φ𝐻(𝜉) 

(2.5.17) 

   

 
(

𝑘𝑧

𝑞∗0
)

𝜕𝑞

𝜕𝑧
= Φ𝑊(𝜉) 

(2.5.18) 

 

Where Φ𝑀, Φ𝐻, and Φ𝑊 are the Monin-Obukhov stability functions and 𝜃∗0 = −(𝑤′𝜃′̅̅ ̅̅ ̅̅ )0/𝑢∗0 and 

𝑞∗0 = −(𝑤′𝑞′̅̅ ̅̅ ̅̅ )0/𝑢∗0 are scaling parameters. The forms of the stability functions are taken from 

observations (Dyer and Hicks, 1970; Webb, 1970; Businger et al, 1971; Dyer, 1974): 

For 𝜉 < 0: 

 
Φ𝑀(𝜉) = (1 − 𝛾𝜉)−

1
4 

(2.5.19) 

   

 Φ𝐻(𝜉) = Φ𝑊(𝜉) = (1 − 𝛾𝜉)−
1

2 (2.5.20) 

 

For 𝜉 > 0: 

 Φ𝑀(𝜉) = Φ𝐻(𝜉) = Φ𝑊(𝜉) = 1 + 𝛽1𝜉 (2.5.21) 

 

where 𝛾 = 16 and 𝛽1 = 5. The integrated forms of these stability functions are: 

For 𝜉 < 0: 

 
Ψ𝑀(𝜉) = 2 ln [(

1 + 𝑥

2
)] + ln [(

1 + 𝑥2

2
)] − 2 tan−1 𝑥 +

𝜋

2
 

(2.5.22) 

 

   

 
Ψ𝐻(𝜉) = Ψ𝑊(𝜉) = 2 ln [

(1 + 𝑦)

2
] 

(2.5.23) 

For 𝜉 > 0: 
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 Ψ𝑀(𝜉) = Ψ𝑊(𝜉) = Ψ𝐻(𝜉) = −𝛽1𝜉 (2.5.24) 

 

Where 𝑥 = (1 − 𝛾𝜉)
1

4  and 𝑦 =  (1 − 𝛾𝜉)
1

2.  

Using these integrated stability functions, the potential temperature and specific humidity at the 

canopy top are calculated (Mehlenbacher and Whitfield, 1977): 

 
𝜃𝐶𝑇 = 𝜃𝑅𝐻 +

𝜃′𝑤′̅̅ ̅̅ ̅̅

𝑈∗𝑘
[𝑙𝑛 (

𝑧𝑅𝐻 − 𝐷

𝑧𝐶𝑇 − 𝐷
) − (Ψ𝐻(𝜉𝑅𝐻) − Ψ𝐻(𝜉𝐶𝑇))] 

 

(2.5.25) 

 
𝑞𝐶𝑇 = 𝑞𝑅𝐻 +

𝑞′𝑤′̅̅ ̅̅ ̅̅

𝑈∗𝑘
[𝑙𝑛 (

𝑧𝑅𝐻 − 𝐷

𝑧𝐶𝑇 − 𝐷
) − (Ψ𝑊(𝜉𝑅𝐻) − Ψ𝑊(𝜉𝐶𝑇))] 

 

(2.5.26) 

Similarly the horizontal wind speed at the top of the canopy is given by 

 
𝑢(𝐶𝑇) = 𝑢(𝑅𝐻) −

𝑢∗

𝑘
[ln (

𝑧𝑅𝐻 − 𝐷

𝑧𝐶𝑇 − 𝐷
) − (𝜓𝑀(𝜉𝑅𝐻) − 𝜓𝑀(𝜉𝐶𝑇))] 

 

(2.5.27) 

The form of kH at the canopy top is taken from Mehlenbacher and Whitfield (1977) and is given by 

 
𝑘𝐻(𝐶𝑇) =

𝑢∗𝑘(𝑧𝐶𝑇 − 𝑑)

Φ𝐻(𝐶𝑇)
 

 

(2.5.28) 

Within the canopy, horizontal wind speed is assumed to decay exponentially following Cionco (1965; 

1972). 𝑘𝐻 and 𝑘𝑄 within the vegetation layers are assumed to depend linearly on u, as reported in 

Denmead (1976) and Legg and Long (1975). 

The values used for the various constants used in the model and their sources are listed in Table 2.1.  
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Parameter Value Source 

Bulk canopy albedo, 𝛼𝑐 0.12 Shuttleworth et al (1984) 

Leaf solar radiation absorptivity, AL 0.7 Gates et al (1965) 

Specific heat capacity of leaf, Cleaf 2760 J kg-1 K-1 Aston (1985) 

Leaf mass per area 0.05 kg m-2 Ellsworth and Reich (1992) 

Soil thermal conductivity, k 0.7 W m-1 K-1 Monteith and Unsworth (1990) 

Specific heat capacity of soil 2.7 x 106 J kg-1 K-1 Monteith and Unsworth (1990) 

Leaf heat transfer coefficient, CL 50 s½ m-½ Linacre (1964) 

Soil surface heat transfer coefficient, CS 12.5 Van de Griend and Owe (1994) 

Table 2.1: List of physical parameters used in the model. 

2.5.1 Vegetation structure in the model 

 

For simplicity, vegetation in the model is defined by one parameter only, the LAI. Vegetation canopy 

height is derived from the LAI using a fitted relationship taken from observations carried out at the 

SAFE Project (Ewers, unpublished data). The vertical profile of leaf area density is based upon the 

profile used by Schroettle and Doernback (2013), with the majority of the leaf area concentrated in 

the upper half of the canopy. The distribution used in the model is: 

For 1 ≥  
𝑧

𝐻
> 0.75: 

 𝐿𝐴𝐷𝑖 = 20Γ (1 −
𝑧

𝐻
)  

For 0.75 ≥
𝑧

𝐻
> 0.5: 

 𝐿𝐴𝐷𝑖 = Γ + 16Γ (
𝑧

𝐻
− 0.5)  

For 0.5 ≥
𝑧

𝐻
> 0: 

 𝐿𝐴𝐷𝑖 = Γ (2.5.29) 
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Where Γ =
8

15

𝐿𝐴𝐼

𝑛
 is a normalisation constant with 𝑛 = 20 being the number of model levels. The 

resulting distribution is plotted in Fig 2.4. 

 

Figure 2.4: The vertical distribution of leaf area employed in the microclimate model. 

 

2.5.2 A simple soil moisture scheme 

 

As described above, the model allows evaporation from the soil to occur at its potential rate, which 

is likely to be a fairly good assumption in the moist environment of a tropical forest, where very little 

sunlight reaches the soil surface. However, this assumption may not be true in oil palm plantations 

where evaporation from the soil occurs at a much faster rate due to higher air temperatures, greater 

exposure to wind and more direct heating of the soil surface due to solar radiation. The reason for 

this simple treatment is the lack of data on soil properties at the SAFE Project, and a general lack of 

data on how vegetation structure affects soil conditions. Because the evaporation rate from the soil 
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plays a key role in the near-surface microclimate, a simple soil moisture scheme was included as an 

optional mode, to allow its importance to be tested. 

As water is evaporated, the moisture content of the upper soil layer decreases. This creates a 

moisture gradient within the soil, and water is drawn up to the surface from deeper layers via 

capillary action (Hillel, 2003). However, if evaporation rates are great enough or soil hydraulic 

conductivity is not sufficiently large, it is likely that the water content of the soil surface layer is not 

maintained at high enough levels to allow evaporation at the potential rate. 

A very simple and widely adopted method of parameterising lower rates of evaporation due to 

reduced soil moisture is the beta method (Deardorff, 1977; Mahfouf and Noilhan, 1991; Sellers et al, 

1997): 

 𝐸 =  𝛽𝐸𝑝𝑜𝑡 

 

(2.5.30) 

where 𝐸𝑝𝑜𝑡 is the potential evaporation as defined by Equation 2.5.10. Various models for 𝛽 have 

been developed, however, here we present a very simple formulation. This is because, firstly, we do 

not have any observational data to justify a more complex model and, secondly, because of the fact 

we do not run the model overnight, we cannot have continuity in soil moisture conditions from one 

day to the next, which is often necessary in other models. Our starting point is the following 

equation: 

 𝛽 = 𝛽0 − 𝐸𝑡𝑜𝑡 + 𝑤𝑟 

 

(2.5.31) 

where 𝛽0 is the value of 𝛽 at 06:00, 𝐸𝑡𝑜𝑡 is the total mass of evaporated water from the soil since 

06:00, and 𝑤𝑟 is the replacement water that has been drawn up to the surface. For simplicity, we 

assumed that 𝑤𝑟 is some fraction of 𝐸𝑡𝑜𝑡; that is, as more water is evaporated it creates a greater 

moisture gradient and more water is drawn to the surface. This assumption then simplifies Equation 

2.5.31 to the following form: 
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 𝛽 = 𝛽0 − 𝛾𝐸𝑡𝑜𝑡  

 

(2.5.32) 

We make the assumption that 𝛽0 = 1. This means that at 06:00 evaporation can occur at its 

potential rate, which is reasonable as the air near the surface is observed to be consistently 

saturated in all locations at 06:00, meaning dew will form on the surface. Additionally, in the time 

period studied here there was adequate rainfall (801 mm in 101 days) to ensure that soil moisture at 

depth did not become depleted as a result of drought conditions (Walsh and Newbery, 1999).  

We then assume that 𝛾 is a function of LAI. We expect 𝛾 to be larger under low LAI canopies, as 

evaporation rates are faster there and as soil is more compacted due to human activity, reducing the 

soil’s hydraulic conductivity (McKeague et al, 1982). The model was then run for a wide range of 

values of 𝛾. For each LAI, the value of 𝛾 that produced the lowest total percentage error in mean 

daily maximum air temperature and mean daily minimum relative humidity when compared to 

observations was selected. Based on the values of 𝛾 selected from this test, a functional form of 𝛾 

was derived by fitting a logistic curve. The form of 𝛾 we arrived at was: 

 
𝛾 =

0.41

1 + 𝑒−5.1((4.5−𝐿𝐴𝐼)−0.99)
 

 

(2.5.33) 

2.5.3 Boundary Conditions 

 

The upper boundary of the model is forced by the downward solar flux, air temperature, specific 

humidity, air pressure, wind speed and friction velocity at the top of the canopy. In this thesis, these 

data are taken from a flux tower located within the logged forest of the SAFE Project site. Instead of 

using field data, it is also possible to force the microclimate model using output from a regional or 

global climate model. This has been tested using the Weather Research and Forecast (WRF) model 

(Skamarock et al, 2008). 

Data was obtained from meteorological instruments located at the top of the tower, 50 m above the 

ground. Air temperature, relative humidity and mean net downward radiation were recorded every 
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half an hour. Wind speed is measured by the CSAT3 sonic anemometer (Campbell Scientific, offset 

error ≤ ± 8.0 cm s-1, gain error ≤ 6%). Wind speed in all three directions is logged every 1/20 of a 

second. Mean horizontal wind speed values every half an hour are fed to the microclimate model. 

The friction velocity is calculated from the fluctuating components of the horizontal and vertical 

wind velocities, using its definition as 

 
𝑢∗ = √

𝜏

𝜌
= [(𝑢′𝑤′̅̅ ̅̅ ̅̅ )

2
+ (𝑣′𝑤′̅̅ ̅̅ ̅̅ )

2
]

1
4
 

 

(2.5.34) 

Where 𝜏 is the wind stress and 𝑢′, 𝑣′ and 𝑤′ are the fluctuations in the wind velocities when 

compared to the half-hour mean. The mean friction velocity over a half hour period is fed to the 

microclimate model. The flux tower data collection is led by Dr Terhi Riutta and Professor Yadvinder 

Malhi. 

Air pressure measurements were not made on-site. Therefore, values for the air pressure above the 

canopy were taken from the WRF model.  

2.5.4 Model initialisation and operation 

 

In operation, the model is run from 06:00 to 18:00 for each day of a given study period and for a 

given LAI. At 06:00 a uniform profile of temperature and humidity are assumed, based on 

observations of vertical profiles made in logged forest (see Chapter 3). Therefore, the boundary 

values for temperature and humidity are set for all model levels. Soil temperatures require a spin-up 

period of several days before equilibrium is reached in the model. Therefore, soil temperature 

profiles are initialised with their mean model 06:00 values, which are taken from running the model 

once through 20 full diurnal cycles until equilibrium is reached for a given value of LAI. When running 

in this mode a simple long wave radiation scheme is employed overnight and mean boundary values 

are looped every 24 hours.  
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3 Observational evidence of the relationship 

between leaf area index and microclimate 
 

3.1 Introduction 

 

In this chapter, we present observational evidence of the link between vegetation structure and 

microclimate. There are three mechanistic reasons to expect strong relationships between 

vegetation structure and microclimate. First, plant canopies absorb, scatter and reflect incoming 

solar radiation, thus reducing the amount of energy that penetrates through to the soil and below-

canopy air. The amount of solar radiation absorbed by a plant canopy depends on its leaf area index 

(LAI), here defined as one half of the total leaf surface area projected on the local horizontal datum 

(Chen and Black, 1992). Dense canopies, with high LAIs, can block over 95% of visible light from 

reaching the Earth’s surface (Bonan, 2008), and this should keep the air and soil beneath the canopy 

cool during the day. In temperate forests, this effect plays a major role in protecting temperature 

sensitive species from the impacts of climate change (De Frenne et al, 2013). Second, plant canopies 

absorb momentum from the air and thus wind speed decreases with depth within the canopy 

(Garratt, 1992). Turbulent mixing of air is therefore supressed by vegetation and denser canopies 

allow less mixing than sparse canopies. Canopy height will also suppress vertical mixing of air. In tall 

canopies, turbulent eddies need to penetrate a larger distance to mix air from the canopy top down 

to the surface. As the air at the top of the canopy heats up during the day, turbulent mixing acts to 

force some of this hot air down towards the ground, increasing the air temperature near the ground. 

Therefore, this effect acts in the same direction as the absorption of sunlight: a denser, taller canopy 

should result in cooler air beneath the canopy during the day, as there is less mixing of warm air 

from the canopy top down to the surface. Finally, the amount of water vapour that air can hold is 

strongly dependent upon the air temperature. Therefore, in two environments with the same 

specific humidity (mass of water vapour per unit mass of air) but with different air temperatures, the 
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hotter environment will have a lower relative humidity than the cooler environment. Additionally, 

transpiration within the forest will help to keep the air moist. In line with these expectations, 

previous studies have shown that air within a forest canopy has a higher relative humidity than air in 

nearby open areas (Chen et al, 1993; Williams-Linera et al, 1998). 

LAI is a physical metric of vegetation structure that is relevant to the microclimatic processes 

described above. LAI is commonly measured in the field, using either destructive sampling or optical 

techniques such as hemispherical photography (Chen et al, 1997). In recent years, biophysical 

products providing continuous surfaces of LAI estimates derived from remotely sensed observations 

such as airborne lidar (Zhao and Popescu, 2009) or the MODIS Aqua and Terra satellites have been 

developed (Myneni et al, 2002). If strong patterns linking LAI to microclimate can be established 

then there is scope for downscaling of coarse resolution climate predictions based upon remotely 

measured LAI data, without microclimate data needing to be physically measured at a site. This 

could be extremely useful in developing high resolution climate models over a large domain.  

Land use is an important modifier of LAI in forests and woody biomes (Aragão et al, 2005; Pfeifer et 

al, 2014). Here, we investigate the relationship between vegetation cover as described by LAI and 

microclimate across the range of habitats at the SAFE Project. 

3.2 Methods 

 

Microclimate sensors were set up as described in Section 2.2. Above-ground climate data were 

collected over 242 consecutive days from 15th September 2011 to 13th May 2012, while soil 

temperature data were collected over 189 days from 26th October 2011 to 1st May 2012. Vertical 

climate profile data was collected over a period of 128 consecutive days from 30th June 2013 to 4th 

November 2013.  
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3.2.1 Data Analysis 

 

Both the relative and specific humidity, as well as the vapour pressure deficit (VPD), were examined, 

which are defined by 

 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 ℎ𝑢𝑚𝑖𝑑𝑖𝑡𝑦 =  
𝑒

𝑒𝑠
 × 100% (3.1) 

  

𝑉𝑎𝑝𝑜𝑢𝑟 𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝑑𝑒𝑓𝑖𝑐𝑖𝑡 =  𝑒𝑠 − 𝑒 

 
 

(3.2) 
 

where e is the actual water vapour partial pressure and es is the saturated water vapour partial 

pressure and 

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐 ℎ𝑢𝑚𝑖𝑑𝑖𝑡𝑦 =
𝑚𝑣

𝑚𝑣 + 𝑚𝑎
  (3.3) 

 

where mv and ma are the mass of water vapour and dry air respectively in a given volume of air. 

Values for the saturated water vapour pressure, 𝑒𝑠, were calculated from measured air 

temperatures using the equation of Bolton (1980). From this, values for the VPD and specific 

humidity were calculated from the measured relative humidity and estimated values for air pressure 

based on the elevation of the sampling points. As changes in atmospheric pressure due to elevation 

differences affect the temperature and relative humidity of air (Andrews, 2010), all measurements 

were corrected for this effect using an independent dataset of climate variables taken along an 

elevation gradient within the Kalabakan Forest Reserve (unpublished data).  

We calculated the mean and standard error for the climate and LAI values in each of the 16 sampling 

blocks, where each sampling block represents 8-16 second order sampling points and 24-48 first 

order sampling points (Fig 2.1). This averages out some of the heterogeneity of LAI within sampling 

blocks and over the scale of one sampling block (1 - 1.5 km) provides a reliable estimate of the mean 
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amount of incoming solar radiation that reaches the forest floor. Additionally, this minimises 

variation due to local effects of topography and horizontal advection of air. 

We also calculated the daily standard deviations of the maximum and minimum of each climate 

variable. These are a measure of the amount of variation from day to day in each variable over the 

nine month study period. Larger values indicate that the variable fluctuated over a wider range of 

values. Daily standard deviations were calculated for each individual sampling point and then the 

sampling block means and standard errors were computed.  

We used linear regression to examine the relationships between mean LAI and mean climate values. 

3.3 Results 

 

The mean diurnal cycles of the five climate variables considered in this study follow similar patterns 

across the three land use types (Fig 3.1). Air temperature reached its minimum value at 06:00, 

before rising to its maximum value, which was reached at 12:00 in oil palm and logged forest and at 

15:00 in old growth forest. Air temperature then dropped off at a slower rate throughout the 

afternoon and continued to cool slowly overnight. The mean relative humidity was above 99% in all 

three land use types from 21:00 until 06:00. It then decreased during the morning and reached its 

minimum value in oil palm and logged forest at 12:00 and in old growth forest at 15:00. The relative 

humidity then increased through the afternoon and evening. The mean vapour pressure deficit was 

small from 21:00 until 06:00 across the three land use types. It increased during the day, reaching its 

maximum value at 12:00 in oil palm and logged forest and at 15:00 in old growth forest, before 

decreasing in the afternoon and evening. The mean specific humidity followed a similar trend to air 

temperature, with its minimum value occurring at 06:00 followed by an increase during the morning 

until it reached a maximum at 12:00 in all three land use types. It then decreased throughout the 

afternoon and overnight. The mean soil temperature had its minimum value at 09:00, and then
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Figure 3.1: The mean diurnal cycles of the 1.5 m air temperature, relative humidity, vapour pressure deficit and 

specific humidity and the 10 cm soil temperature across the three land use types. Polygons show the 95% 

confidence intervals on the means. 
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Figure 3.2: The effect of the leaf area index on the mean daily maximum and minimum (left column), diurnal 

range (centre column) and daily standard deviations of the maximum and minimum (right column) air 

temperature (first row), relative humidity (second row), vapour pressure deficit (third row) specific humidity 

(fourth row) and soil temperature (fifth row). Oil palm sites are marked with triangles, logged forest with 

circles and old growth forest with crosses. Dashed lines indicate non-significant trends. 
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increased during the day to its maximum value at 15:00 in oil palm and at 18:00 in both logged 

forest and old growth forest. Soil temperature then cooled overnight.  

The mean maximum air temperature, soil temperature, VPD and specific humidity were largest in oil 

palm and smallest in primary forest, while the mean minimum relative humidity was smallest in oil 

palm and largest in primary forest. The mean minimum soil temperature was largest in oil palm and 

smallest in primary forest. Values for minimum air temperature, minimum VPD, minimum specific 

humidity and maximum relative humidity were very similar across the three land use types.  

Mean daily maximum air temperature (Fig 3.2; F1,14 = 253, p < 0.001, R2 = 0.95), specific humidity 

(F1,14 = 20.6, p < 0.001, R2 = 0.60), VPD (F1,14 = 260, p < 0.001, R2 = 0.95) and soil temperature (F1,14 = 

73.3, p < 0.001, R2 = 0.84) had strong negative relationships with LAI. Mean daily minimum relative 

humidity had a strong positive relationship with LAI (F1,14 = 245, p < 0.001, R2 = 0.95). The mean daily 

minimum soil temperature was negatively related to LAI (F1,14 = 34.7, p < 0.001, R2 = 0.71). There was 

no relationship between the mean daily minimum air temperature (F1,14 = 0.67, p = 0.43, R2 = 0.05), 

VPD (F1,14 = 0.07, p = 0.80, R2 = 0.005) or specific humidity (F1,14 = 0.24, p = 0.63, R2 = 0.02) and LAI, or 

between mean daily maximum relative humidity (F1,14 = 0.10, p = 0.75, R2 = 0.01) and LAI. The mean 

diurnal range of all five climate variables was negatively related to LAI (air temperature: F1,14 = 177, p 

< 0.001, R2 = 0.93; relative humidity: F1,14 = 241, p < 0.001, R2 = 0.95; VPD: F1,14 = 252, p < 0.001, R2 = 

0.95; specific humidity: F1,14 = 17.6, p < 0.001, R2 = 0.56; soil temperature: F1,14 = 49.6, p < 0.001, R2 = 

0.78). 

The daily standard deviations of the maximum air temperature (F1,14 = 86.6, p < 0.001, R2 = 0.86), 

maximum VPD (F1,14 = 101, p < 0.001, R2 = 0.88), maximum specific humidity (F1,14 = 12.4, p = 0.003, 

R2 = 0.47) and minimum relative humidity (F1,14 = 29.7, p < 0.001, R2 = 0.68) were negatively related 

to LAI. The daily standard deviations of both the maximum (F1,14 = 59.7, p < 0.001, R2 = 0.81) and 

minimum soil temperature (F1,14 = 45.0, p < 0.001, R2 = 0.76) were negatively related to LAI. There 

was no significant relationship between the daily standard deviations of minimum air temperature 
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(F1,14 = 1.58, p = 0.23, R2 = 0.10), minimum VPD (F1,14 = 0.65, p = 0.43, R2 = 0.04), minimum specific 

humidity (F1,14 = 0.12, p = 0.74, R2 = 0.01) or maximum relative humidity (F1,14 = 1.56, p = 0.23, R2 = 

0.10) and LAI.  

The diurnal cycles of air temperature, relative humidity and specific humidity at different heights 

within the forest canopy followed the same trends as detailed above for these variables 1.5 m above 

the ground (Fig 3.3). The maximum air temperature increases with height above the ground, while 

the minimum relative humidity decreases. Closer to the ground the maximum air temperature and 

minimum relative humidity were reached at 15:00, while closer to the top of the canopy the peak 

values were reached at 12:00. There was a highly significant positive relationship between 

temperature and canopy height (F1,5 > 16.3, p < 0.01, R2 > 0.92) at all times of the day except at 03:00 

(F1,5 = 6.3, p = 0.054, R2 = 0.56) and 06:00 (F1,5 = 0.088, p = 0.78, R2 = 0.02). Similarly, there was a 

highly significant negative relationship between relative humidity and canopy height (F1,5 > 16.3, p < 

0.01, R2 > 0.80) at all times of day expect at 03:00 (F1,5 = 15.1, p = 0.012 R2 = 0.75) and 06:00 (F1,5 = 

12.0, p = 0.018, R2 = 0.71), for which there were moderately significant negative relationships. There 

was a highly significant positive relationship between vapour pressure deficit and canopy height (F1,5 

> 16.8, p < 0.01, R2 > 0.77) at all times of the day expect at 06:00 (F1,5 = 12.6, p = 0.02, R2 = 0.72), for 

which there was a moderately significant positive relationship. By contrast, there was a moderately 

significant negative relationship between specific humidity and canopy height during the night and 

early morning (00:00: F1,5 = 8.65, p = 0.032, R2 = 0.63; 03:00: F1,5 = 11.3, p = 0.020, R2 = 0.69; 06:00: 

F1,5 = 13.9, p = 0.014, R2 = 0.73; 09:00: F1,5 = 15.8, p = 0.011, R2 = 0.76) but no significant relationship 

during the afternoon and evening (12:00: F1,5 = 0.15, p = 0.71, R2 = 0.03; 15:00: F1,5 = 0.35, p = 0.58, 

R2 = 0.07; 18:00: F1,5 = 4.61, p = 0.08, R2 = 0.48; 21:00: F1,5 = 4.86, p = 0.08, R2 = 0.49).  
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Figure 3.3: The mean diurnal cycle of air temperature, relative humidity, vapour pressure deficit and specific 

humidity at seven different heights above ground within a logged forest canopy. Polygons indicate the 95% 

confidence intervals on the means for canopy heights of 20 m and 0.5 m. 
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3.4 Discussion 

 

We found strong relationships between LAI and microclimate that were consistent with our 

hypotheses and indicate that LAI plays an important role in controlling microclimate within tropical 

forest ecosystems.  

Simple linear regressions explain a high proportion of the variance between the climate variables 

studied here and the LAI. These regression formulae may be useful in microclimate modelling studies 

in which the effects of vegetation structure need to be parameterized.  We include the full values of 

the gradients and y-intercepts of each regression line in Table 3.1. 

LAI is a convenient parameter as a number of standard procedures exist for the measurement of LAI, 

both from the ground and the air. LAI is already included in most climate and land surface models 

and global datasets already exist (Zhu et al, 2013), although these have not been fully validated for 

tropical regions to date (but see Pfeifer et al, 2014). This potentially opens an avenue to connect 

microclimate models to larger-scale climate models. Using the relationships we describe here, low 

resolution climate model output and high resolution LAI data can be combined to produce high 

resolution microclimate predictions. 

There are other features of vegetation that could influence microclimate. One such factor is the 

canopy height. A higher canopy will allow less vertical mixing of warm air down to 1.5 m above the 

surface as there is a greater distance for turbulent eddies to penetrate. In this study, the mean 

canopy height was 5.3 m in oil palm plantation, 19.4 m in logged forest and 33.7 m in primary forest. 

Therefore, across the land use gradient considered here, there is a positive correlation between the 

canopy height and the LAI, and as such the effects of canopy height are included in our observed 

trends. It is possible that some modifications to our trends would be necessary in situations where 

canopy height could play a large role and is not well correlated with LAI.  
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Climate Variable   
Mean Daily 
Maximum 

Mean Daily 
Minimum Diurnal Range Daily σmax Daily σmin 

Air Temperature 
(°C) m -2.45 (0.15) -0.08 (0.10) -2.37 (0.18) -0.59 (0.06) -0.02 (0.02) 

  c 36.7 (0.56) 21.9 (0.37) 14.8 (0.67) 3.94 (0.22) 0.71 (0.08) 

Relative 
Humidity (%) m -0.02 (0.06) 9.05 (0.58) -9.03 (0.58) -0.09 (0.07) -1.47 (0.27) 

 
c 99.8 (0.22) 53.4 (2.1) 46.4 (2.1) 0.66 (0.26) 13.5 (1.0) 

Vapour Pressure 
Deficit (Pa) m -504 (31) -0.47 (1.8) -504 (32) -191 (19) -2.18 (2.7) 

 c 2412 (116) 6.42 (6.7) 2406 (118) 1102 (70) 18.7 (10) 

Specific 
Humidity (g kg-1) m -0.69 (0.15) -0.05 (0.10) -0.64 (0.15) -0.15 (0.04) -0.01 (0.03) 

  c 23.0 (0.56) 16.5 (0.37) 6.54 (0.56) 1.54 (0.15) 0.72 (0.11) 

Soil 
Temperature 
(°C) m -1.28 (0.15) -0.37 (0.06) -0.92 (0.13) -0.34 (0.04) -0.06 (0.01) 

  c 29.5 (0.56) 24.7 (0.22) 4.77 (0.48) 1.77 (0.15) 0.56 (0.04) 

Table 3.1: Values of the gradient, m, and y intercept, c, for the regression lines in Figure 3.2, 

following the straight line formula, 𝒚 = 𝒎 × 𝑳𝑨𝑰 + 𝒄, where y is the parameter of interest. 

Standard errors are included in parentheses.   

3.4.1 How LAI influences air and soil temperature 

 

During the day, solar radiation penetrates the plant canopy and is absorbed by and heats the leaves, 

which in turn heat the air within the canopy. Light that is not absorbed by the canopy reaches the 

soil, where the majority of it is absorbed, heating the soil surface. As the soil surface warms, heat is 

both conducted down into deeper soil layers and is transferred into the air immediately above the 

soil. Therefore, the air temperature 1.5 m above the ground will be strongly affected by the amount 

of sunlight that is able to penetrate to that level. Sparser canopies with lower LAIs allow more light 

to reach the soil surface and so the 1.5 m air temperature increases more rapidly and reaches a 

higher maximum value than in forests with denser canopies.  

The air temperature increased more rapidly and reached a higher maximum value at higher vertical 

levels within the canopy than near the surface. This is because more sunlight is absorbed near the 

top of the canopy, which results in an increase in local plant and air temperature, establishing an air 
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temperature gradient. Thus, when vertical mixing of air occurs, driven by turbulence at the top of 

the canopy, it acts to warm the near-surface air by forcing hotter air from the higher levels of the 

canopy down to lower canopy heights. Canopies with high LAIs are taller and so the turbulent eddies 

that drive vertical mixing have a greater distance to penetrate to drive warm air down to the surface, 

meaning less mixing occurs. Additionally, canopies with high LAIs absorb more momentum which 

also allows less vertical mixing of air within the canopy (Raupach et al, 1996), and thus acts to keep 

the near-surface air cool. Canopies with lower LAIs are shorter and thus there is less distance for hot 

air from the canopy top to travel to reach the surface. This allows more turbulent mixing of air 

within the canopy sublayer and this results in increased temperatures near the ground. In canopies 

with extremely low LAIs, vertical profiles such as those shown in Fig 3.3 may break down as a high 

proportion of sunlight is able to reach the soil surface. This may result in the temperature gradient 

being neutralised or even inverted, in which case convective vertical mixing would act to transfer 

heat upwards and away from the surface.  

These two processes combined probably explain the observed relationship between mean daily 

maximum 1.5 m air temperature and the LAI.  

From early afternoon, air temperatures started to decrease, with the incoming solar energy being 

less than the flux of energy from the canopy into the free atmosphere. Additionally, convective rain 

showers frequently occur at this time, even during the dry season, and these could act to reduce air 

temperatures. During the night, the forest cools via emission of long wave radiation and air 

movement is dominated by buoyancy forces (Mahrt et al, 2001; Goulden et al, 2006). Drainage flows 

along sloped topography mean that elevation becomes the key determining factor in air 

temperature and, therefore, across the LAI gradient the night time temperatures are similar and 

there is no significant trend in minimum temperature.  

The soil surface is heated by incoming solar radiation that penetrates the full depth of the plant 

canopy. Heat is then conducted down into the lower soil layers, however, this process takes time 
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and so the 10 cm soil temperature lags behind the 1.5 m air temperature. The maximum 

temperature was probably higher beneath sparser canopies because more solar energy reaches the 

soil surface. There was also a significant negative relationship between minimum temperature and 

LAI. This was likely because the soil at 10 cm does not have enough time to fully cool down and 

reach equilibrium with the air temperature overnight, due to its high heat capacity and relatively low 

thermal conductivity (Bonan, 2008). 

3.4.2 How LAI influences VPD and humidity 

 

The 1.5 m VPD was lower during the day in forests with denser canopies. The VPD is an ecologically 

important quantity as it has been shown to have a close relationship with transpiration rates in 

tropical forests (Granier et al, 1996; Motzer et al, 2005). During the day, as the temperature rises, 

the saturated water vapour pressure, es, increases, driving an increase in the VPD and a decrease in 

the relative humidity. Under low LAI canopies, where the daytime temperature is higher, the VPD is 

also larger, while the relative humidity is lower. As the VPD increases, evapotranspiration also 

increases, as the air has an increased capacity to hold water vapour, creating a larger potential 

gradient across the leaf-air and soil-air boundaries (Garratt, 1992). This increased transpiration in 

low LAI canopies is probably the cause of the observed trend in specific humidity, with high LAI 

canopies having a smaller specific humidity than low LAI canopies. This finding is similar to that 

reported by Law et al (2001) from observations and models of temperate forests.  

3.4.3 How LAI influences climatic variability 

 

The daily standard deviation was greater for all five studied climate variables under canopies with 

lower LAIs. In other words, there is greater day to day variability in the climate near the ground for 

low LAI canopies than there is for high LAI canopies. This variability is probably driven by the amount 

of solar radiation that is incident at the top of the canopy, which will depend upon cloud cover. 

Canopies with high LAIs absorb the vast majority of all incident sunlight, so the amount of sunlight 
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reaching the ground will be similar on cloudy and sunny days. By contrast, as low LAI canopies 

absorb a much lower fraction of the incident solar radiation, the absolute difference in the amount 

of sunlight that penetrates the canopy and reaches the ground on cloudy and sunny days will be 

quite large. Thus we would expect a greater day-to-day variability in the air and soil temperatures 

under low LAI canopies, as was observed. As described above, the VPD and the relative and specific 

humidity follow the air temperature and so a greater daily variability in the air temperature leads to 

greater daily variability in these quantities as well. 

3.4.4 Land use change, microclimate and biodiversity 

 

Human modification of forests results in a change in climate within the forest. We found there was 

an increase in mean daily maximum air temperature of 2.45 °C for every decrease of 1 m2m-2 in LAI 

(Table 3.1). In terms of land use change, this corresponds to mean maximum temperatures that are 

up to 2.5 °C higher in logged forest and up to 6.5 °C higher in oil palm plantations when compared to 

primary forest. We also found similarly large differences in air moisture content and soil 

temperature. Conversion of forest to oil palm is a major driver of biodiversity loss in Southeast Asia 

(Foster et al, 2011), and these dramatic and relatively sudden microclimatic changes are likely to be 

an important factor in this. Microclimate changes as a result of selective logging also affect 

biodiversity. It was found that the role of invertebrates in three important ecosystem processes was 

reduced by half in logged forest compared to primary forest at the SAFE Project, and that the 

changes in invertebrate communities that led to these reductions were likely due to the altered 

microclimate of logged forest (Ewers et al, 2015). Such microclimate-induced changes in biodiversity, 

as well as direct impacts of temperature on processes such as litter decomposition are also likely to 

influence ecosystem functioning in modified forests. However, we are currently far from having a full 

understanding of how ecosystems respond to shifts in microclimate, and this is an area in need of 

further experimental and modelling studies. 
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3.5 Conclusion  

 

We found a strong link between leaf area index (LAI) and five ecologically important climate 

variables in a tropical forest. This offers great potential for improved modelling of microclimate in 

heterogeneous landscapes, as LAI is already widely used in climate and land surface models and can 

be measured locally and remotely following standard methods. Human disturbance of forest 

systems leads to significant changes in LAI that alter the microclimate and these changes will likely 

have knock-on effects upon ecosystem functioning. 
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4 A microclimate model for use in 

heterogeneous tropical landscapes 
 

4.1 Introduction 

 

Species are confined to exist within a particular climatic niche (Hutchinson, 1957). The niches that 

particular species inhabit play a role in determining their response to climate change (Tingley et al, 

2009; Sinervo et al, 2010), large scale patterns of biogeography (Crisp et al, 2009) and invasion 

processes (Petitpierre et al, 2012). A species’ climatic niche can be defined by the spatial and 

temporal variation in climate that the species experiences within its distribution (Devictor et al, 

2010; Barnagaud et al, 2012). Therefore, high resolution maps of current microclimate can be useful 

for defining a species’ climatic niche and also for defining its potential range (Phillips et al, 2006). 

High resolution future projections of microclimate can be used to predict the evolution of a species’ 

future range and its prospects in the face of changing land use or climate (Lawler et al, 2013). 

The observed relationships between microclimate and vegetation structure presented in Chapter 3 

could be very useful in defining a high resolution climate map for the SAFE Project. However, for 

some applications it is desirable to use a process-based model of microclimate instead of observed 

empirical relationships. Firstly, a physical model allows the mechanisms that drive microclimate 

variation to be investigated (Cuddingon et el, 2013). For instance, our basic understanding of the 

influence of vegetation on microclimate suggests that LAI, canopy height, and vertical distribution of 

leaf area are all potentially important factors that modify near-surface climate conditions (Geiger, 

1950; Bonan, 2008). Picking apart their relative importance using field data is very difficult, even 

with the extensive microclimate sensing network available at the SAFE Project, as these factors are 

very difficult to measure and tend to be strongly correlated with one another. However, 

relationships between these factors may be different elsewhere in the tropics. Therefore, having a 
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physical model that incorporates the mechanisms by which these factors influence microclimate 

should allow much more accurate predictions to be made than simply using empirical relationships 

from a different location (Kearney et al, 2014a).  

The second advantage of a physical model is that it can make predictions for conditions outside the 

range of current observations (Cuddington et al, 2013). This is particularly useful within the current 

context of anthropogenic climate change. Rising temperatures in the atmosphere will certainly alter 

temperatures beneath the forest canopy, but simply extrapolating from observations in our current 

climate may not provide accurate projections of future conditions (Schneider, 1992). By using a 

physical model of microclimate buffering by vegetation, we can have more confidence in our 

predictions of the impacts of climate change. Additionally, the model could be used to investigate 

possible strategies for manipulating vegetation structure in ways that could mitigate these broader 

impacts on local microclimate.  

It is also easier to investigate feedbacks, such as those between vegetation and microclimate, using a 

process based model (Pasini, 2005). As mentioned above, vegetation parameters such as LAI and 

canopy height are strongly correlated in the current SAFE Project landscape. However, under a 

changing climate or future changes in land use, vegetation structure could be modified, leading to 

changes in microclimate. Without observations under these conditions, we would have low 

confidence in the ability of statistical relationships to make predictions of microclimate. The changes 

in microclimate could, in turn, feedback upon vegetation structure, once again influencing 

microclimate and so on (eg D’Odorico et al, 2010; D’Odorico et al, 2013). As feedbacks continue to 

modify the vegetation, relationships between microclimate and LAI may drift further and further 

from previous observations, while a model that considers interactions between different vegetation 

factors may perform better. 

Our aim is to develop a model that is complex enough to capture the key processes that govern 

microclimate, while still being simple enough to be run for long time periods without consuming 
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unreasonable computational resources. While other models exist that can predict microclimate (see 

Section 1.4), none are designed for use in a heterogeneous tropical landscape. Therefore, we used 

aspects of various previously tested models to build our own microclimate model that captured all of 

the key processes governing microclimate at the SAFE Project. The microclimate model is described 

in detail in Section 2.5. 

In this chapter, the physical microclimate model is used to make predictions over a period of 101 

days for which there are a large number of observations. Additionally, the sensitivity of the model to 

LAI, canopy height, leaf area density (LAD) profile and soil evaporation rates is tested. As noted in 

Chapter 3, both canopy height and LAI are important characteristics of the vegetation that might 

influence the microclimate. However, as canopy height and LAI are positively correlated at the SAFE 

Project, it was not possible to determine the relative influence of these two properties from our 

observations. The LAD profile selected for use in the microclimate model (Equation 2.5.29) has not 

been verified as an accurate representation of the vegetation canopies found at the SAFE Project. 

The vertical distribution of leaf area affects where solar radiation is absorbed, leading to differential 

heating within the canopy and, consequently, could influence near-surface microclimate. Therefore, 

given its possible importance, we tested the sensitivity of the model to the LAD profile. Finally, as 

described in Section 2.5.2, the simple assumptions made regarding evaporation from the soil could 

cause inaccuracies in microclimate predictions, thus the effects of changing the model’s soil 

evaporation scheme were investigated. 

4.2 Method 

 

The model was run over a period of 101 consecutive days, from 13th October 2012 to 21st January 

2013. This is a different time period to that considered in Chapter 3, because the flux tower weather 

station that provides the boundary conditions to the model was not operational until early 2012. 

Above-ground data was taken from 156 microclimate sensors, set up as described in Section 2.2. 

Analysis of this smaller dataset was carried out in the same manner as the analysis in Chapter 3, with 
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mean daily maximum and minimum values computed for the 1.5 m air temperature, relative 

humidity and specific humidity and the 10 cm soil temperature. Daily standard deviations for each of 

these values were also calculated. 

The model was run for values of LAI = 1.98, 3.8 and  4.69, which correspond to SAFE blocks OP1, C 

and OG1, to allow direct comparisons of daily predictions and observations to be made at these 

sites. The model was also run for seven additional values of LAI, ranging from 1.5 to 4.5 in 

increments of 0.5, to allow the model’s ability to predict relationships between LAI and microclimate 

to be tested. The output of these model runs is referred to as the ‘base model’. 

To test the sensitivity of the model to LAI and canopy height, two experiments were conducted. In 

the first, canopy height was fixed at 20 m and the model was run for the same values of LAI as 

before, ranging from 1.5 to 4.5. In the second experiment, the LAI was fixed at 3.88. These fixed 

values were chosen as they are typical values of the logged forest that makes up the main SAFE 

Project site, where the majority of the data in this study was obtained. The specific value of 3.88 was 

chosen for the LAI as it corresponds to a canopy height of 20 m in the simple relationship between 

LAI and canopy height used in the model. The model was then run with seven different canopy 

heights, corresponding to the seven different LAIs considered in the first experiment. Canopy height 

ranged from 6.8 m to 26.5 m. Both of these experimental runs were carried out over the same 101 

day period as considered previously. 

The sensitivity of the model to the vertical distribution of leaf area was also tested. The model was 

run for the same 101 day period as before, using the same parameters as in the base model, except 

for an altered LAD profile. In this case a constant LAD profile was selected: 

𝐿𝐴𝐷𝑖 =
𝐿𝐴𝐼𝑡𝑜𝑡

𝑛
 

where n = 20 is the number of model levels.  
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Finally, the sensitivity of the model to soil evaporation rates was tested by running the model for the 

same 101 day period using the simple soil moisture scheme described in Section 2.5.2. The output of 

this model run is referred to as the ‘beta model’. 

When deriving the maximum and minimum values of the climate variables from the model output, 

only the values at 06:00, 09:00, 12:00, 15:00 and 18:00 were considered, so as to match the data 

available from the field. This should allow for a fairer comparison between the model and the field 

data to be made. 

For reference, Table 4.1 summarises the different model setups used here. 

Name LAI Canopy Height (m) LAD function Soil Evaporation 

Base model 1.5-4.5 6.8-26.5 Standard Standard 

Constant LAI 3.88 6.8-26.5 Standard Standard 

Constant Canopy Height 1.5-4.5 20 Standard Standard 

Constant LAD 1.5-4.5 6.8-26.5 
𝐿𝐴𝐼

𝑛
 Standard 

Beta model 1.5-4.5 6.8-26.5 Standard Beta scheme 

Table 4.1: Summary of model setups used in this chapter. 

4.3 Results 

 

4.3.1 Results of the base model 

 

On average the model slightly underestimated the daily maximum air temperature in old growth 

forest at block OG1 (model mean = 25.4 °C, observed mean = 25.9 ± 0.3 °C, RMS error = 0.85 °C). In 

particular, the model underestimated observations on days with high observed air temperatures (Fig 

4.1a). The mean model predictions of daily minimum relative humidity at OG1 matched observations 

(model mean = 91.0%, observed mean = 91.1 ± 1.6%, RMS error = 6.3%). However, there was very 

low correlation (R2 = 0.10) between model predictions and observations, with the model generally 
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overestimating the minimum relative humidity on days with low observed relative humidity and 

underestimating the minimum relative humidity on days with high observed relative humidity (Fig 

4.1b). The mean daily maximum specific humidity predicted by the model in OG1 was within the 

range of error of the observations (model mean = 19.7 g kg-1, observed mean = 19.9 ± 0.2 g kg-1, RMS 

error = 0.60 g kg-1), however predictions were weakly correlated (R2 = 0.20) with observations 

compared to those in logged forest (Fig 4.1c). The model underestimated the mean daily maximum 

soil temperature on every day that was included in the model run (model mean = 22.3 °C, observed 

mean = 23.5 ± 0.1 °C, RMS error = 1.2 °C) (Fig 4.1d). 

In logged forest, at block C, the model generally underestimated the observations of daily maximum 

air temperature (model mean = 26.3 °C, observed mean = 27.2 ± 0.3 °C, RMS error = 1.05 °C), and in 

particular it underestimated observations on days with a high maximum observed temperature (Fig 

4.1a). The mean modelled daily minimum relative humidity in block C matched the observed value 

(model mean = 90.0%, observed mean = 91.0 ± 1.5%, RMS error = 3.7%). However, the model 

overestimated the relative humidity in logged forest on days with low observed relative humidity, 

while it generally underestimated relative humidity on days with high observed relative humidity (Fig 

4.1b). The model generally underestimated the observed specific humidity in logged forest block C 

(model mean = 20.4 g kg-1, observed mean = 21.7 ± 0.2 g kg-1, RMS error = 1.3 g kg-1). The model 

underestimated the maximum soil temperature in block C on every day considered here (model 

mean = 22.7 °C, observed mean = 24.1 ± 0.1 °C, RMS error = 1.4 °C) (Fig 4.1d). 

In oil palm, at block OP1, the observed mean daily maximum air temperature was very slightly 

underestimated by the model (model mean = 30.9 °C, observed mean = 31.7 ± 0.5 °C, RMS error = 

2.0 °C). The modelled daily maximum air temperature showed no clear tendency for over or 

underestimation under particular conditions, but errors were as great as 8 °C on some days (Fig 

4.1a). The model generally overestimated the minimum relative humidity in oil palm (model mean = 

81.9%, observed mean = 72.1 ± 2.0%, RMS error = 11%), with the worst overestimates occurring on 
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Figure 4.1: Correlation between model predictions and observed values of (a) daily maximum air temperature, 

(b) daily minimum relative humidity, (c) daily maximum specific humidity and (d) daily maximum soil 

temperature for canopies with LAI = 1.98 (SAFE block OP1) (blue), LAI = 3.80 (SAFE block C) (black) and LAI = 

4.69 (SAFE block OG1) (red). 
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Figure 4.2: Mean diurnal cycles of (a) air temperature 1.5 m above the ground and (b) relative humidity 1.5 m 

above the ground for canopies with LAI = 1.98; SAFE block OP1 (blue crosses) and model run (blue line), with 

LAI = 3.80; SAFE block C (black crosses) and model run (black line) and with LAI = 4.69; SAFE block OG1 (red 

crosses) and model run (red line). 

  



77 
 

 

Figure 4.3: Time series of the daily maximum air temperature over the study period in observations (black) and 

in model predictions (red) for canopies with (a) LAI = 1.98; SAFE Project block OP1 (b) LAI = 3.80, SAFE Project 

block C and (c) LAI = 4.69, SAFE Project block OG1.
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days with low observed minimum relative humidity (Fig 4.1b). The model’s prediction of the daily 

maximum specific humidity in oil palm had a slight tendency to overestimate observations (model 

mean = 24.3 g kg-1, observed mean = 23.1 ± 0.3 g kg-1, RMS error = 1.9 g kg-1), with large 

overestimates of up to 6 g kg-1 occurring on some days (Fig 4.1c). As with the old growth forest and 

logged forest, the model underestimated the daily maximum soil temperature on all days included in 

the model run in oil palm (model mean = 24.7 °C, observed mean = 26.5 ± 0.2 °C, RMS error = 1.8 °C) 

(Fig 4.1d). 

The modelled diurnal cycles of air temperature and relative humidity in logged forest, at block C, and 

in oil palm, at block OP1, followed the same trends as the observations (Fig 4.2a). In both cases the 

predicted air temperature was generally lower than observations throughout the day. The largest 

underestimates occurred at 12:00, the time of the mean maximum air temperature. In old growth 

forest, at block OG1, the shape of the diurnal cycle of air temperature predicted by the model was 

not in agreement with the observed diurnal cycle. The modelled air temperature increases too 

rapidly between 06:00 and 09:00 and decreases between 12:00 and 15:00, when temperatures 

continue to increase in the observations. The model is, however, accurate to within 1 °C on average 

at all times of day in OG1.  

As with the air temperature, the modelled shapes of the diurnal cycles of relative humidity in blocks 

C and OP1 broadly followed those observed (Fig 4.2b). The relative humidity in block C was 

underestimated at 09:00, with model predictions being very close to observations at most other 

times. The relative humidity was overestimated throughout the day in block OP1, with the largest 

overestimate occurring at 12:00. In OG1, the shape of the predicted diurnal cycle of relative 

humidity did not match the observed shape. The modelled relative humidity decreased too rapidly 

between 06:00 and 09:00 and then increased between 12:00 and 15:00 when the observed relative 

humidity continued to decrease.  
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4.3.2 Results - the relationship between LAI and microclimate in the base model 

 

The model’s mean daily maximum air temperature had a negative relationship with LAI (Fig 4.4a). 

Model values were generally close to observed values. The maximum difference between the model 

and the regression line through the observed means was an underestimate by the model of 1.3 °C 

which occurred at LAI = 3.0, a field data sparse region. The model’s mean daily minimum relative 

humidity had a positive relationship with LAI (Fig 4.4b), as occurred in our observations. The model 

overestimated the minimum relative humidity at low LAIs, with a maximum overestimate of 6% 

occurring at LAI = 1.5. Conversely, the model underestimated the minimum relative humidity at high 

LAIs, with a maximum underestimate of 5% at LAI = 4.5. The model’s mean daily maximum specific 

humidity had a negative relationship with LAI (Fig 4.4c). The model overestimated the maximum 

specific humidity at low LAIs, with a maximum overestimate of 2.9 g kg-1 occurring at LAI = 1.5. At 

high LAIs, the model slightly underestimated the observed maximum specific humidity, with the 

maximum underestimate being 1.1 g kg-1 at LAI = 4.0. The model’s mean daily maximum soil 

temperature had a negative relationship with LAI (Fig 4.4d). The model underestimated the 

observed mean daily maximum soil temperature at all LAIs, with the maximum underestimate being 

2.2 °C at LAI = 2.5 and the minimum underestimate being 1.1 °C at LAI = 4.5.  

The model’s mean daily minimum air temperature had a negative relationship with LAI (Fig 4.5a), 

however, over the range of LAIs the mean daily minimum air temperature only varied by 0.3 °C. The 

model’s values for mean daily minimum air temperature were within the range of observations. 

Similarly, the model’s mean daily maximum relative humidity varied with LAI (Fig 4.5b), but the 

range of variation was only 0.3%. The model’s mean daily minimum specific humidity had a negative 

relationship with LAI (Fig 4.5c). The range of model values were all within the range of observed 

values, and model values only varied by 0.4 g kg-1 across the range of LAIs considered. The model’s 

mean daily minimum soil temperature had a negative relationship with LAI (Fig 4.5d). The model 
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Figure 4.4: The effect of leaf area index on (a) the mean daily maximum air temperature, (b) mean daily 

minimum relative humidity, (c) mean daily maximum specific humidity and (d) mean daily maximum soil 

temperature for both observational data at the SAFE Project (black) and for the microclimate model (red). 
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Figure 4.5: The effect of leaf area index on (a) the mean daily minimum air temperature, (b) mean daily 

maximum relative humidity, (c) mean daily minimum specific humidity and (d) mean daily minimum soil 

temperature for both observational data at the SAFE Project (black) and for the microclimate model (red). 
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Figure 4.6: The effect of leaf area index on the daily standard deviations of the (a) maximum air temperature, 

(b) minimum relative humidity, (c) maximum specific humidity and (d) maximum soil temperature for both 

observational data at the SAFE Project (black) and for the microclimate model (red). 

  



83 
 

 

Figure 4.7: The effect of leaf area index on the daily standard deviations of the (a) minimum air temperature, 

(b) maximum relative humidity, (c) minimum specific humidity and (d) minimum soil temperature for both 

observational data at the SAFE Project (black) and for the microclimate model (red). 
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Figure 4.8: The effect of leaf area index on the soil diurnal temperature range at a depth of 10 cm at the SAFE 

Project (black) and in the model at depths of 10 cm (red), 8 cm (green) and 6 cm (blue).  
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underestimated the mean daily minimum soil temperature at all LAIs, with a maximum 

underestimate of 1.3 °C at LAI = 3.0 and a minimum underestimate of 0.8 °C at LAI = 1.5.  

The model’s daily standard deviation of maximum air temperature had a negative relationship with 

LAI (Fig 4.6a). The modelled values were generally very close to observations, with a slight 

overestimate at low LAIs and a slight underestimate at high LAIs. The maximum overestimate of 15% 

occurred at LAI = 1.5 and the maximum underestimate of 23% occurred at LAI = 3.5. The model’s 

daily standard deviation of minimum relative humidity had a negative relationship with LAI (Fig 

4.6b). The model underestimated the daily standard deviation of minimum relative humidity by up 

to 52% at LAI = 3.0, with the minimum underestimate being 25% at LAI = 4.5. The model’s daily 

standard deviation of the maximum specific humidity had a negative relationship with LAI (Fig 4.6c). 

At high LAIs, the modelled values were in line with observed values. However, at low LAIs, the model 

overestimated the daily standard deviation of the maximum specific humidity by as much as 100% at 

LAI = 1.5. The model’s daily standard deviation of the maximum soil temperature had a negative 

relationship with LAI (Fig 4.6d). At high LAIs the modelled values were in line with the observed 

values. At low LAIs, the model underestimated the observed values by up to 50% at LAI = 2.5. 

The model’s daily standard deviation of minimum air temperature had a negative relationship with 

LAI (Fig 4.7a), but the values only varied by 0.12 °C across the range of LAIs considered. The model 

underestimated the observed values by up to 47% at LAI = 4.5, while the minimum underestimate 

was 31% at LAI = 1.5. The model’s daily standard deviation of maximum relative humidity had a 

negative relationship with LAI (Fig 4.7b). Modelled values were in line with observed values across 

most of the range of LAIs considered, however, the model overestimated variability at low LAIs, with 

a maximum overestimate of 129% at LAI = 1.5. The model’s daily standard deviation of minimum 

specific humidity had a negative relationship with LAI (Fig 4.7c), but the values only varied by 0.06 g 

kg-1 across the range of LAIs considered. The model underestimated the observed values by 57 – 

63% across all LAIs. The model’s daily standard deviation of minimum soil temperature decreased 
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from LAI = 1.5 to LAI = 3.0 and then increased with higher LAIs (Fig 4.7d). Values only varied over a 

range of 0.03 °C. The model underestimated the observed values by as much as 75% at LAI = 2.5, 

with the minimum underestimate being 50% at LAI = 4.5.  

The model’s mean diurnal soil temperature range had a negative relationship with LAI (Fig 4.8). The 

model underestimated observations at a depth of 10 cm, with the largest underestimate being 0.90 

°C at LAI = 2.5.  

4.3.3 Results of constant LAI and constant canopy height experiments 

 

There was a negative relationship between the mean daily maximum air temperature and both LAI 

and canopy height (Fig 4.9a). Neither experiment produced as great a variation in mean daily 

maximum air temperature as a function of vegetation structure as was observed in the base model. 

However, the variation in the constant LAI experiment was greater than the variation in the constant 

canopy height experiment. There was a positive relationship between the mean daily minimum 

relative humidity and both LAI and canopy height (Fig 4.9b). The constant canopy height experiment 

predictions were closer to the base model predictions at high LAIs, while the constant LAI 

experiment predictions were closer to the base model predictions at low LAIs. There was a negative 

relationship between the mean daily maximum specific humidity and both LAI and canopy height 

(Fig 4.9c). However, there was relatively little change in the mean daily maximum specific humidity 

in the constant canopy height experiment as a function of LAI. There was greater variation in the 

constant LAI experiment, but not as great as the variation observed in the base model. Similarly, 

there was a negative relationship between the mean daily maximum soil temperature and both LAI 

and canopy height (Fig 4.9d). The constant LAI experiment produced a greater range of values than 

the constant canopy height experiment, but neither produced as great a range as the base model. 

There were negative relationships between the daily standard deviations of the daily maximum air 

temperature, minimum relative humidity, maximum specific humidity and maximum soil 
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Figure 4.9: The effects of leaf area index and/or canopy height on model predictions of the (a) mean daily 

maximum air temperature, (b) mean daily minimum relative humidity, (c) mean daily maximum specific 

humidity and (d) mean daily maximum soil temperature for the base model (red), the constant LAI experiment 

(blue) and the constant canopy height experiment (green). 
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Figure 4.10: The effects of leaf area index and/or canopy height on model predictions of the daily standard 

deviation of the (a) mean daily maximum air temperature, (b) mean daily minimum relative humidity, (c) mean 

daily maximum specific humidity and (d) mean daily maximum soil temperature for the base model (red), the 

constant LAI experiment (blue) and the constant canopy height experiment (green). 
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Figure 4.11: Model predictions of the mean downward flux over the period 06:00 – 12:00, 2.5 m above the 

ground of the solar radiation (red), the sensible heat (green) and the combined solar radiation and sensible 

heat (blue) for the constant LAI experiment (solid lines) and the constant canopy height experiment (dashed 

lines). 
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temperature and both LAI and canopy height (Fig 4.10). There was a greater change in the daily 

standard deviations as a result of changes in canopy height for all variables except the maximum soil 

temperature, for which trends were similar for both changes in canopy height and LAI. 

In the constant LAI experiment there was very little variation in the mean downward flux of solar 

radiation 2.5 m above the ground as a function of canopy height (Fig 4.11). The downward sensible 

heat flux had a negative relationship with canopy height and, therefore, the combined solar flux and 

sensible heat flux had a negative relationship with canopy height. In the constant canopy height 

experiment, the downward solar flux had a negative relationship with LAI. The downward sensible 

heat flux had a positive relationship with LAI. The combined solar and sensible heat flux had a 

negative relationship with LAI; however, the gradient of this relationship was less than in the 

constant LAI experiment.  

4.3.4 Results of sensitivity test of model to LAD 

 

The use of a constant LAD profile had very little impact upon the output of the model (Fig 4.12). 

Predictions of mean daily maximum air temperature, specific humidity and soil temperature were 

very slightly lower in the constant LAD experiment, with larger changes occurring at low LAIs, while 

there was no change in predictions of the mean daily minimum relative humidity. 

4.3.5 Results of sensitivity test of model to soil moisture 

 

There was a very slight change in the predicted mean daily maximum air temperature, with the beta 

model generally predicting higher temperatures (Fig 4.13a). There was a larger difference in 

predictions of the mean daily minimum relative humidity (Fig 4.13b), with the beta model’s 

predictions being lower than those of the base model, and much closer to the observed values, 

particularly at low LAIs. The beta model predicted lower values of the mean daily maximum specific 

humidity than the base model (Fig 4.13c). The beta model predictions were closer to observed 

values at low LAIs, but were less accurate in the mid-range of values of LAI. There was very little
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Figure 4.12: The effect of leaf area index on the (a) mean daily maximum air temperature, (b) mean daily 

minimum relative humidity, (c) mean daily maximum specific humidity and (d) mean daily maximum soil 

temperature in observational data at the SAFE Project (black), base microclimate model predictions (red) and 

predictions of the microclimate model with a constant vertical leaf area density (LAD) profile (blue). 
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Figure 4.13: The effect of leaf area index on the (a) mean daily maximum air temperature, (b) mean daily 

minimum relative humidity, (c) mean daily maximum specific humidity and (d) mean daily maximum soil 

temperature in observational data at the SAFE Project (black), base microclimate model predictions (red) and 

predictions of the microclimate model with a simple beta model of soil evaporation (blue). 
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Figure 4.14: The effect of leaf area index on the daily standard deviation of the (a) daily maximum air 

temperature, (b) daily minimum relative humidity, (c) daily maximum specific humidity and (d) daily maximum 

soil temperature in observational data at the SAFE Project (black), base microclimate model predictions (red) 

and predictions of the microclimate model with a simple beta model of soil evaporation (blue). 
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difference in predictions of the mean daily maximum soil temperature between the base and beta 

models (Fig 4.13d). 

There was a very slight change in the predicted variability of the mean daily maximum air 

temperature, with the beta model predicting slightly more variability than the base model (Fig 

4.14a). The beta model predicted much higher variability in the mean daily minimum relative 

humidity compared to the base model, and its predictions were closer to the observed values, but 

were still underestimates (Fig 4.14b). The beta model predicted lower values than the base model 

for the daily standard deviation of the maximum specific humidity, which in general meant its 

predictions were closer to observed values (Fig 4.14c). The beta model predicted higher variability in 

the daily maximum soil temperature than the base model at low LAIs, but lower variability at high 

LAIs (Fig 4.14d). This meant its predictions were closer to observed values at low LAIs, but 

underestimated observed values at high LAIs. 

4.4 Discussion 

 

4.4.1 Model microclimate predictions 

 

In general, the model performed well in predicting the influence of vegetation upon the below-

canopy microclimate. The mean values for the climate variables considered here were mostly very 

close to the mean observed values across a wide range of LAIs, with the exception of the soil 

temperature. For all climate variables, the direction of the trend of mean values with LAI were the 

same in the model and in observations, and the gradients of change with LAI were also very similar. 

The daily predictions of maximum air temperature (Fig 4.1a), in particular, were very close to 

observations in all three land use types. The base model also captured the day to day variability of 

maximum air temperature near the surface very well at all LAIs (Fig 4.6a). This is very important, as it 

is the maximum air temperature that is likely to push species beyond their thermal tolerance limits 

and impair their ability to thrive in a certain environment. The mean RMS error in predictions of 
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daily maximum air temperature across blocks OP1, C and OG1 was 1.29 °C. For comparison, the 

model of Bennie et al (2008), that was later used to model population dynamics (Bennie et al, 2013), 

had an RMS error of 2.95 °C for hourly temperatures. While their model is designed for a different 

habitat (chalk grassland) and has to predict a wider range of temperatures, the comparison shows 

that our model’s accuracy could be sufficient to be useful for ecological applications.  

The largest discrepancy in air conditions between the base model and observations was the 

humidity at low LAIs (Fig 4.4b/c). The model maintained a much higher relative humidity at high 

temperatures than was observed (Fig 4.1b), and consequently very high values of specific humidity 

were predicted (Fig 4.1c). In reality, specific humidity greater than 25 g kg-1 is rarely observed in oil 

palm plantations at the SAFE Project. This could be an important weakness in the model, as extreme 

low relative humidity will place many organisms, such as plants and invertebrates, under stress, so 

accurate predictions of this key variable are desirable. Additionally, the day to day variability of 

minimum relatively humidity was too low at low LAIs, and there was, correspondingly, too much day 

to day variability in the maximum specific humidity at low LAIs.  

The results of the beta model show that the humidity predictions of the microclimate model are 

sensitive to rates of soil evaporation. The most notable improvement in predictions in the beta 

model was the decrease in overestimates of the relative and specific humidity at low LAIs (Fig 

4.13b/c). This is not surprising as, by limiting soil evaporation to levels below its maximum potential, 

we would expect there to be less water vapour in the air near the surface. The beta model also 

increased the variability in the mean daily minimum relative humidity, while decreasing the 

variability in the mean daily maximum specific humidity (Fig 4.14b/c). This is because on days that 

would have had very large total evaporation of water from the soil in the base model there was now 

significantly reduced total evaporation in the beta model. Therefore, in the base model these days 

had extreme highs in specific humidity, increasing overall day to day variability in the maximum 

specific humidity. In the beta model, with water availability limited, these days instead had extreme 
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low minimum relative humidity and lower maximum specific humidity, leading to higher overall 

variability in minimum relative humidity and lower variability in maximum specific humidity. 

The weak scientific justification for the form of β and the lack of observational evidence to support 

our approach undermines our findings to some extent. This experiment does, however, suggest a 

clear line of investigation for future improvements to the microclimate model. Measurements of soil 

surface layer moisture across a range of land use types would lead to a better physical 

understanding of this process and allow a more realistic parameterisation scheme to be designed.                                                                                                                                                                                                                                

While the underestimation of both maximum and minimum soil temperatures is concerning, the 

relative soil temperature as a function of LAI was very similar in both the model and observations, 

therefore, the predictions of the model would still be useful if bias-corrected. Despite the rather 

large errors, our model compares well with the Niche Mapper model, which was found to predict 

soil temperatures in Australia with an average accuracy of 2-3.3 °C (Kearney et al, 2014a). One 

source of error in predicting the mean daily maximum soil temperature is inaccurate initialisation of 

the soil temperature at the start of each day, which is reflected in the error in predicting the mean 

daily minimum soil temperature.  

The mean diurnal range of soil temperature at 10 cm (Fig 4.8), while still an underestimate of 

observations, is accurate to within at least 0.9 °C at all LAIs. Therefore, if soil temperatures at 06:00 

were prescribed using observations, predictions of the mean daily maximum soil temperature would 

be a lot closer to the observed values. As most of the observed climate variation as a function of LAI 

was observed during the day, the model was not designed to make accurate nocturnal predictions. 

This is not a problem for predictions of air conditions, however, it does affect soil temperature 

predictions through the initialisation process at 06:00 and this should be a focus of future 

development of the model. Additionally, the modelled soil temperature is quite sensitive to soil 

depth, with model predictions at a depth of 8 cm being accurate to within 0.5 °C of observed values 

at a depth of 10 cm. The values for soil thermal conductivity and soil heat capacity have not been 
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verified in the field, and the soil temperature profile will depend upon these parameters. The 

relative sensitivity of the soil diurnal temperature range to depth suggests that changes in values of 

either of these parameters could improve the model’s predictions. Therefore, field observations of 

these values should also be a priority for future research. 

The model has also shown skill in predicting the diurnal cycle of microclimate during the daytime. 

The largest errors generally occurred in the most extreme readings, i.e. the readings at 12:00 in oil 

palm and logged forest and at 15:00 in old growth forest. These are the discrepancies illustrated in 

Fig 4.4. Throughout the rest of the day errors were smaller for the most part. Accurate predictions of 

the diurnal microclimate cycle could be useful, as certain species may be affected by the amount of 

time they spend in conditions beyond their climatic tolerance (eg Terblanche et al, 2008). Bennie et 

al’s (2013) successful application of a microclimate model to make predictions of range expansion of 

a butterfly species used predictions on an hourly scale, so demonstration of our model’s accuracy on 

these time scales suggests it may also be useful for population dynamics. 

Some of the inaccuracies of the model output could be due to the spatial displacement between the 

site of the flux tower, where all model input variables were measured, and the sites where the 

below-canopy microclimate was measured. This will be particularly true for the old growth forest 

blocks at Maliau Basin Conservation Area, which is 50 km from the main SAFE Project site, but also 

to a lesser extent for the oil palm blocks which are located about 20 km from the flux tower. This will 

most likely lead to errors in predictions for individual days, and probably explains why there was 

better agreement for predictions on individual days in block C than in blocks OP1 or OG1 (Fig 4.1). 

Local weather conditions, such as cloud cover or storms, could mean there are significant differences 

in above canopy climate conditions over distances greater than a few kilometres. 

Inaccuracies in mean climate variables could also be partly attributable to the spatial displacement 

of the input variables. Local topography could mean some sites are more or less sheltered from 

wind, for example, leading to persistent biases in model estimates of wind and, therefore, 
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evaporation and vertical mixing. Additionally, there may be differences in atmospheric conditions 50 

m above the surface in oil palm plantations due to the different vegetation and different sensible 

and latent heat fluxes. These differences were not accounted for in the model. 

As the model is only one dimensional, the effects of advection were not considered at all. The highly 

heterogeneous nature of the SAFE Project landscape inevitably means that there will be horizontal 

climate gradients. Thus heat and water vapour will be transported by wind and local microclimates 

will be influenced by their surroundings. Other local features, such as nearby rivers or streams, could 

also influence microclimate (Ashcroft and Gollan, 2012). Therefore, sites with the same LAI could 

experience different microclimates due to their local surroundings. These effects could be included 

in future versions of the microclimate model. 

4.4.2 Model sensitivity to vegetation structure 

 

Our results confirm that increasing both LAI and canopy height in the model results in cooler air with 

higher relative humidity near the surface. Interestingly, our results show that model predictions of 

microclimate are more sensitive to changes in canopy height than to changes in LAI. This sensitivity 

is driven by large differences in the amount of sensible heat that is mixed down to the ground in the 

cases of short and tall canopies with the same LAI. In the constant LAI experiment, as the LAI = 3.88 

for all canopy heights, most of the incident solar radiation is absorbed in the upper canopy. In short 

canopies, there is a steeper temperature gradient between the upper canopy and the ground than in 

tall canopies and, therefore, there is a greater downward sensible heat flux. While in the constant 

canopy height experiment there is a large difference in the amount of solar radiation reaching the 

surface between low LAI and high LAI canopies, this is compensated somewhat by the downward 

sensible heat flux. This is larger for high LAI canopies because there is a larger temperature gradient 

within the canopy as a result of the majority of incoming solar radiation being absorbed at the top of 

the canopy, heating the leaves and air there. The net result is that there is a greater differential in 

downward energy flux between short and tall canopies with the same LAI than there is between 
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sparse and dense canopies of the same height. This, in turn, explains the greater variation in below-

canopy microclimate in the constant LAI experiment. 

Our findings suggest that the difference in microclimate between old growth and logged forest may 

be primarily driven by the lowering of the radiation surface due to removal of big trees, rather than 

the reduction in leaf area. It would be interesting to test this result experimentally. This would 

require reliable measurements of canopy height, which may be possible using ground-based or 

airborne lidar.  

As can be seen in Fig 4.12, the model is not sensitive to changes in the vertical distribution of leaf 

area. This is an encouraging result, because it means the choice of LAD profile in the model is not 

very important, and the assumption of the same profile for all landscape types is reasonable.   

4.4.3 Future improvements and applications 

 

There are some areas of the model that could be improved. We have demonstrated the significant 

improvements that are possible with the inclusion of a simple treatment of soil moisture, so future 

work should focus on obtaining relevant data to allow a more robust soil moisture scheme to be 

incorporated into the model. Extending the model to two or three dimensions would allow 

advection to be included, which may have an important impact. In particular, this would be 

important when studying microclimate edge effects, which will play a crucial role in fragment 

microclimates in the future of the SAFE Project. The model could also be used to test more 

sophisticated treatments of vertical mixing than the simple K-scheme used here, to see if the added 

complexity improves microclimate predictions. 

By forcing the microclimate model with a regional climate model, such as WRF, it would be possible 

to make hindcasts of microclimate prior to the start of the SAFE Project. If these hindcasts were 

coupled to a dynamic ecosystem model, the impacts of logging upon the SAFE Project ecosystem 

could be predicted and then compared to recent observations. The microclimate model could also 
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be coupled to a regional climate model, meaning the latent and sensible heat fluxes calculated by 

the microclimate model are fed back into the atmosphere. This would allow feedbacks between local 

vegetation and local or regional climate to be investigated.   

4.5 Conclusion 

 

We have developed a microclimate model for use in heterogeneous tropical landscapes. Vegetation 

parameters vary as a function of one factor only, the LAI. The model performed well in predicting 

mean values of key microclimate variables of ecological significance, and has also demonstrated skill 

in producing realistic day-to-day variability and diurnal cycles. Therefore, we feel the model could be 

useful in a number of ecological applications, including assessing the microclimatic tolerances of 

tropical species, investigating feedbacks between microclimate and vegetation if coupled to a 

dynamic vegetation model and assessing the impacts of climate change upon tropical ecosystems.  
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5 Observations of tree transpiration adjacent 

to a newly created forest edge 
 

5.1 Introduction 

 

The changes in microclimate that occur when forest is selectively logged or converted to oil palm 

examined in Chapters 3 and 4 will, in turn, impact upon on the remaining forest in the region. As 

discussed in Chapter 1, patterns of deforestation in the tropics have resulted in a heavily fragmented 

landscape. The impacts of forest fragmentation are felt most intensely at the newly created forest 

edges, and it is edge effects that generate the majority of observed fragmentation impacts upon 

biodiversity (Laurance et al, 2011). As previously shown, after deforestation, more sunlight reaches 

the ground and the air near the surface is hotter and has lower relative humidity during the day. This 

hot, dry air can penetrate the fragment and these microclimate edge effects can reach tens of 

metres into the fragment interior (Kapos, 1989; Williams-Linera et al, 1998; Ewers and Banks-Leite, 

2013). Additionally, wind patterns are disrupted at forest edges, where there is an abrupt change in 

surface height and roughness, meaning trees are exposed to greater wind loading and are at risk of 

damage (Mitchell et al, 2001; Yang et al, 2006). 

These microclimate changes at newly created forest edges could affect tree transpiration rates. Drier 

air creates a greater concentration gradient for diffusion of water vapour out of the leaf; increased 

light availability leads to more photosynthesis and triggers stomatal opening, allowing more water 

vapour out of the leaf; and increased winds move transpired water vapour away from the leaf 

surface, maintaining a diffusion gradient across the stomata and increasing transpiration (Pallardy, 

2008; Taylor et al, 2001). If trees transpire water at a greater rate, soil water content will decrease, 

effectively creating drought conditions, which, in turn, could increase tree mortality rates (van 

Nieuwstadt and Sheil, 2005; Nepstad et al, 2007). This effect was hypothesised by Laurance et al 
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(2000) to be one possible cause of the elevated mortality rates they observed for trees located 

within 300 m of a forest edge. They observed a 100% increase in mortality rates, with an even 

greater increase of 180% suffered by large trees (diameter at breast height ≥ 60 cm).  

Past studies have found evidence for increased transpiration near forest edges using the sap flux 

technique to measure water use in individual trees (eg Taylor et al, 2001; Cienciala et al, 2002; 

Giambelluca et al, 2003; Herbst et al, 2007). However, previous research has always been carried out 

in pre-existing fragments, so the edge already had some time to adapt to its new environmental 

conditions. It is also difficult to quantify the size of the effect, because of the large variability in sap 

flow between individual trees, even of the same species, and the small sample sizes considered as a 

result of the difficulty of making such measurements. Here, we approach this question 

experimentally, creating a forest edge at the SAFE Project site, and monitoring sap flow rates in six 

trees before and immediately after edge creation. As we monitor the same individuals as both 

interior and edge trees, variability between individuals has less of an impact on our results. 

5.2 Methods 

 

Sap flow was monitored in six trees using the sap flux technique described in Section 2.4. The six 

study trees were all the same species, Shorea fallax (Dipterocarpaceae), within a genus of highly 

abundant canopy and emergent trees in Bornean rainforest. Trees ranged in size from 14.2 to 51.5 

cm in diameter at breast height (DBH). Sap flow was monitored over two time periods; the first ran 

for 128 days from 30 June 2013 to 04 November 2013 and the second ran for 173 days from 20 June 

2014 to 09 December 2014. Due to the practical difficulties of supplying power to the probes, 

reliable data was not obtained on every single day. Only days with reliable data are included in our 

analysis. Due to the limited lifetime of the thermal dissipation probes, a new set of probes were 

installed for the second monitoring period.  
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A southeast-facing forest edge was created immediately adjacent to our study trees during the week 

01 to 08 August 2014 by clear-felling of trees. Felling occurred according to the spatial design of the 

SAFE Project and is part of a planned and legal conversion of logged forest to oil palm plantation 

(Ewers et al, 2011). The study site is located near the south easterly extreme of the 100 hectare 

fragment in block E (see map, Fig 2.1). Data collected in 2014, but prior to edge creation, was used 

to calibrate sap flow readings from the new sensors to those of the sensors used in 2013. 

Thermal dissipation probes give a point measurement of the sap flux density. To calculate the whole 

tree sap flux, the total area of sapwood at the measurement height needs to be known. Sapwood 

depth varies amongst individuals of the same species; however, it is generally fairly well correlated 

to the diameter at breast height (DBH). We measured sapwood depth in 55 trees of the study genus, 

whose DBHs varied from 6.4 to 62.3 cm. Cores were removed from the trees at a height of 1.5 m 

above the ground and indigo carmine dye was injected into the tree trunks. After 30 minutes, a 

second core was taken a few centimetres above the site of dye injection. Areas of active sapwood 

should be stained as the sap flow will have carried dye upwards through the trunk. The depth of the 

staining of the core sample was measured. An empirical relationship between sapwood depth and 

DBH was derived from these measurements, and was used to calculate whole tree sap flow rates. 

Air temperature and relative humidity at the study site were monitored at heights of 20 m, 15 m, 10 

m, 5 m, 2 m, 1 m and 0.5 m above the ground, using the methodology described in Section 2.2. The 

vapour pressure deficit (VPD), which has previously been shown to be closely related to 

transpiration rates (Oren et al, 1999), was calculated from the temperature and relative humidity 

measurements, using the same method as described in Chapter 3. 

Using data collected prior to the creation of the forest edge, we modelled the relationship between 

daily sap flow (DSF) and the daily mean VPD at all heights above ground, and found the strongest 

relationships when VPD was recorded at 20m above ground (〈𝑉𝑃𝐷〉20) (Fig 5.2). Curves of the form 

𝐷𝑆𝐹 = 𝑎 ln(𝑏〈𝑉𝑃𝐷〉20) were fitted to these data for each tree using the 
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scipy.optimize.curve_fit function for Python, an implementation of the Levenberg-

Marquardt algorithm (Marquardt, 1963; Moré et al, 1980; Jones et al, 2001). As the values of b for 

each of the trees were found to be similar, the curves were re-fitted using the mean value of b 

across the six trees so that the relationship between DSF and 〈𝑉𝑃𝐷〉20 could be described by a single 

parameter, a. Curves of the same form were then fitted to the data from 2014, and thus by 

comparing the values of a from before and after edge creation, the proportional change in the sap 

flow of the trees could be estimated. One standard deviation errors on the parameter a were 

calculated by the scipy.optimize.curve_fit function and the significance of changes in a 

were assessed based on whether the error ranges on a before and after edge creation overlapped. 

We used linear regression to examine the relationship between the proportional change in sap flow 

and DBH and the relationship between the proportional change in sap flow and the distance to the 

forest edge (DTE), measured from the trunk. We used a multiple regression model to examine the 

combined effect of DBH and DTE on the proportional change in sap flow. These analyses were 

performed using the lme4 package for R (Bates and Bolker, 2011; R Development Core Team, 2011). 

Wind speed and direction data were obtained from the European Centre for Medium-Range 

Weather Forecasts (ECMWF) ERA-Interim reanalysis (Dee et al, 2011). Data is available every six 

hours at a resolution of 0.75 x 0.75° (approx. 83 x 83 km). We used linear regression to investigate 

the relationship between wind speed and direction at 14:00 (06:00 UTC) and the observed sap flow 

rate from 14:00 to 15:00. 

5.3 Results 

 

The largest increases in VPD as a result of edge creation occurred at 12:00 and 15:00 (Fig 5.1). The 

change in VPD was greatest close to the ground and close to the forest edge. At heights above 

ground of 0.5 m to 5 m, there was a clear increase in VPD within the first 20 m from the forest edge 

at both 12:00 and 15:00. The change in VPD was greatest at the forest edge, and decreased with 
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Figure 5.1: Mean vapour pressure deficit close to the ground (left panel) and in the mid and upper canopy (right 

panel) at different distances from the forest edge in 2013, prior to edge creation (solid lines) and in 2014, after 

edge creation (dashed lines). Data are presented for recordings made at 09:00 (top panel), 12:00 (middle panel) 

and 15:00 (bottom panel). Positive distances to edge are within the forest, negative distances to edge are 

within the clearing (2014 only). 
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Figure 5.2: Daily sap flow totals for each of the six trees monitored in 2013, before edge creation (blue crosses), 

and in 2014, after edge creation (red crosses). DBH is diameter at breast height, DTE is the distance to the edge 

and ΔDSF is the change in daily sap flow. Fitted curves are of the form 𝑫𝑺𝑭 = 𝒂 𝐥𝐧(𝒃〈𝑽𝑷𝑫〉𝟐𝟎), where b is 

constant across the six trees. ΔDSF is calculated as the percentage change in a from 2013 to 2014. 
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Figure 5.3: The percentage change in daily sap flow following experimental creation of a forest edge, modelled 

as  a function of (a) the distance to the forest edge (DTE), (b) the diameter at breast height of the trees (DBH) 

and (c) the parameter x = 1.04DBH – 0.0237DTE (bottom panel), obtained from the fitting of a multiple 

regression model to the data. Values represent the mean and standard error.  
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Figure 5.4: Mean diurnal cycle of sap flow for each of the six trees in 2013, prior to edge creation (blue lines), 

and in 2014, after edge creation (red lines). DBH is the diameter at breast height and DTE is the distance to the 

edge. Semi-transparent polygons show the standard error.  
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Figure 5.5: Correlation between wind speed at 14:00, taken from ERA-Interim reanalysis, and sap flow between 

14:00 and 15:00 in all six trees in 2013 (blue crosses) and 2014 (red crosses). Solid lines indicate significant 

trends and dashed lines indicate non-significant trends. 
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distance into the forest. At a height of 10 m above the ground, VPD increased at 12:00, and slightly 

at 15:00, but there was not a clear relationship between the change in VPD and the distance from 

the edge. At heights of 15 m and 20 m and there was no clear change in VPD during the day as a 

result of edge creation.   

The proportional change in sap flow was found to be positive and significant for all six trees (changes 

in a ± one standard deviation error > 1). There was a non-significant negative relationship between 

the change in sap flow and the distance to the forest edge (F1,4 = 2.39, p = 0.20, R2 = 0.37) (Fig 5.3). 

There was also a non-significant positive relationship between the change in sap flow and DBH (F1,4 = 

3.00, p = 0.16, R2 = 0.43). However, a multiple regression model that tested for the combined 

influence of distance to edge and DBH on the change in sap flow was significant (F1,4 = 12.9, p = 0.02, 

R2 = 0.76). 

Prior to edge creation, the mean diurnal cycle of sap flow was similar in all six trees (Fig 5.4). Sap 

flow was very low during the night, rising sharply after around 07:00, with a peak occurring between 

13:00 and 14:00. After edge creation, the mean peak in sap flow occurred at 12:00 or 12:30 for the 

four smallest trees, while the two largest trees had their highest sap flow rate at 13:30. The four 

smallest trees all had higher sap flow rates in the morning in 2014 compared to 2013. This effect was 

most pronounced in the smallest tree, which was the tree located only 1.8 m from the newly created 

edge. By contrast, in the largest two trees, sap flow rates were increased in both the morning and 

the afternoon after edge creation. 

There were no significant relationships between wind speed and sap flow in 2013 (Fig 5.5). In 2014, 

there was a positive significant relationship between wind speed and sap flow in the tree with DBH = 

35.5 cm situated 2.8 m from the forest edge (F1,40 = 5.68, p = 0.022, R2 = 0.12). In all other trees, 

there were not significant relationships between wind speed and sap flow. There was not a 

dominant prevailing wind direction. Wind most commonly blew in a south-eastward direction (37% 

of days), from the forest into the clearing, with north-westward winds, from the clearing into the 
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forest, occurring on 29% of days. In both 2013 and 2014, we found no significant relationship 

between wind direction and sap flow (not shown). There was also no significant relationship 

between wind speed and the VPD at 20 m above the ground (not shown). 

5.4 Discussion 

 

Sap flow rates increased in all six studied trees following the experimental creation of a forest edge. 

Larger trees and those that were located closer to the edge tended to experience the greatest 

changes in daily sap flow. We suggest, however, that there are subtle differences in the underlying 

processes that determine the patterns of relative increases in sap flow rates, with the processes 

generating a tree-size effect differing from those generating the edge effect. 

Transpiration rates are a function of four parameters (Pallardy, 2008):  

 𝑇 =
𝑞𝑙𝑒𝑎𝑓 − 𝑞𝑎𝑖𝑟

𝑟𝑙𝑒𝑎𝑓 + 𝑟𝑎𝑖𝑟
 

 

(5.1) 

where 𝑞𝑙𝑒𝑎𝑓 is the concentration of water vapour within the leaf, 𝑞𝑎𝑖𝑟 is the concentration of water 

vapour in the air at the surface of the leaf, 𝑟𝑙𝑒𝑎𝑓 is the resistance to diffusion of water vapour of the 

leaf, controlled mainly by the extent to which the stomata are open or closed and 𝑟𝑎𝑖𝑟 is the 

boundary layer resistance to diffusion of water vapour of the air outside the leaf. 

After edge creation, water use increased during the morning but not during the afternoon in the 

four smallest trees. As the forest edge was southeast-facing, there was more sunlight available to 

trees at the edge during the morning than there was prior to edge creation. This increased light 

availability is likely to trigger stomatal opening for photosynthesis, which leads to a reduction in 

𝑟𝑙𝑒𝑎𝑓 and, therefore, increased transpiration. By contrast, in the afternoon there should be no 

change in light conditions as the vegetation to the west of the edge had not been modified. The 

largest change in light conditions will have occurred for trees located right at the forest edge, and 

indeed the greatest increase in morning water use was observed in the two trees located less than 3 
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m from the edge. This effect would be expected to drop off rapidly with distance from the forest 

edge, and so it is not surprising that the trees located further away from the edge had smaller 

increases in daily sap flow. 

Larger trees that have leaves in the upper canopy or in emergent crowns probably did not 

experience a significant change in their light environment after edge creation. However, increased 

crown exposure to wind at the forest edge could be responsible for the observed increases in water 

use. The leaf boundary layer rapidly becomes saturated as a result of transpiration, providing 

resistance (𝑟𝑎𝑖𝑟) to further diffusion of water vapour out of the leaf. Movement of air around the leaf 

allows the leaf boundary layer to be refreshed more frequently and thus reduces the leaf boundary 

layer resistance and increases transpiration (Pallardy, 2008). Increased wind exposure is not 

associated with a particular time of day, and, in line with this expectation, the two largest trees that 

both had crowns exposed to the wind above the canopy, both showed increases in sap flow in the 

morning and in the afternoon, in contrast to the smaller trees which did not show increased sap flow 

rates during the afternoon. This is supported by the positive relationship between wind speed at 

14:00, taken from the ERA Interim reanalysis, and sap flow at that time in the second largest of our 

study trees in 2014 (Fig 5.5e), while there was no correlation prior to edge creation. There was also a 

positive relationship between wind speed and sap flow in the largest study tree after edge creation, 

however, this was not statistically significant. We should be cautious in interpreting the comparisons 

with ERA Interim data, as it has a coarse spatial resolution (0.75° x 0.75°) and as such may not 

accurately reflect local wind conditions at our study site. However, our analysis does seem to 

suggest that increased wind exposure could explain the observed increased sap flow rates in large 

trees after edge creation. 

There was no correlation between wind direction and sap flow rates. We might expect to observe 

higher sap flow rates on days when the wind was blowing from the clearing and into the forest, as 

airflow will be more disrupted downwind of the abrupt change in land cover (Yang et al, 2006). 
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However, it could be that in this case, as all of our trees were situated so close to the edge, that 

there was still a significant increase in wind and turbulence upwind of the edge when wind is 

blowing from the forest into the clearing (Detto et al, 2008). Alternatively, it may be that the coarse 

resolution of the ERA-Interim data means it does not properly reflect the local wind conditions at 

our study site. 

While there were significant changes in VPD at the forest edge as a result of the logging, they were 

most prominent close to the ground and there was very little change in microclimate at heights 

above 10 m. The majority of the leaves of all the trees in this study were located above 10 m, and 

thus were unlikely to experience modified VPD conditions after edge creation. Additionally, for the 

smallest trees in this study we found that sap flow rates increased only during the morning, while 

the changes in VPD were most significant at noon and in the afternoon. Therefore, we found very 

little evidence that it is changes in VPD at the forest edge that drive increased water use in trees. 

However, we note that in this study, only a relatively small forest clearing was created. It may be 

that in landscapes with large areas of cleared or agricultural land there are changes to air conditions 

at greater heights above the surface. 

Our results suggest that the water usage of low and mid canopy trees is only likely to be significantly 

affected by the creation of forest edges for trees located very close to the edge, as their response 

seems to be dominated by changes in light conditions. However, large trees with upper canopy or 

emergent crowns could be affected at much greater distances from the edge, as increases in wind 

speed and turbulence in the upper canopy can occur up to 300 m from the forest edge (Reville et al, 

1990; Laurance, 1997). 

Large trees use considerably more water than small trees (Fig 5.2), with sap flow rates scaling with 

the square of DBH. This means the overall water budget of a particular section of forest will be 

significantly affected if the water use of large trees increases dramatically. Unless this increased 

water use is replaced by increased rainfall, soil water content will decrease over time, producing 
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conditions analogous to drought. These drought conditions could, in turn, lead to increased 

mortality for all trees near the edge, but, in particular, could increase the mortality rate of large 

trees. This hypothesis is in line with empirical observations that have shown that large trees suffer 

most when water availability is reduced (Nepstad et al 2007; McIntyre et al, 2015). This, in turn, 

could help to explain the findings of Laurance et al (2000), who reported a much greater increase in 

mortality rates for large trees located near a forest edge than for smaller trees.   
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6 Conclusions 
 

6.1 Summary of key findings 

 

We have quantified the effects of changing vegetation structure on microclimate in a heterogeneous 

landscape of tropical forest and oil palm plantations through an extensive campaign of field 

observations. We found that oil palm plantations are up to 6.5 °C warmer on average than primary 

forest and that logged forest is up to 2.5 °C warmer on average than primary forest. We have shown 

that there are strong relationships between LAI and the mean daily maximum air temperature, mean 

daily minimum relative humidity, mean daily maximum specific humidity and mean daily maximum 

and minimum soil temperature. There are also significant relationships between the LAI and the 

daily standard deviations of these variables. This is potentially very useful for predicting 

microclimate in the tropics, as LAI is a commonly measured parameter that is already widely used in 

climate and land surface models. 

We have demonstrated the ability of a physical model to partially reproduce the observed 

relationships between LAI and microclimate. The direction of trends linking LAI and mean diurnal 

values of climate variables, as well as between LAI and the day to day variability of the diurnal 

variables were all accurately predicted by the model. Results of the model suggest that changes in 

canopy height associated with land use change may be a more important driver of microclimate 

change than changes in LAI.  

We found that water use of trees adjacent to a forest edge increased by up to 60% compared to 

when those trees were located in continuous forest. Larger trees and trees located closer to the 

edge experienced the biggest increases in water use. Increased transpiration in large trees may be 

due to increased wind exposure. Increased transpiration in small and medium-sized trees near the 

edge was probably driven by increased light availability triggering photosynthesis and stomatal 

opening. We found little evidence of significant changes in VPD in the upper canopy that could 
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account for increased transpiration. It is likely that increased water use in trees near the edge places 

them under stress and over time this could drive increased mortality, particularly in larger trees. 

6.2 Wider importance of our findings 

 

Conservation of tropical biodiversity in the face of land use change and anthropogenic climate 

change is a major challenge. One effect of these threats will be a modification of the microclimate 

that species experience. The significant differences in microclimate in primary and logged forest that 

we measured provide further evidence that preserving the remaining areas of primary tropical forest 

is vitally important for biodiversity conservation. Species that are adapted to the cool and moist 

microclimates beneath primary forest canopies could be placed under physiological stress or out-

competed in the warmer and drier conditions found in logged forest (Bestelmeyer, 2000; Hoffman et 

al, 2003). At the SAFE Project, our observed shifts in microclimate as a result of selective logging 

have likely led to changes in invertebrate species communities, which in turn have significantly 

reduced the role that invertebrates play in key ecosystem processes (Ewers et al, 2015). Land use 

change, which creates patchy and fragmented landscapes, will lead to greater spatial variations in 

microclimate. Climate change will produce warmer conditions in general, exposing species to novel 

microclimates that do not exist in the present day (Mora et al, 2013). Protecting species from the 

negative impacts of these changes requires much greater knowledge of what certain species can 

cope with and requires accurate predictions of future conditions. 

Producing high resolution, accurate maps of current day microclimate and comparing these to 

species distribution maps allows good estimates of species’ climatic niches to be made (Elith and 

Leathwick, 2009). These analyses should include temporal variations in microclimate as well as 

spatial to give a true representation of the range of conditions that a given species can tolerate 

(Devictor et al, 2010; Barnagaud et al, 2012). Here we have presented a large new dataset that 

quantifies the variation in microclimate that occurs in a region of Borneo. The strong empirical 

relationships found between microclimate and LAI provide a route for producing a high resolution 
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climate map for Sabah, the whole of Borneo or even wider regions of the tropics. This is possible 

because we have found that only one parameter, LAI, is necessary to explain most of the observed 

variation in microclimate. Although vegetation structure has long been known to influence 

microclimate, here we have produced the first attempt to quantify this relationship in the tropics. 

Another way of producing high resolution microclimate maps is to use a process based model. This 

could be useful in present day climates, as it could be combined with a regional climate model that 

can account for topographical influences on microclimate, and thus produce different results to a 

simple empirical extrapolation based on LAI. Once a species’ climatic niche has been defined, 

predicting its vulnerability to environmental change requires accurate projections of future 

microclimate. As climate change is likely to create conditions outside the current range of 

observations, a model that accounts in some way for the physical mechanisms that govern 

microclimate is the only rigorous method by which predictions can be made (Schneider, 1992). Here, 

we have demonstrated that a model with a fairly simple representation of the main processes that 

occur in a vegetation canopy is relatively successful in reproducing microclimate observations across 

a range of land use types. Our model suggests accurate microclimate projections on a species 

relevant scale are possible. 

One important negative impact of forest fragmentation is the death of trees near newly-created 

edges and, in particular, the disproportionately large increase in the mortality rate of large trees 

(Laurance et al, 2000). Our work has provided evidence that trees near forest edges transpire at a 

faster rate, thus placing them under water stress. While this mechanism was previously suspected to 

play a role in the increased mortality rates, we have provided the first direct evidence of changes in 

water use of trees immediately following edge creation. Observational evidence for this effect is very 

important, as it provides a clear direction for research into the protection of trees near forest edges. 

For example, our work suggests that placing artificial wind breaks near forest edges or supplying 

extra water to trees close to an edge could reduce the damaging impacts of edge creation. 
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Our results contribute to the scientific community’s knowledge of anthropogenic influences on 

tropical forests. These, combined with the results of many other research initiatives, will hopefully 

allow informed policy decisions to be taken that protect biodiversity and promote sustainable use of 

resources. Tropical forests are currently under enormous pressure, but the extent of the damage 

that is done to ecosystems, and the time it will take for them to recover, can still be controlled to 

some extent with good management (Malhi et al, 2014). Therefore, research into human-modified 

tropical forest landscapes is vital for the future wellbeing of our planet. 

6.3 Future work 

 

Our observed relationships between LAI and microclimate variables may only apply in our study 

region. It would be interesting to repeat our study in other locations within the tropics, or indeed in 

temperate regions to see if similar patterns are found. This could be worthwhile, as these simple 

relationships have the potential to be very useful in microclimate modelling. It would also be 

interesting to test the results of our model experiment looking at the relative influence of LAI and 

canopy height. Using carefully selected field sites, it should be possible to separate out the influence 

of LAI and canopy height using microclimate observations. The microclimate monitoring network 

that has been established at the SAFE Project will also allow the most detailed study to date of how 

forest fragmentation affects microclimate. It would also be very interesting to look for correlations 

between our microclimate data and species distribution data that is being collected at the SAFE 

Project, which could hint at how different species respond to shifts in microclimate. 

Future development of the microclimate model should first focus on an improved treatment of soil 

moisture, ideally backed up with field data. We have demonstrated that limiting evaporation rates 

from the soil under low LAI canopies produces more realistic predictions, so evidence to support this 

should be a priority. Extending the model to two or three dimensions could also be worthwhile. This 

would allow the influence of neighbouring habitats to be simulated and would be particularly useful 

for modelling edge effects. If the model were capable of predicting edge effects, we could 
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investigate our hypotheses on the cause of increased transpiration rates near forest edges. It would 

also be interesting to force the microclimate model with output from a regional climate model and 

investigate the role of topography on microclimate at the SAFE Project. Similarly, by forcing the 

model with output from a climate change scenario we could make predictions of microclimate over 

the coming decades for the fragmented landscape of Borneo. The model could also be coupled to a 

dynamic vegetation model to allow feedbacks between microclimate and vegetation to be studied. 

While we have provided evidence that trees adjacent to forest edges are placed under increased 

water stress, there is more work that could be done in this area. We suspect that increased wind 

exposure is responsible for the sharp increase in transpiration in large trees that we observed, but 

we need to test this hypothesis in the field. This could be achieved by measuring wind speeds above 

and within the canopy near a forest edge. It would also be useful to know how far from the edge 

disruption to the wind profile can be detected, and how much this depends on the direction of the 

prevailing wind relative to the forest edge. Increased transpiration should deplete soil water content 

over time and create local drought-like conditions. Long term soil moisture measurements at various 

depths near a newly-created forest edge would test this, and provide data on how quickly a 

significant depletion in water content occurs. The SAFE Project would be an ideal site for these 

experiments, as many new forest edges will be created over the next 2-3 years. 
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