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ABSTRACT 

 

The rising atmospheric carbon dioxide (CO2) concentration along with the ongoing 

climate change is predicted to substantially influence terrestrial ecosystems from local 

to global scales. Forest ecosystems not only provide multiple ecological services to 

human, but also play a critical role in regulating climate conditions and mitigating 

regional pollutions. Site-specific variations call for more local forest dynamic studies 

to be undertaken in response to both global climate change and local environmental 

changes.  For instance, the rapid city expansion of Beijing, the capital city of China, 

and severe air pollutions have yielded great stress on forest development. Although 

afforestation efforts have been implemented since early 1960s and forest covers have 

significantly increased, very limited information is available about the functions and 

services of the forest ecosystems surrounding Beijing, and their responses to the 

regional climatic and environmental changes.  

  Thus, the overarching goal of this thesis was to quantify the responses of forest 

ecosystems surrounding Beijing, within the Miyun Reservoir Basin (MRB) in 

response to the rising CO2, atmospheric warming, increased pollution and other 

climatic and environmental changes. Specifically, three questions are important if the 

objective of the study needs to be addressed appropriately: 

Question 1: Are forest ecosystems within the study area well established?  

Question 2: Will different tree species respond differently to climatic and 

environmental changes?  

Question 3: Will local pollutions influence forest development and tree growth in 

response to the rising CO2 and changing climate?  
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In pursuing the answers to the above questions, three interlinked research 

components are proposed. Both remote sensing based biomass estimation and tree 

ring sampling experiments were used. Major research findings are listed below: 

The aboveground biomass (AGB) estimations were based on remote sensing 

technology and the results showed that the AGB density in MRB experienced overall 

increase since 1990. In 2010, total AGB was estimated to be 4.5 × 107 t, which 

increased by 8% when compared with the level in 1990. While the absolute AGB 

density values were in the similar range of AGB density reported in the Northern 

China studies, its spatiotemporal variations indicated that regions with less external 

interventions presented more consistent biomass accumulations. Ecological programs 

including Three-North Shelter Forest Project and Returning Farming to Forest 

promoted the forest expansion and development during this period, while local 

farming activities exerted certain negative effects on the surrounding forest 

ecosystems. 

The study of examining responses of different tree species at two selected sites 

(northern and southern sites) found that: the three studied tree species would respond 

to climate and environmental change differently, but the site-related variation was 

dominant. At the northern site, basal area increment (BAI) for Pinus tabuliformis and 

Larix gmelinii showed similar increasing trend, while rising atmospheric CO2 

concentration (ca) was found to be the primary controlling factor which accounted for 

92% and 74% of the BAI variations for each of the tree species. The N deposition was 

found to have positive effect on tree growth at this site. At the southern site, ca could 

explain 52% and 44% of the BAI variations for Pinus tabuliformis and Pinus 

massoniana, respectively, while the negative influences from the pollution intensified. 

All tree species at both sites showed consistently increased intrinsic water use 

efficiency (iWUE), but quadratic correlations between iWUE and BAI were observed, 

indicating that the rising ca initially stimulated photosynthetic procedures and 
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contributed to the initial BAI and iWUE increase, but the intensified water stress 

resulted from reduced precipitation and increased temperature, leading to the 

reduction in tree leaf stomatal conductance and thus subsequently increase in iWUE 

which decreased the BAI. It is noteworthy that the phenomenon also suggested the 

reduced ability of local forests in capturing forest C and delivering into the forest C 

pools. 

The study of testing the impacts of air pollution through the pollutant gradient 

analysis found that: Pinus tabuliformis at the five studied sites presented overall 

increase in iWUE, but its relationship with BAI differed among the sites, either with 

different level of significances of the relationship, or adverse correlations were 

acquired. At the sites 1 and 5 (S1 and S5) which were considered as remote areas free 

of heavy air pollution, ca was found to stimulate tree growth, even though the recently 

increasing water deficit had caused the reduction in tree stomatal conductance which 

would lead to the reduced BAI. While at the pollution-affected sites 2, 3 and 4 (S2, S3 

and S4), the combined effects of ca and pollutants over BAI change were observed. 

Multiple regression models revealed that the effect of ca on tree growth was much 

higher in the remote areas (> 90% of the contributions), while in the 

pollution-affected areas, including dust, nitrogen (N) and sulfur (S) depositions into 

the models apparently increased the performance of the models, indicating 

contributions from the listed pollutants. Overall, air pollution caused further stomatal 

closure as evidenced with less negative δ13C levels (about 0.5‰ to 1‰ higher) at the 

sites closer to the pollution source during heavy pollution periods (e.g. prior to 1996). 

Pollution was also considered as the reason for the poor growth observed at the 

juvenile stage of the trees at S5. The fast growth at this site for recent periods 

indicated a possible adaptation mechanism for Pinus tabuliformis to the sever air 

pollution. 
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  It was concluded that forest ecosystems in the Miyun Reservoir Basin (MRB) 

experienced consistent development, either from the perspective of spatial distribution 

or its quality (AGB). Trees, as indicated with the selected tree species, presented site- 

and species-related responses to the rising atmospheric CO2, climatic and 

environmental changes, while the site-related responses dominated the overall 

variations. The gradient analysis indicated that Pinus tabuliformis showed the 

responses to the changing climate and environmental conditions. In the regions 

subjected to frequent exposures to heavy pollutants, Pinus tabuliformis growth was 

suppressed due to the stomatal limitations caused by the combined effects of pollution 

and water deficit. Meanwhile, different BAI trajectories along the gradient also 

suggested that Pinus tabuliformis had the ability to adapt to the harsh environment in 

the studied area.  
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CHAPTER 1. INTRODUCTION 

 

1.1. General Background 

1.1.1. Climate Change and Rising Atmospheric CO2 Concentration 

Earth’s climate has substantially changed since the Industrial Revolution commenced 

in the 1760s. The two most obvious changes are the elevating global temperature and 

the rising atmospheric CO2 concentration (ca). According to the fifth 

Intergovernmental Panel on Climate Change (IPCC) report, the globally averaged 

surface temperature shows a warming of 0.85 oC over the period of 1880 to 2012 and 

has caused significant decrease in snow cover and sea ice extent and rise in global 

average sea levels (IPCC, 2013). The enhanced warming effect of atmospheric CO2 

has been widely accepted as the major contributor to global warming (Lashof and 

Ahuja, 1990, Cox et al., 2000). The concentration of CO2 in atmosphere reached 391 

ppm in 2011 and exceeded the pre-industrial levels by about 40% (IPCC, 2013). 

Overall, there is no doubt that climate change is the most important environmental 

issue in the 21st century, while rising ca is one of the primary challenges that all 

countries are confronted. Understanding their impacts on the earth’s biophysical 

system, forests in specific, will provide significant implications for resource 

management practices. Since such change has not been evenly distributed globally, 

the specific responses of regional forest ecosystems and their role in mitigating the 

changes need to be studied. 

1.1.2. Increasing Air Pollution 

The term of “air pollution” generally stands for harmful substances (including 

particulates and biological molecules) in the earth’s atmosphere. In this study, the 

type of pollutants is narrowed down to sulphur dioxide (SO2), nitrogen oxides (NOx) 

and particulate matters which might have direct impacts on forest development. With 

the population explosion and fast economic growth, the emissions of air pollutants 

have also grown rapidly, especially in the fast growing counties and cities like Beijing 

of China, over past several decades (Luo et al., 2014). For instance, studies have 

inferred that global atmospheric nitrogen (N) emissions had increased from about 23 
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Tg N a-1 in 1860 to 93 Tg N a-1 in early 1990s, and it is likely to increase to 189 by 

2050 (Vet et al., 2014). Instead of analysing the sources of pollutants and their 

absolute levels, this study compares the trajectories of varied pollutant emissions and 

tree growth to examine the impacts of air pollution on forest development through 

referring to pollutant variations embedded in published articles. 

1.1.3. Forest Development Against Changing Environment 

Forests remove CO2 from the atmosphere through photosynthesis, which is widely 

recognized as an import process to balance the atmospheric CO2 (Keenan et al., 2013). 

Rising concentrations of CO2 in the atmosphere are likely to stimulate plant growth, 

which will ultimately lead to increased plant biomass and solid carbon (C) stock in 

soils (van Groenigen et al., 2014). Meanwhile, tree growth shows varied responses to 

different air pollutants. With certain level of atmospheric N deposition, it will add 

plant N and thus support C and biomass accumulation (Quinn Thomas et al., 2010). 

However, accumulated N compounds might be toxic to individual plants depending 

on the level of deposition and plant species (Bobbink et al., 2010). As for sulphur 

compound particulate matters, it might cause closure of leaf stomatal conductance, 

which is an important channel for plants carrying out photosynthesis and respirations.  

1.2. Problem Statement and Knowledge Gap 

As previously mentioned, the level of climate change is not evenly distributed, and the 

same would be true for its impacts on forest ecosystems in different climate regions. 

Many studies carried out in other regions of the world have demonstrated the 

complicated effect of climate change on plant growth. One important aspect is that 

elevated atmospheric CO2 concentration would favour the plant growth under most 

occasions, but this effect might decline as the CO2 fertilization effect would become 

saturated (Cao and Woodward, 1998b). Furthermore, some studies about the impacts 

of pollutants (such as N deposition) on forest development have yield varied or even 

contradictory results (Sun et al., 2010, Leonardi et al., 2012). When it comes to the 

forest ecosystem around Beijing, few studies about the impacts of climatic and 

environmental changes on the young but highly manipulated forest are available. Yet 

the severe pollution, together with decreasing precipitation and increasing temperature 

in this metropolitan area over the past several decades created a tough environment 



 

3 

 

for local forest development, and the mechanisms about plant responses and 

adaptation to the changes are not well understood. 

1.3. Research Objectives 

Ever since the early 1960s, local governments have put great efforts to enhance forest 

covers surrounding the Beijing City. Aerial seeding was one of the primary methods 

applied for the large-scale afforestation. Although overall forest coverage has 

significantly increased over the past half century, debating voices are rising recently, 

concerning that the relatively simple composition of forests determined by the 

afforestation methods might not prove as resilient to climate and external 

environmental changes as they need to be, nor will they provide equal services as 

natural forests. Little such information is available, while it is critical for determining 

any alternative management efforts if the discussed negative effects exist. 

  Thus, the ultimate objective of this study was to quantify the impacts of regional 

climatic and environmental changes on the forest development, and examine the 

adaption mechanisms of the forests.  

  The overall hypothesis of this study was: 

  Forest ecosystems within the study area are well established even under tough 

climate change and severe pollutions. Tree species show different responses but 

overall similar temporal changes are expected. 

  Three research questions and the corresponding specific objectives are summarized 

as below: 

(1) Are the forests within the study area well established? The answers to this 

question would be expected to unravel the spatial and temporal distribution 

characteristics of the forest ecosystems.  

(2) Will different tree species show different mechanisms in response to climatic and 

environmental changes?  This question was aimed to understand the responses of 

some major tree species in the study area to the external changes. 

(3) Will local pollutants influence forest development? This research was aimed to 

quantify the contribution of pollution in Beijing to forest development along a 

pollution gradient. 
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1.4. Research Approach 

In pursuing the above listed objectives, both large scale remote sensing estimation 

method and stand scale tree ring based experiments were employed. First, multiple 

remote sensing images were introduced to quantify forest above ground biomass 

(AGB) levels, in combination with plot collected data; second, tree ring samples of 

several major coniferous tree species were collected and measured for their physical 

and chemical characteristics. Inter species differences in response to external changes 

were compared; and finally, inter plot differences of the same tree species would 

respond to climatic and environmental changes along a transection of significant 

pollution gradients. 

1.5. Chapter Organization 

This thesis investigated the application of multi-disciplinary approach for unravelling 

forest response and adaptation to climatic and environmental changes within the study 

area. In Chapter 2, a cross disciplinary review of the relevant literature, focusing on 

forest biomass studies including methods, controlling factors and knowledge gap 

which is framing this study, is presented. In Chapter 3, relevant details about the study 

area are presented. In Chapter 4, the overall methods and the general data 

pre-processing procedures used to prepare the datasets are summarized. Chapter 5 

provides details of remote sensing based large scale biomass estimations. Methods for 

multiscale and multi-temporal calculations are also provided in Chapter 5. Results are 

reported on the spatial distribution of biomass as well as its temporal variations. In 

Chapter 6, growth trajectories of different tree species are compared and the impacts 

of external changes are discussed. Chapter 7 focuses on the contribution of pollutants 

to tree growth through a gradient analysis. In Chapter 8, a general discussion is 

presented. Finally, in Chapter 9, some insights based on the previous results are 

summarized, and the limitations and implications for further studies are highlighted. 
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CHAPTER 2. SPATIOTEMPORAL DYNAMICS OF 

FOREST ABOVEGROUND BIOMASSS IN RESPONSE 

TO CLIMATE AND ENVIORNMENTAL CHANGES 

 

Abstract 

Purpose Climate change, especially global warming due to rising atmospheric CO2 

concentration (ca), has attracted much attention in the past century. Increasing efforts 

have been made to find solutions to mitigate the CO2 emission and sequester the 

existing CO2 in the atmosphere into land-based ecosystems. Forest ecosystems are the 

best effective way to fix the atmospheric CO2 by photosynthesis and allocate to tree 

biomass and into soils. Meanwhile, trees or forests will also respond to gradually 

increasing ca and environment changes. It is important to quantify the dynamic 

interaction between the changing environment and activities of biomass accumulation 

by forests with a proper method and also assess forest development in response to 

climate and environmental changes. This chapter provides a comprehensive review of 

the current status of studies on forest aboveground biomass, including methods, 

controlling factors and knowledge gap which is framing this study. 

Results and discussion Estimation of forest aboveground biomass (AGB) still 

experiences much uncertainty, even for the same forest ecosystem such as in tropic, 

due to the different methods used. Most of the work has been based on inventory data 

and allometric equations to estimate biomass and then calculate carbon (C) stock by 

multiplying a C content coefficient. Great uncertainties exist because of the 

representativeness of the allometric equations, the differences in C content for 

different tree species and spatial heterogeneous nature of biomass distribution in the 

forest ecosystems. The development of remote sensing has stimulated applications of 

the technology in estimating forest AGB at a larger scale. Remote sensing can reduce 

the uncertainty of spatial variations caused by extrapolation with the 

inventory methods, but it has the limitation of lacking the ability to express the 

processes involved in biomass accumulation and their responses to the changing 
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environment. Tree growth and climate change information embedded in tree rings can 

be a good supplement to interpret the results acquired by the remote sensing 

technique. 

Conclusions and perspectives The application of remote sensing techniques offers a 

practical method for biomass estimates in forest ecosystems in the context of spatial 

variations. However, the long-term responses of forest biomass accumulation to the 

gradually changing environment and climate are still not well understood. Integrated 

study of combining remote sensing and ecological research techniques in forest 

ecosystems is necessary for future study to explore the mechanisms of interaction 

between forest development and the gradual changing environment and also to assess 

the CO2 sequestration status and potential of forest ecosystems under climate change. 

2.1. Introduction 

In the recent past, ca has increased from about 280 ppm, during the pre-industrial 

period, to approximately 390 ppm now, which has attracted great attention worldwide. 

Studies have proved the potential of the elevated ca to influence the global climate 

pattern, as about 60% of the observed global warming is attributable to such ca 

variations (Brown, 1993, Grace, 2004, Xu et al., 2009). This rise in ca is mainly 

caused by human activities like industrialization, deforestation, forest degradation and 

combustion of fossil fuels, which have stimulated the emission of stored C and 

disrupted the natural global C cycle (van der Werf et al., 2009, Davis et al., 2010). 

Among the involved processes of global C cycle, forest ecosystems play an important 

role and exert strong control on the evolution of atmospheric CO2, since C is 

exchanged naturally between forests and the atmosphere through photosynthesis, 

respiration, decomposition and combustion. (Xu and Chen, 2006, Xu et al., 2008, Xu 

et al., 2009, García et al., 2010, Reverchon et al., 2012).  

  The Intergovernmental Panel on Climate Change (IPCC) identified five different C 

pools of terrestrial ecosystems, i.e. AGB, belowground biomass, litter, woody debris 

and soil organic matter (Egglestion et al., 2006). The atmospheric CO2 fixed by trees 

during photosynthesis is delivered to the different pools (Dawes et al., 2010, 

Egglestion et al., 2006). Among these pools, the forest AGB constitutes a major 

portion of the C pool and stored over 80% of the global terrestrial aboveground C 
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(Sedjo, 1993, Shao et al., 2009, García et al., 2010). Annually, about 2.4 ± 0.4 Pg C is 

assimilated by the global forest ecosystem and this cumulative C sink offsets about 

60% of cumulative C emissions from global fossil consumption (Pan et al., 2011a). 

AGB is also directly affected by forest management and change in forest biomass due 

to management and regrowth will in turn greatly influence the transfer of C between 

forest ecosystems and the atmosphere (Gibbs et al., 2007, Houghton, 2005). Therefore, 

estimating the amount of C stored in forest biomass is crucial for monitoring and 

estimating the C sequestered or emitted during the anthropogenic procedures and 

understanding the ability and potential to store C in forest ecosystems. 

  Efforts to quantify the C stock in forest ecosystems in different climate regions 

have encountered much uncertainty. The current C stock in the world’s forest is 

estimated to be 861 ± 66 Pg C, with 55% stored in tropical forests, 32% in boreal and 

14% in temporal forests (Pan et al., 2011a). The tropics have the world’s largest forest 

areas but also experience the greatest uncertainty, due to the lack of inventory data in 

high dense forests and remote unreachable regions (Pan et al., 2011a, Baker et al., 

2004, Chave et al., 2005, Avitabile et al., 2011). Avitabile et al. (2011) made a direct 

comparison between available C stock maps in Uganda and revealed the strong 

disagreement between the products, with estimates of total aboveground biomass of 

Uganda ranging from 343 to 2201 Tg C and also with different spatial distribution 

patterns. Because of these uncertainties and the possible change in magnitude over 

time, a robust estimation method is critically important to accurately assess the C 

stock in forests and then support future climate mitigation actions. 

  In the studies of forest AGB, the method for estimating AGB and the abiotic and 

biotic controls over biomass variations are always discussed (Asner et al., 2012b, 

Fang et al., 2001, Asner et al., 2012a). Early studies involved massive field 

destructive surveys and measured the wet and dry weight of different components of 

trees (Nelson et al., 1999, Hashimotio et al., 2000, Supriya Devi and Yadava, 2009). 

Although yielding accurate results for a particular area, this resource consuming and 

destructive method is difficult to apply for large areas. A widely-accepted method for 

biomass and C estimates is using allometric equations, which are developed by 

establishing a relationship between the biomass and various physical parameters of 

trees e.g. diameter at breast height (DBH), height, and wood density (Basuki et al., 

2009, Schöngart et al., 2011). Recently, emerging remote sensing techniques have 
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been successfully introduced to mapping large scale forest biomass distributions, 

combined with small scale field sampling for model calibration and validation 

purposes (Huang et al., 2009b, Cortés et al., 2014, Pflugmacher et al., 2013). The 

newly developed light detection and ranging (LiDAR) systems have proven its ability 

to monitor the structure of tree canopy and forest structures, the parameters which are 

important for biomass (Lefsky et al., 2002a, Lefsky et al., 2002b, Lefsky et al., 2005). 

Systematic methods using LiDAR to map aboveground C density in the world’s 

forests, especially for tropical dense forest have been developed and applied for 

several tropical regions (Asner, 2009b, Asner et al., 2012b, Asner et al., 2012c, Asner 

et al., 2010, Baccini et al., 2012).  

  Another aspect is the environmental and biotic control over forest biomass 

accumulation. Deforestation and forest degradation are expected to have the most 

important impact on forest AGB accumulations (Fang et al., 2001, Xu and Chen, 2006, 

Xu et al., 2009, Asner et al., 2012b, Asner et al., 2010), and studies have point out that 

a proper way of forest management can increase the sequestration of atmospheric C 

and store them in woods (Hirata et al., 2014). Meanwhile, in the forest regions with 

fewer disturbances, variations in composition of tree species and environmental 

factors like increased precipitation and temperature (Hirata et al., 2014), elevated CO2 

concentration (Beerling and Mayle, 2006), more nitrogen (N) deposition (Holland et 

al., 1997, Cao and Woodward, 1998b, Kuang et al., 2011) and other factors (Sun et al., 

2010, Xu et al., 2009, Xu et al., 2014), are likely to influence tree growth and hence 

affect the C sequestration and store ability in the forest ecosystems. Under the 

circumstance of climate change, it is important to identify how these variations would 

influence the forest AGB accumulation (Hirata et al., 2014). 

  Although accurately estimating the forest biomass and its dynamics within the 

forests is important, most of existing methods are not able to provide a whole picture 

of the two aspects: traditional method is capable of providing results with relative 

high precision but is spatially limited, remote sensing technology can map forest AGB 

over large areas, but lack the ability to interpret the variations caused by intrinsic 

factors of forest growth. Meanwhile, the periods covered by even archived remote 

sensing imageries are not long enough to compare the stand ages of most forests (Li et 

al., 2014). Therefore, there is a need for a combination of different technologies such 

as traditional and remote sensing technologies. In this review, we first analyse the 
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factors that influence biomass accumulation and spatial distribution of forests, and 

then summarize the advantages and disadvantages of existing methods for estimating 

forest AGB. Based on these, we evaluate the application of new technologies to fill 

the gaps between traditional and remote sensing technologies. We conclude with a 

discussion of introducing of new technology and highlight opportunities for future 

research. 

2.2. Environmental and Biotic Controls Over Forest AGB 

Forest AGB accumulation is controlled by the processes of photosynthesis, plant 

respiration, litter fall, and tree mortalities. The environmental, biological and human 

induced factors that affect any part of these processes will affect the spatial and 

temporal patterns of biomass accumulation in forest ecosystems. Among the factors, 

the most obvious one at global scale is elevated CO2 concentration (Beerling and 

Mayle, 2006, Xu et al., 2009). This is also a flagship topic for the early studies of 

driving factors over AGB. Studies have proved that elevated CO2 concentration would 

stimulate photosynthesis and subsequent growth (Amthor, 1995, Cao and Woodward, 

1998a, Beerling and Mayle, 2006, Xu et al., 2014, Sun et al., 2010), but this response 

will decline as the CO2 fertilization effect becomes saturated (Cao and Woodward, 

1998b). Meanwhile, the stimulation effects will differ between different tree species: 

faster growing species or species with higher rate of assimilation are believed to be 

more responsive to elevated CO2 (Tangley, 2001, Poorter and Navas, 2003, Dawes et 

al., 2010). In addition to the effects on photosynthetic metabolism, the elevated CO2 

can cause partial stomatal closure and this will generally increase the ratio of the 

amount of CO2 assimilated to the amount of water transpired, therefore, more forest 

growth is possible for a given amount of precipitation or soil moisture (Amthor, 1995). 

This increased water use efficiency could lead to more C accumulation under CO2 

induced drier environment (Sherwood and Fu, 2014).  

  Climate changes caused by increasing atmospheric CO2 concentration also have 

effects on global forest biomass accumulation, but with diverse impacts on various 

forest ecosystems (Xu et al., 2009). For Europe, US, China and the tropics, evidence 

from biogeochemical process models suggests that climate change is, at different 

levels, an important factor driving the long-term C sink. Drought in all regions and 
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warmer winters in boreal regions reduce the forest sink through suppressed gross 

primary production, increased tree mortality, increased fires, and increased insect 

damage (Pan et al., 2011a). While in a Japanese temperature-boreal forest, modeling 

results found that long-term trend of C balance was controlled by disturbance such as 

clear-cutting and land use conversion and yearly variations were controlled by climate 

factors, mainly the temperature and precipitation (Hirata et al., 2014). Cao and 

Woodward (1998b) also found that forest net primary production in northern 

ecosystems is enhanced but in temperate and tropical ecosystems the production is 

decreased under the climate change with CO2 increase. Climate also broadly defines 

the distribution of vegetation types, species and plant productivity across continents 

and large geographic regions (Krankina et al., 2005). The differences in tree species in 

response to local climate conditions have also resulted in significant spatial variations 

(Pastor and Post, 1988, Krankina et al., 2005). 

  As climate change affects the long-term trends of C storage in global forest 

ecosystems, other environmental variables such as human induced forest disturbances, 

soil fertility and terrain characteristics, will contribute to the spatial distribution of 

AGB at regional scales (Baccini et al., 2012). In many parts of the world, the legacy 

of land use and forest management is the most pronounced, localized sources of 

variation (Krankina et al., 2005, Asner et al., 2010). For example, the significantly 

increased C accumulation rate of boreal forest in European Russia is attributed to the 

increased areas of forests after agricultural abandonment, reduced harvesting and 

changes of forest age structure to more productive stages (Pan et al., 2011a). 

Large-scale afforestation and reforestation activities in US, China and other temperate 

forests have also significantly increased the forest areas and stimulated the C 

assimilation by growth of immature forests recovering from historical agriculture, 

grazing and harvesting (Fang et al., 2001, Birdsey et al., 2006, Pan et al., 2011b). 

Tropical forests have been recognized as the biggest forest C pool, and also the C pool 

with greatest variation. This is because of the great deforestation and subsequent 

afforestation activities in the forests which resulted in C emissions and regrowth 

increase in biomass in the vast intact forests (Asner et al., 2012b, Asner et al., 2010).  

  Studies about impacts of soil fertility on forest biomass have yielded contradictory 

results (DeWalt and Chave, 2004). Nutrient-rich soils are generally accepted to have 

positive effects on forest density and aboveground biomass due to the relaxed nutrient 
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limitation on tree growth (Laurance et al., 1999, DeWalt and Chave, 2004, Paoli et al., 

2008). Asner et al. (2010) also found that a broad regional portioning of standing 

biomass was mediated by geological substrate, where older fertile tertiary substrates 

support significant higher AGB densities. But studies also found increased mortality 

or faster turnover rates which would result in lower biomass on nutrient-rich soils 

(Schalk and Mirmanto, 1985, DeWalt and Chave, 2004). Quesada et al. (2012) tested 

the relationship between soil fertility and forest biomass across the Amazon Basin and 

they concluded that soil total phosphorus concentration was the single most important 

factor influencing forest growth while soil exchangeable potassium showed a negative 

effect. Other environmental factors include N deposition which may alleviate the N 

limitation of productivity in terrestrial ecosystem (Holland et al., 1997, Cao and 

Woodward, 1998b), local terrain characteristics which controlled the soil chemical 

and physical properties (Quesada et al., 2012), spatial variability of resources and 

forest types (Asner et al., 2008, Asner et al., 2010), tree species invasion which alters 

the structure of the existing forest (Asner et al., 2011). 

2.3 Methods for Estimating Forest AGB 

Depending on the datasets applied, methods for AGB estimation can be categorized 

into two groups: inventory methods based on national inventory data or small scale 

field sampling events, and estimation based on remote sensing technologies.  

2.3.1. Inventory Methods for Quantifying AGB (or C Stock) 

In the early 20th, Fang et al. (2001) used the National Forest Resource Inventory 

Database of China which provided the commercial portion of forest biomass (timber 

volume) to analyze the changes in the storage of living biomass of China’s national 

forest. The timber volume was converted to mass and accounted for noncommercial 

components using a biomass expansion factor (BEF) based on direct measurement of 

forest biomass. This method is widely used at the early stage of biomass and C stock 

estimation when inventory data are available (Brown, 1997, Fang et al., 2001). The 

BEF is defined as the ratio of all stand biomass to growing stock volume (Brown, 

1997, Fang et al., 2001, Egglestion et al., 2006). Single default BEF values are often 

applied to the biomass of the inventoried volume to “expanding” it to biomass in the 

early studies of estimating C budget at national scales (Kauppi et al., 1995, Löwe et 
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al., 2000). C stock dynamics and C emissions are also discussed when time-series 

inventory data are available (Fang et al., 2001). However, this method is limited as 

large uncertainties exist in the inventory datasets since the data were collected with 

multi-purpose and with different measuring standards. Moreover, many countries do 

not undertake forest inventories or their inventories are obsolete (Baccini et al., 2012). 

In addition, the selection of BEF value will result in large uncertainties since studies 

have found that this factor may vary depending on the species, growth conditions and 

phase of stand development (Lehtonen et al., 2004, Sanquetta et al., 2011). 

  While at a smaller scale, allometric equations are the most popular method for 

estimating tree-level to stand-level biomass in forest ecosystems (Basuki et al., 2009, 

Henry et al., 2013, Henry et al., 2011). The allometric equations are developed by 

establishing the relationships between the biomass or C stock and various physical 

parameters of trees which are related with tree growth such as the diameter at breast 

height (DBH), tree height, and crown diameter (Henry et al., 2013, Ketterings et al., 

2001). Species-specific allometric equations are preferred because tree species may 

differ greatly in tree structure and wood gravity (Henry et al., 2011, Ketterings et al., 

2001, Schöngart et al., 2011). Comprehensive reviews have been undertaken of the 

biomass equations developed in Africa and in North American (Henry et al., 2011, 

Ter-Mikaelian and Korzukhin, 1997). The abundance of existing allometric equations 

provides an alternative to destructive sampling of trees for the purposes of developing 

local equations but environmental similarities such as geographical and climate 

should be considered when introducing existing equations to local studies 

(Ter-Mikaelian and Korzukhin, 1997). Generalized equations are also established for 

complex forest ecosystems such as tropical forests, where application of 

species-specific equations is impractical (Chave et al., 2005, Brown, 1997, Basuki et 

al., 2009). Regression analysis has found that generalized equations utilizing a 

combination of DBH, height, and wood density measurements together are the best 

for deriving AGB estimates in tropical forests (Feldpausch et al., 2011, Asner et al., 

2008, Chave et al., 2005). 

  Since the calculation based on allometric equations is a direct method, they are 

generally accepted as an effective method for localized estimates of AGB (García et 

al., 2010, Asner et al., 2010, Saatchi et al., 2007). But these plots based estimates of 

biomass are derived from metrics that contain multiple sources of uncertainty. This 
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uncertainty can result from the measurement, calculation model and the procedure 

extrapolating result to large scales (Chave et al., 2004, Holdaway et al., 2014). An 

error propagation study at tree level revealed that the most important source of error is 

currently related to the choice of the allometric model (31%), while measurement 

error can be as high as 16% (Chave et al., 2004). The uncertainty resulting from 

extrapolating the tree level to stand level scales is the greatest in large scale studies 

due to the spatial variation in species composition, disturbance history, and 

environmental controls such as climate and substrate type (Asner et al., 2010). The 

study by Asner et al. (2012b) found that most AGB density distributions at different 

elevation regions were non-nominal, suggesting that without very large sample sizes, 

or carefully distributed sampling, field plots alone may not accurately resolve biomass 

variation. The relevance of plot-based biomass estimates is thus limited and difficult 

to extrapolate to larger geographic scales since they require time-consuming 

destructive sampling (Asner et al., 2008, Saatchi et al., 2007, García et al., 2010). 

Furthermore, although plot-based studies are needed for long-term monitoring of 

forest dynamics, they are time consuming and usually placed to avoid land use change, 

which is the main anthropogenic factor responsible for C flux to the atmosphere 

(Asner et al., 2010). Hence, this inventory based approach might not adequately 

capture disturbance processes (Houghton, 2005). 

2.3.2. Application of Remote Sensing Technologies for AGB Estimation 

Only a small portion of landscape is amenable to field-based sampling, whereas many 

properties are distributed nonlinearly across environmental gradients (Chambers et al., 

2007). It is important to acquire observations across environmental gradients over 

large spatial extents to investigate the forest C cycle processes and environmental 

driving factors. Remote sensing is a fast-developing technology that can acquire 

large-scale data from satellite or airborne platforms without being in contact with the 

study areas (Kerr and Ostrovsky, 2003, Patenaude et al., 2005). Comparing with the 

field inventory methods, remote sensing is capable of providing synoptic view of 

large area and useful for mapping landscape properties (Figure 2-1). Since the first 

Earth observation satellite, Landsat 1, was launched, remote sensing with a high 

temporal frequency which allows analysis of large areas has been widely used for 

monitoring vegetation dynamics (Huang et al., 2011a, Huang et al., 2011b, Zeng et al., 

2008a, Zeng et al., 2008b, Zeng et al., 2009). AGB can be evaluated using remote 
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sensing benefit from its ability of monitoring forest cover, vegetation indices and 

forest structural properties, which are all significantly related with the biomass 

accumulation in forest ecosystems.  

 

Figure 2-1: Landsat images show landscape dynamics in Miyun Reservoir of Beijing, 

China, from 1985 to 2010. The area is represented in standard false color 

(Landsat bands 4, 3, 2), vegetation appears in red 

  Passive or optical remote sensing is first used to estimate forest aboveground 

biomass. The optical sensors can record the reflective radiances from the landscape 

and provide two dimensional views of forest canopy surfaces (Huang et al., 2011b, 

Zeng et al., 2008a, Zeng et al., 2009). Therefore, optical remote sensing is more 

appropriate to monitor canopy status than directly to estimate biomass or C. However, 

many studies have attempted to relate band reflectance and vegetation indices to the 

aboveground biomass, and this relationship is often determined through simple 

plot-level measurements of aboveground biomass and parameters which can be 

derived from remote sensing images (Goetz et al., 2009). Studies in boreal and 

temperate forests provide examples of using optical remote sensing data to determine 

biomass with spatial resolution at the continental scale using NDVI (Normalized 

Difference Vegetation Index) (Dong et al., 2003, Myneni et al., 2001). They conclude 

that their regression model can be used to represent the relationship between forest 

biomass and NDVI across spatial, temporal and ecological scales for relatively long 

time periods. In North American Pinyon-Juniper forest, Huang et al. (2009b) 

developed a synoptic remote sensing approach to scale up field observed aboveground 
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biomass from plot to regional levels, based on the strong correlations between field 

measured forest cover and multi-scale photosynthetic vegetation cover derived from 

airborne or satellite images. While in tropical forests, MODIS (Moderate Resolution 

Imaging Spectroradiometer) data, including NDVI, LAI (Leaf Area Index) and 

percent tree cover all showed reasonable correlations with the ground biomass data 

(Saatchi et al., 2007). However, a notable problem found with passive sensors in 

densely vegetated areas is that the sensitivity and accuracy of this method have 

repeatedly been shown to fall with increasing aboveground biomass and LAI, which 

occur at low biomass densities around 100 - 150 Mg ha-1 (Steininger, 2000, Turner et 

al., 1999, Lefsky et al., 2002b, Houghton et al., 2009). Active synthetic aperture radar 

(SAR) can compensate, to some degree, the saturation phenomenon of optical remote 

sensing benefit from its capability of measuring forest structure from microwave 

backscatter with high spatial resolutions (Shugart et al., 2010). But SAR data will still 

lose its sensitiveness at a higher biomass density, the saturation level depends on the 

polarization and structure of forests (Patenaude et al., 2005, Houghton et al., 2009, 

Hamdan et al., 2014). 

  An emerging remote sensing technique for mapping forest C density is the light 

detection and ranging (LiDAR) system. LiDAR is another kind of active remote 

sensing technology that uses emitted laser pulses to measure distance between objects 

(Figure 2-2) (Asner et al., 2012b, Lefsky et al., 2002b). The LiDAR systems have 

proven their capacity of directly measuring the three-dimensional distribution of plant 

canopies as well as sub-canopy topography, thus providing high-resolution 

topographic maps and highly accurate estimates of vegetation height, cover, and 

canopy structural (Lefsky et al., 2002b). Most of these canopy structure indices 

showed significantly correlations with aboveground biomass and were hence used to 

estimate biomass, based on regression equations relating biomass to LiDAR-derived 

variables (Lefsky et al., 2002a, García et al., 2010). Lefsky et al. (2002a) compared 

the relationships between LiDAR-measured canopy structure and coincident field 

measurements of aboveground biomass at sites in temperate deciduous, temperate 

coniferous and boreal coniferous forests, and they found that a single “simplified” 

regression for all three sites can be used to relate the remotely sensed canopy structure 

to the aboveground biomass for all the three biomes with distinctly different forest 

communities. 
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Figure 2-2: A demonstration of LiDAR technology. The canopy height can be 

retrieved based on the elapsed time between an emitted pulse and its 

return (http://ucanr.edu/blogs/blogcore/postdetail.cfm?postnum=6830) 

  Although high in estimation accuracy, LiDAR is limited to its spatial coverage due 

to its current expensive cost for large area scanning (Asner et al., 2012a, Asner et al., 

2011). Also, it has the disadvantage of lacking historical data for temporal analysis 

and unavailability of large scale datasets making regional or global aboveground 

biomass estimation with airborne LiDAR unfeasible (Asner et al., 2012b, Saatchi et 

al., 2007). Thus, optical remote sensing and radar images are always used in 

combination with the knowledge based on LiDAR system and extrapolate the results 

to a larger area. Zhang et al. (2014) found the significant relationship between Landsat 

LAI and canopy maximum height from GLAS data and comparable aboveground 

biomass to inventory-based estimates was obtained using a parametric model (Zhang 

et al., 2014). Baccini et al. (2012) employed a three-stage data collection and 

modelling strategy to up-scale the ground collected measurements to GLAS footprints 

through a statistical relationship between field biomass and LiDAR waveform metrics, 

and to a wall-to-wall coverage through a random forest machine learning algorithm. 

The result is close agreed with some most recent national forest inventories and 

supports the conclusion that C storage in tropical forests is substantially greater than 

the previous thought (Baccini et al., 2012). To effectively mapping C stock in tropical 

http://ucanr.edu/blogs/blogcore/postdetail.cfm?postnum=6830
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forests, Asner (2009a) proposed an integrated satellite-airborne mapping approach 

that supports high-resolution C stock assessment and monitoring in tropical forest 

regions and has successfully applied in several tropical forests including Hawaii, 

Madagascar and Colombian Amazon (Asner et al., 2012a, Asner et al., 2010, 

Gonzalez et al., 2010, Mascaro et al., 2011). In Hawaii and Peruvian Amazon, Asner 

et al. (2010, 2011) developed high resolution maps of AGB density spanning multiple 

vegetation types demonstrated by a vegetation map for the regions. While in 

Madagascar where AGB is heterogeneity and highly stratified vegetation map does 

not exist, the relationship between airborne LiDAR-based AGB density and 

field-based topographic and land-cover factors were quantified, factors that best 

predict AGB density were then applied to extend LiDAR-based biomass estimates to 

the regional level (Asner et al., 2012b). These accurate AGB estimates over large 

scale assisted to reveal the fundamental ecological and anthropogenic controls over 

biomass accumulations (Asner et al., 2012b, Asner et al., 2011, Asner et al., 2010).  

2.4. Integrated Technologies to Reveal the Impacts of Climate Change 

on AGB Accumulation 

To investigate the long-term impacts of changing environment and climate on forest 

biomass accumulation, an integration of ecosystem research methods and remote 

sensing technique is required to fully understand the involved mechanisms, long-term 

consequence and future potential. The application of remote sensing techniques has 

provided a practical approach to estimating AGB from regional to continental scales 

but the span period of the archived remote sensing data are only available for the 

recent decades (Li et al., 2014), which is insufficient to cover the forest succession 

period taking a century or longer (Liu et al., 2012b). Meanwhile, remote sensing 

estimates still leave great uncertainties concerning the intrinsic driving factors for the 

magnitude and inter-annual variability of AGB within respective ecosystems. Several 

ecological methods, such as tree ring analysis and isotope techniques, are capable of 

compensate the shortage of remote sensing and help exploring tree growth dynamics 

and its response to the changing environment (Xu et al., 2009, Xu et al., 2014, Sun et 

al., 2010).  
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  Tree rings are annually formed and tree ring width measurements can be used to 

study tree growth at scales from years to decades/centuries in seasonally distinguished 

growth environments (Schöngart et al., 2011, Xu et al., 2009). Several studies have 

introduced the information from tree rings on ages and inter-annual growth variability 

from tree ring width measurements to estimate C stocks at stand level with allometric 

models (Liu et al., 2012b, Schöngart et al., 2011, Babst et al., 2013). The results are 

proven compatible with those acquired by traditional methods like eddy covariance 

systems (Babst et al., 2013). Hence, tree ring analysis could be a valuable and reliable 

tool for retrospective studies assessing long-term growth changes and C sequestration 

in forest stands (Liu et al., 2012b, Worbes and Raschke, 2012). Other studies have 

also related these tree ring-derived growth indices to vegetation indices retrieved from 

remote sensing and strong correlation are found, which demonstrated a potential 

application of information from tree ring at stand level to ecosystem level when 

combined with remote sensing techniques (Lopatin et al., 2006, Wang et al., 2004). 

Apart from the tree growth estimates, studies have also revealed that tree ring width 

data respond well to environmental conditions such as solar radiation, air temperature, 

soil temperature, precipitation, soil moisture and humidity (García-Suárez et al., 2009, 

Scharnweber et al., 2011, Bowers et al., 2013), which also offers a possible way for 

analysis of environmental drivers on tree growth and forest developments.  

  Together with tree ring growth measurements, tree ring isotope techniques provided 

a more reliable approach for reconstructing historic climate and estimating the long 

term tree and forest physiological responses to environmental and climate changes 

(Xu et al., 2014, Xu et al., 2009). During photosynthesis, trees assimilate CO2 via leaf 

stomata, while several physical and biochemical processes within the leaf favor the 

assimilation of 12C rich CO2, which will cause a lower δ13C ratio than that in the 

atmosphere. Environmental stimulations (solar input, elevated CO2 concentrations, 

and water deficiency) will cause stomatal actions and a greater proportion of 13C will 

move through the pathway to be stored in carbohydrate and finally locked in lignin 

and cellulose in tree rings (Farquhar et al., 1989, Xu et al., 2000). This preserved 

record of δ13C presents a measure of past fluctuations in internal concentration of CO2 

(Gagen et al., 2006) and has been widely used to establish changes in the intrinsic 

water use efficiency (McCarroll and Loader, 2004). Since δ13C alone is not able to 

determine whether the changes in intrinsic water use efficiency are associated with 
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effects on stomatal conductance to diffusion or photosynthetic capacity, stable oxygen 

isotope ratio is usually used in combination to disentangle those effects (Xu et al., 

2000, Gomez-Guerrero et al., 2013). Moreover, tree ring N isotope composition (δ15N) 

has been also introduced to study the effects of increased N deposition and altered soil 

N availability (Sun et al., 2010, Leonardi et al., 2012).  

2.5. Summary 

Many studies have revealed that the gradually increasing atmospheric CO2 and 

changing environment are affecting the biomass accumulation in forest ecosystems 

and the C fixation procedures are also affecting the fate of fossil C released due to 

human activities. However, great uncertainties still exist in quantifying the magnitude 

of C stocks in the forest ecosystems and their dynamics. Moreover, little is known 

about the intrinsic driving factors causing long-term biomass accumulation dynamics 

at large scales. Therefore, further research focuses on improving the accuracy of large 

scale estimates of AGB and the involved mechanisms determining long-term 

dynamics are required. The first concern can be addressed by combined application of 

high resolution LiDAR technique for retrieving canopy and forest structural 

information and optical remote sensing for monitoring forest stratifications and 

conditions at large scales. Small scale of field campaigns may be required for 

prediction model calibration and validation. While the latter will require integrated 

techniques like tree rings and stable isotopic analysis to interpret the remote sensing 

based estimates. Information including inter-annual tree growth, precipitation, N and 

acid deposition embedded in tree rings are the potential indices for applications. 
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CHAPTER 3. CHARACTERIZING THE BACKGROUND 

OF STUDY AREA 

 

3.1. Introduction 

The sequential tasks of this study were carried out in the Miyun Reservoir Basin 

(MRB) which is located to the north of Beijing City, China. While detailed 

description of the study area and sampling sites will be provided in the following 

chapters, this chapter will depict the general environmental, climatic and economic 

characters of Beijing City and MRB.  

In Section 3.2, general descriptions about Beijing development which has caused 

serious environmental changes over the past half century will be provided. In Section 

3.3, characters of terrain, climate, soil and forest compositions in MRB which have 

potential impacts on forest development will be introduced. 

3.2. Fast Development of Beijing 

Beijing is China’s capital city and located in the northern China, governed as a direct 

controlled municipality (Figure 3-1). It has 16 urban, suburban and rural districts. 

Beijing City is surrounded by Hebei Province, except in the southeast which is 

neighbouring the Tianjin City. As the cultural, education and economic centre of 

China, Beijing has a long history of fast development, especially after the 

establishment of the new China in 1949. 

3.2.1 Population and Spatial Extents 

According to the 2010 Chinese demographic census, the official total population in 

Beijing was about 19.6 million, which has increased by 866% and 125% when 

compared to the levels in 1949 (New China established) and 1978 (implementation of 

the Reform and Opening Policies). 
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Figure 3-1: Map showing the location and spatial extent of the Beijing City. Red lines 

indicate the boundaries of the Beijing and its 16 districts; light grey lines 

surrounding Beijing indicate individual counties; and light green lines 

indicate major roads in Beijing. 

  Accordingly, the spatial extent of the Beijing City has also experienced rapid 

expansion, or urbanization, over the past several decades. One typical character of this 

development is the transformation of none built-up areas into built-up lands. State 

statistics have revealed that, as the population growth, built-up area in Beijing has 

extended from about 366 km2 in 1984 to about 1,182 km2 in 2008. Previous studies 

found that the sprawl of Beijing presents mainly in three forms: core area expansion, 

spread along growth axle and urbanization in urban fringes (Yang et al., 2010). It is 

also found that Beijing spreads out in concentric ring roads, which now has extended 

to the far north of the city and the entire MRB is located in between the Sixth Ring 

Road and the Seventh Ring road. These rapid developments have caused serious 

concerns on environmental issues. 

3.2.2 Environmental Issues 

The special geographic location and climatic conditions make Beijing a place not 

conducive to the spread of pollutants. Geographically, Beijing is located on the 
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northwest end of the North China Plain and surrounded by the Yanshan Mountain 

from its north end to the northeast. While climatically, Beijing has a typical 

continental monsoon climate with relative high temperature and humidity in summer 

but low temperature in winter months. These conditions, especially in winter seasons 

with high pollutant emissions due to fossil consumption, favour the deposition of air 

pollutants, resulting in frequent episodes with fog meteorological conditions (Hao and 

Wang, 2005). In addition, the prevailing wind in Beijing is from the north and the 

northwest, particularly in the winter and spring, respectively. These winds carry dust 

from the Gobi Desert in Inner Mongolia and Hebei Province to Beijing in the spring 

and lead to low visibility and high PM10 concentrations (Zhang et al., 2005b, Li et al., 

2016). 

  As the population explosion and the resulting urbanization started from 

approximately 1990, the extent of anthropogenic emission of pollutants has also 

substantially increased. This can be partly attributed to the difference in land surface 

temperatures between urban and suburban regions due to the continuously expansion 

of city area into suburban areas (Qiao et al., 2014, Zhang et al., 2005a). Relative 

humidity has substantially decreased as well (Zhang et al., 2005a). The constructed 

tall buildings prevented the dispersion of pollutants and the intensive construction 

activities also created additional particulate pollutants (PM10, PM2.5) released into 

the air (He et al., 2001, Wang et al., 2014a). Additionally, the increasing population 

size, along with increased demand for vehicular transports, has also significantly 

increased vehicle emissions of air pollutants. 

3.3. Miyun Reservoir Basin 

MRB is located on the northern tip of the Beijing City and at the border with Hebei 

Province (Figure 3-2). Miyun Reservoir, built in the 1960s, is one of the most 

important drinking water sources for Beijing with a maximum water storage capacity 

of 4.375 billion m3 and is the largest reservoir in Northern China. On average, the 

reservoir has supplied approximately 800 million m3 water per year for water use in 

Beijing, which accounts for almost 25% of the total water used (Christoph and Eva, 

2005) . The drainage area of the reservoir is estimated to be 15,500 km2 holding a 

population around 1 million. The reservoir region lies between 115°25’E – 117°35’E 
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and 40°20’N – 41°40’N along the Yanshan Mountain. Major rivers flowing through 

the region, including Chaohe River and BAIhe River, are all tributaries in the Haihe 

River system, and flow in a south-easterly direction into the Miyun Reservoir. 

 

Figure 3-2: Map showing the location of the Miyun Reservoir Basin (boundary in 

Red), light grey lines indicates provincial boundaries, and blue lines 

presents major water surfaces in the study area including river channels 

(Chaohe River and BAIhe River) and the Miyun Reservoir. 

3.3.1 Terrain 

The topography in the study area is undulating (Figure 3-3). Its elevation varies from 

lower than 100 m at the basin outlet to about 2,300 m at the highest point in the 

northwest part of the basin. MRB is a typical mountainous area which is characterized 

by mountain ranges, steep slopes and deep valleys. As a result, farming activities 

within the basin are concentrated in the valley regions which have easy access to river 

channels and relative high soil fertility, particularly in the west and north east of the 

catchment. Residential areas are focused in the relative flat regions with much less 

variations in the eastern part of the basin. 

Chao River 

BAI River 

Miyun Reservoir 
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Figure 3-3: Map showing the elevation variations within the Miyun Reservoir Region 

based on the USGS Digital Elevation Model (DEM) with 90 m resolution 

and was downloaded from https://earthexplorer.usgs.gov/. The engraved 

farmlands and residential distributions in 2010 are derived from 

ChinaCover Land Use Datasets created by the Institute of Remote 

Sensing and Digital Earth, Chinese Academy of Sciences. 

3.3.2 Climate Conditions 

Overall, the region’s climate is dominated with a rather dry, monsoon influenced 

humid continental climate, characterized by hot, humid summer seasons due to the 

East Asia monsoon, and generally cold, windy and dry winters influenced by the vast 

Siberian anticyclone. According to historical climatic measurements at the Beijing 

Meteorological Station (the nearest station with the longest records to the study area) 

the annual average temperature, annual total precipitation and relative humidity in this 

area are 12.2 °C, 590.3 mm and 56.7%, respectively. Over 60% of the precipitation 

falls during the hot seasons, from June to September (Figure 3-4a). From 1965 to 

2014, the long term climatic records show that the annual average temperature 

presented a significant increase (0.03 °C yr-1, R2 = 0.40, Figure 3-4b), whereas no 

significant changes were observed in the annual total precipitation and relative 

humidity series (Figure 3-4c, d).   

3.3.3 Soil Properties 

https://earthexplorer.usgs.gov/
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In general, the soil layer within the Miyun Reservoir region is relative thin and the 

major soil taxa include mountain meadow soil, brown forest soil and cinnamon soil 

(Chen et al., 2011). Thin soil layer overlaid with undulating surfaces makes this area 

prone to severe soil erosions which are estimated to be 12 – 16 ton ha-1 and Miyun 

reservoir region is one of the priority area for soil conservation. 

  Although not considered as the primary factor determining forest development 

within the basin, basic soil properties were investigated through a field investigation 

in March 2015. In brief, surface layer (0 - 10 cm) soil samples were collected at 33 

sites distributed across the entire basin area. At each site, three to four sub-samples 

were collected with earth borer and well mixed to create a single sample presenting 

the condition of the site. Samples were stored and transported to local test centre 

(Beijing Sino-Instrument & Test Technology Co., Ltd.) for physical and chemical 

analysis after the field investigation. According to the results (Table 3-1), the average 

particle size of topsoil ranged from about 12.41 µm to 444.29 µm, averaged at 141.94 

± 132.85 µm. The basic indices of soil fertility: total nitrogen (TN), total carbon (TC), 

total phosphorus (TP) and available phosphorus are averaged at 2.0 ± 1.7 g·kg−1, 21.0 

± 13.2 g·kg−1, 537.64 ± 208.34 ppm and 4.62 ± 2.53 ppm, respectively. The mean pH 

in the region is 6.86 ± 0.70. The mean cation exchangeable capacity of the samples is 

26.75 ± 14.98 cmol·kg−1. While available potassium (K), sodium (Na), calcium (Ca) 

and magnesium (Mg) are recorded at the level of 0.45 ± 0.18 cmol·kg−1, 0.31 ± 0.08 

cmol·kg−1, 5.81 ± 2.23 cmol·kg−1 and 3.82 ± 1.80 cmol·kg−1, respectively. 

Table 3-1: Basic soil properties of 33 forest soil samples collected across the Miyun 

Reservoir Region in March 2015. STD is the stand deviations calculated 

from the 33 samples. TN, TC and TP indicate the total nitrogen, carbon 

and phosphorus in the soil, A-P stands for available P, and CEC is the 

cation exchange capacity. 

 TN TC TP A-P pH CEC K Na Ca Mg 

(g·kg−1) (mg·kg−1) (cmol·kg−1) 

Average level 2.0 21.0 537.64 4.62 6.86 26.75 0.45 0.31 5.81 3.82 

std 1.7 13.2 208.34 2.53 0.70 14.98 0.18 0.08 2.23 1.80 
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Figure 3-4：Climate diagrams (1965 - 2015) at the Beijing Meteorological Station: (a) 

Mean monthly temperature, precipitation and relative humidity in Miyun 

Reservoir region from 1965 to the present time. The following panels 

present the long term annual variations for temperature (b), precipitation 

(c) and relative humidity (d), respectively. 

3.3.4 Forest Compositions 

Prior to the establishment of the Miyun Reservoir in 1960, the total forest cover ratio 

within the reservoir basin is less than 10%. The function and operation of the reservoir 

were threatened by the severe soil erosion until the large-scale afforestation, either by 

blasting or through aerial seeding mainly implemented in the 1980s. The region now 

has many more trees than it did 50 years ago – over 88,000 hectares of forest cover 

have been established and the forest cover rate has increased by approximately 67% 

(a) 

(b) 

(c) 

(d) 
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during the past half century. Although significantly mitigated soil erosion, maintained 

high quality of water sources and avoided regional desertification, there are debate 

voices concerning the created forest ecosystems. Many believe that the monoculture 

plantations determined by the afforestation methods will not prove as resilient to 

climate and external environmental changes as they need to be, nor will they provide 

equal services as natural forests. 

On the whole, the forest ecosystems in MRB is relatively young, aged from 20 to 

40 years. The major coniferous tree species in the basin include Chinese Pine (Pinus 

tabuliformis), Larch (Larix gmelinii) and Cypress (Platycladus orientalis), while the 

major broadleaved tree species include Oak (Quercus mongolica Fisch. ex Ledeb), 

Aspen (Populus alba) and Birch (Betula platyphylla). 

3.4. Summary 

Beiijng has experienced fast economic growth and city expansion over the past 

several decades, which might have exerted intensive stresses on the local forest 

ecosystem. It is interesting to see how the relatively fragile forest ecosystem, 

determined by its afforestation methods, soil and terrain background, would respond 

to the changes as presented in the following chapters. 
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CHAPTER 4. RESEARCH METHODS AND DATA 

ACQUISITION 

 

4.1. Introduction 

The overarching aim of this study was to quantify the impacts of climatic and 

environmental changes on forest development for improving future forest 

management activities. Two tasks were included: (1) to characterize forest 

development, or tree growth, trajectories; and (2) to reveal the climatic and 

environmental contributions to the temporal variations of tree growth. While these 

tasks are undertaken in the subsequent chapters, this chapter gives a holistic picture 

about the data used and the procedures and related conceptual principles that are 

introduced to prepare the data for analysis. Details about how the data are further 

calculated and analysed are provided in the specific chapters. 

4.2. Methods 

4.2.1. Overall Research Methods 

Figure 4-1 illustrates the methods used in the study. Remote sensing technique and 

tree ring analysis presenting phenomena at two distinct scales are applied for specific 

purposes. Multiple sources of remote sensing images are introduced for quantifying 

the overall biomass distributions within the MRB, with biomass variations along the 

time scale demonstrated with images acquired at three different periods (1990, 2000 

and 2010). The output of remote sensing analysis is attempted to unravel the 

spatiotemporal characteristics of forest development and provide a general 

background for fine scale tree ring analysis. 

  Tree ring method provides comprehensive records about tree growth and the 

corresponding climate and environmental changes which could be quantified through 

both physical and chemical measurements of tree ring samples, thus, the impact of 

external changes could be assessed. The following sections will detail the primary 
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procedures that are applied to process both remote sensing image and tree ring 

samples. 

 

Figure 4-1: A flow chart demonstrating data sources, data processing and analyzing 

methods applied in this study. The dotted boxes indicate processing or 

analyzing methods applied, while the solid boxes indicate type of data, 

intermediate and final results. 

4.2.2. Field Investigation and Field Data Processing 

(a) Plot Sampling for Biomass Estimations 

Reliable measurement of plot level aboveground biomass is required in order to 

accurately assess large scale biomass distributions. Furthermore, it is necessary for 

monitoring the impacts of the interventions from external changes. Therefore, the aim 

of this section was to provide the essential principles and guidelines that were applied 

in the field investigation for aboveground biomass measurements. 

Tree ring experiments Remote sensing experiments 

- Large scale distribution of 

forest aboveground biomass 

(Chapter 5) 

- Temporal variations of 

aboveground biomass 

(Chapter 5) 

Direct variables: point cloud, 

surface reflectance 

Calculated variables: height, 

tree densities, vegetation indices 

- Inter-species analysis of responses 

to climatic and environmental 

changes (Chapter 6) 

- Gradient analysis of tree growth in 

response to environmental 

changes (Chapter 7) 

 

Multi-sensor remote sensing 

imagery (LiDAR, LANDSAT) 

Tree ring samples 

Radiance calibration, terrain 

correction, atmospheric 

correction 

Air drying, polishing, cutting and 

pooling, dating / cross dating, 

grinding, weighting, isotope 

analysis, etc. 

Physical measurements: ring width, 

age, BAI 

Chemical measurements: total C, total 

N, C & N isotope related results, iWUE, 

ci, etc. 

Regression modelling, 

spatial extrapolation 
Correlation analysis, regression 

modelling, Multiple regression 

analysis. 

Data 

sources 

Pre-proc

essing 

Derived 

variables 

Analysis 

methods 

Results 
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  Distribution of Sampling Plots Before carrying out field investigation, forest map 

showing forest distribution and major vegetation types (broadleaved forest, coniferous 

forest, shrubs, grassland, etc.) was collected. Candidate sampling plots located mainly 

in broadleaved and coniferous forests were selected randomly. Part of the plots might 

be abandoned during the field investigation due to accessibility and safety issues. 

Size of Sampling Plots A typical sampling plot was a square-shaped area with a 

fixed area of 900 m2 (30 m × 30 m, Figure 4-2). Dimension of the plot was 

determined for easy comparison with remote sensing outputs in the following sections. 

The lower left corner of the plot was randomly placed within each selected sampling 

area and was set as the origin of the coordinates (0, 0). The “X” and “Y” axes were set 

randomly placed in two perpendicular directions identified with tapes. Trees within 

the framed area were measured. 

Field Measurements It would be very time consuming if we measured all 

individual trees (big or small) in the field. Therefore, we focused on carefully 

measuring the largest trees as they would normally make the greatest contribution to 

the plot level aboveground biomass. Small trees with DBH ≥ 10 cm were also 

recorded and measured. Parameters that were measured for each tree could be 

presented as: 

 

- Locality (xi, yi): accurate positioning of the plot as well as the trees was important 

for the accurate co-positioning of the trees with LiDAR point and with remote 

sensing pixels. In this work, a coordinate system was created for each single plot 

where the origin of the coordinate was determined using consumer grade GPS 

units (e.g. TrImble Geo 7X handheld) with positioning accuracy of approximately 

1-100 centimetres. The reference coordinates of each single trees were determined 

through measuring their distances to the origin using taps (xi and yi). 
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Figure 4-2: Map demonstrating an example of 30 m × 30 m sampling plot. Different 

tree species are presented with varied scale of grey colors. The size of the 

circles indicates the size of the trees presented with stem diameters 

measured at 1.3 m above the ground. 

- Tree species: tree species was important for estimating AGB as it would 

determine which allometirc model to be applied. Tree species was recorded for 

each measured tree which would have DBH ≥ 10 cm. Species for the rest of the 

trees were also recorded as a list of species found in the plot and for assisting 

further analysis. Tree species was identified by a local forester. 

- DBH: DBH was one of the most commonly used parameters for biomass 

estimation. It refers to the stem diameter at breast height which was 1.3 m above 

the ground level. This project measured DBH for each single tree having DBH ≥ 

10 cm using a diameter tape. It is important to carefully decide where the breast 

height would be under different terrains. On the level ground, breast height was 

measured from the ground level, but on uneven ground or slopes, breast height 

was determined from the uphill side of the tree.  

t1(x1, y1) 

x1 

y1 

yi 

xi 

ti(xi, yi) 

30 

m 

30 m 

Y 

X (0,0) 
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- Tree height: tree height was another important parameter for accurate biomass 

estimation. Height for all sampled trees were measured using a laser rangefinder 

(e.g. Trupulse 200). As for such instrument, tree height measurements involved a 

simple routine that only promptd to take several shots to the targeted trees: 

horizontal distance, base (or top) inclination, and top (or base) inclination. The 

rangefinder used these results to calculate the height of the trees (Figure 4-3). 

 

Figure 4-3: Tree height measurement using a Trupulse 200 Laser Rangefinder 

- Other measurements: other parameters showing physical characters of the plot 

were measured and recorded. This included slope, forest cover, major understory 

shrub species, densities and photographs. 

 (b) Stand Level to Plot Scale Aboveground Biomass Estimations 

With the measured characteristic dimensions of the trees (DBH, height), this section 

used allometric models to calculate aboveground biomass. While creating allometric 

equations was time and labour consuming and always destructive to local forests, this 

section adopted established equations for specific tree species which have been 

applied in surrounding forest studies with acceptable accuracies. A general form of 

the allometric equations could be presented as follow (Jenkins et al., 2003): 

 

Where B is the total aboveground biomass, DBH is the diameter in centimetre at 

breast height, ln is the natural log base, b0 and b1 are coefficients that always differ 

Measured 

Calculated 

A = Horizontal Distance  B = Top inclination 

C = Base inclination   D = Tree Height 
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from species to species. The form of the equation may also vary, depending on tree 

species or independent variables used (with or without the use of tree height) in 

establishing the equations. 

Aboveground biomass for each single tree was calculated using the selected 

equations and the results were then aggregated for each plot to present plot scale 

aboveground biomass levels. 

(c) Tree Ring Samplings and Pre-processing of Tree Ring Samples 

The sequential procedures about collecting and processing tree ring samples are 

illustrated in Figure 4-4. 

The tree ring sampling was done with biomass investigation and within the 

corresponding sampling plots. However, not all trees in each plot were sampled due to 

the budget, time and labour considerations. The criteria for determining the trees for 

tree ring sampling included: (1) species would have clear annual rings; (2) number of 

trees should be enough to minimise inter-trees variations in each plot; and (3) trees 

would have no obvious injury or disease. Since broad leaved trees did not normally 

live as long as conifers and did not usually have clear annual rings as well (Stoffel et 

al., 2013), this research focused on coniferous tree species. About six trees for each 

species were selected in each plot. 

  Sampling was done by using a Swedish increment borer, which allowed to take 

small cores from trees without harming it. When turning the handle of the borer, its 

razor-shaped cutting edge with external screw threads drawed the borer into the trees 

until it drilled through the stem. Then reverse turning the handle would withdraw the 

borer, bringing out the core within the extractor. Before removing the core from the 

extractor spoon into a paper art straw for conservation and transportation, the core 

was numbered and properties about the core (location, direction of the core, tree 

species etc.) were recorded. Two cores at breast height were taken from two 

perpendicular directions for each tree to minimize the ring width variations induced 

by slope, aspect and radiation fluctuations.  
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Figure 4-4: The sequential procedures of collecting, processing and analyzing the tree 

ring samples. 

(d) Physical Measurements of Tree Ring Samples 

Drying the Samples Before processing the cores for further measurements, keeping 

the cores stored in the paper straws and drying the cores in a drying oven at 60 °C for 

serveral days until the cores were fully dried.  

Polishing the Samples Removing the fully dried core from paper straw and placing it 

in a wooden clamp. Then using a power sander to sand smooth one side of the core to 

more clearly reveal the ring widths. Preceeding with care when the core was fragile or 

broken, using fine sand papers to sand the surface when necessary. 

Dating and Ring Width Measurement Keeping the polished cores in the wooden 

clamp and loading the damp to the deck of LINTAB 6 (RinntechICT. International 

Pty. Ltd, Germany) tree-ring station for chronology building under the microscopes. 

The principle of tree ring chronology is based on the fact that each consecutive annual 

growth ring is assigned to the calendar year in which it was formed (Yamaguchi, 

1991). In the dating procedure, the outermost ring (the bark ring) was assigned the 

year when the sample was taken. Then, successive annual growth layers were 

assigned to sequentially earlier years from the bark ring to pith rings. After dating the 

two duplicate cores of each tree, the pattern of wide and narrow rings for each year, 
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which should be the same at the same pace, was compared under microscope to check 

the accuracy of the dating results. Cores from other trees of the same plot were also 

checked occasionally to guarantee the accuracy. 

  After the rigorous cross dating, ring widths were measured at a resolution of 0.01 

mm using the LINTAB 6 high resolution digital positioning table. The quality of the 

cross-dating for each plot was further verified using the COFECHA program (Holmes, 

1983). 

(e) Isotope Analysis of Tree Ring Samples 

After determining ring width and the tree age, three to five of the trees for each 

important tree species per plot were randomly selected for carbon isotope (δ13C) and 

nitrogen isotope (δ15N) analysis according to the method of Sun et al. (2010). In brief, 

rings from each 3-year period were pooled to minimize the noise from short-term 

variations. Wood samples representing 3-year increment for each core was carefully 

split out in sequence form the pith to the outer with a sharp blade. All the samples 

were dried at 60 °C and ground with a ring grinder. The δ13C and δ15N values were 

analysed in separated runs by taking an approximate amount of 5 and 20 mg in tin 

capsules, respectively. All the stable isotope measurements were undertaken at 

Griffith University, Brisbane, Australia. δ13C and δ15N were analysed with a GV 

Isoprime Mass Spectrometer (Manchester, UK) coupled to an Elemental Analyser 

(Eurovector EA 3000, Milan, Italy), with acetanilide as reference standards. The 

spectrometer analyses for δ13C and δ15N were calibrated with sucrose supplied by the 

Australian National University and ambient air (IAEA-305a), respectively 

4.2.3. Remote Sensing Imagery Pre-processing 

(a) LiDAR Data Processing 

As this research merely applied LiDAR derived biomass to assist in quantifying the 

relationship between ground-based biomass estimations and optical remote sensing 

derived indices, this section would only briefly introduce the major concepts of 

LiDAR and the main procedures to create forest structural variables and thus biomass 

accurate biomass estimations. 

LiDAR, or Light detection and ranging, is an emerging remote sensing technology 

which can provide unprecedented accuracy in measuring vegetation structure 
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parameters including tree height (Dolan et al., 2009, Chen, 2010), basal area (Chen, 

2007) and canopy vertical components (Zhao et al., 2009). The fast growing body of 

literature on LiDAR-based forest biomass has proved its capability of providing far 

more accurate estimations than traditional remote sensing imageries (Chen, 2010, 

Popescu, 2007). Therefore, LiDAR derived biomass estimations are used as ground 

truth data for large scale studies, especially in remotes areas with no field data 

available  (Asner et al., 2012b, Saatchi et al., 2007). 

LiDAR is an active radar system and it measures distances between the sensor and 

objects based on the time lags between different return signals. The multiple return 

signals are stored as point cloud and need several steps to acquire the forest structural 

parameters: (1) categorizing the points and filtering, this step would classify the point 

cloud into ground and vegetation points; multiple established filters were available for 

the classification (Sithole and Vosselman, 2004); (2) generating digital terrain model 

(DTM); DTM was generated by interpreting the filtered ground points through spatial 

interpolation; (3) generating digital surface model (DSM); DSM was created using the 

filtered vegetation points; and (4) calculating canopy height model (CHM) which was 

a digital description of vegetation height; CHM was generated through subtracting the 

DTM from DSM. Depending on the multiple return signals between DTM and DSM, 

the percentile canopy height and the corresponding densities could be further 

quantified. 

The derived structural parameters were then related to biomass measured in the 

corresponding plots to generate biomass estimation models. Multiple linear regression 

was adopted while stepwise selection of predictors was performed to determine 

optimal independent variables for the final models. On completion of the regression, 

the coefficient of determination (R2) and relative root mean square errors (RMSE) 

were used to test the efficiency of the models. 

(b) Multi-spectral Remote Sensing Data Processing 

Remote sensing imageries have been widely used as a cost effective data for mapping 

large scale resources. While multiple sensors are available to provide alternative data 

sources, the Landsat has provided the longest archived series, which would cover the 

period from 1972 when the first Landsat was launched, to the present time (with 

Landsat 8 on orbit). Although high in spatial resolution and clear showing land 
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surface conditions, several pre-processing routines were required before processing 

the image for desired outputs. Generally, the pre-processing procedures were carried 

out following the below flow chart (Figure 4-5), extra processing might be introduced 

upon the specific objective of applications. 

 

Figure 4-5: Pre-processing procedures applied to the multi-spectral images 

Initial Data Selection This means choosing the appropriate images considering the 

time of image acquisition and image qualities. As for this research, remotely sensed 

data were intended to apply for forest biomass estimation, thus, it was decided that 

images should be acquired in seasons with highest canopy covers, that would mean 

late summer to early autumn in the study area was the best. With this consideration, 

care should be taken to ensure that images collected to cover the entire study area 

should be at the same time (day or month) of year. Collecting data according to this 

criterion could also minimise radiometric differences between dates since the earth – 

sun distance and solar illumination angles were relatively consistent. 

  Another consideration in choosing the images was to ensure that the collected 

images were clear of serious contaminations. This included block of surface 

information caused by cloud, haze and smoke distributions within a scene. Images 

with extensive contaminations, especially over the study area regions, should be 

abandoned. 

Radiometric Correction For the purpose of data storage and transferring, signal 

recorded by the sensors was in the form of brightness values, or digital number (DN) 

with no specific physical meanings for ground objects. Conversion of these values to 

Initial data selection 

Radiometric correction 

Atmospheric correction 

Topographic correction 
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top of atmospheric (TOA) reflectance was required before further applications. This 

was especially important in this study as multiple scenes were required to cover the 

study area, such correction would diminish the signal variations caused by earth – sun 

distance and solar zenith angles. 

  Landsat provided a standardized procedure to conduct the radiometric correction. In 

brief, it involved two steps: firstly, as presented in the follow equation, converting the 

DN values into spectral radiance using the inflight sensor calibrator parameters which 

were provided within the meta file of the corresponding image: 

 

where L was the spectral radiance of a specific spectral band; DN was the recorded 

brightness value; Gain was the slope of response which could be determined as (Lmax 

- Lmin)/255; Bias was the intercept item and its value equaled Lmin; Lamx and Lmin 

represented the maximum and minmum radiance measured by the sensor 

(mWcm-2sr-1). 

  Secondly was to covert the radiance into TOA reflectance: 

 

where  was the TOA reflectance at band λ; d was the earth-sun distance;  was 

the measured radiance;  was the exoatmospheric irradiance; and  was the solar 

zenith angle. 

  The two-step correction was done at a pixel by pixel scale for each scene. On 

completion of the correction, senor gains and offsets were corrected, but the 

influences of atmospheric when imaging still existed. 

Atmospheric Correction When surface objects reflected sun radiance to the detector 

of the sensors, the entire atmosphere layer would reduce the attenuation of the signal 

and add additional scattered from atmospheric particles to the ultimate signal detected. 

While many studies ignored this effect (Song et al., 2001), this study required 

quantitatively analysis of the band reflectance for forest biomass estimations, thus, 

correction of atmospheric impacts was implemented. 
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  The image-based Dark Object Subtraction (DOS) method was chosen for the 

correction. To proceed the correction, a set of “dark objects” with the lowest 

reflectance value across a scene (e.g. water surface, shadow) were selected. 

Theoretically, reflectance at the dark objects was zero (or 1% assumed in some 

studies) and therefore the differences between this value and the actual pixel values 

for these objects could be attributed to atmospheric influences. DOS method firstly 

derived the actual average values of each band for the dark objects and then 

subtracted the values from each band. The pixel values of the output images were the 

calculated at-surface reflectance. 

Topographic Correction This next procedure was applied to account for the image 

distortion caused by varied topography. In this study, such correction was quite 

important since a major part of the study area was dominated with mountains. To 

correct topographic effects, the first and the most important step was to determine the 

illumination angle (Colby, 1991): 

 

where  was the incidence angle;  was the solar zenith angle;  was the slope 

angle;  was the solar azimuth and  was the slope aspect. The sun zenith and 

azimuth angles were extracted from the meta file go with the corresponding image, 

whereas slope and aspect were calculated using a digital elevation model (DEM). 

Once the angles detailing spatial relations of sun, object and detectors, information 

within the shadows could be recovered using the following equation (Teillet et al., 

1982): 

 

where  was the corrected reflectance of pixel i; and  was the corresponding 

reflectance in rugged terrain. Figure 4-6 demonstrate the significant changes before 

and after topographic correction, where the spectral profile in shadow areas was 

significantly enhanced but did not change much in the non-shadow regions. 
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Figure 4-6: An example of topographic correction. (a) and (b) show visual differences 

before and after correction; (c) shows spectral profile changes before (red) 

and after (green) correction in non-shadow areas; and (d) shows spectral 

profile changes before and after correction in shadow areas. 

Inter-scene Normalization This procedure was considered because multiple scenes 

were required to cover the entire study area, while acquisition dates differed between 

the scenes (e.g. 22 July and 26 July). It might result in “seams” within the results if 

the reflectance differences due to varied acquisition dates were not removed. The 

normalization was carried out in two steps (Figure 4-7): (1) generating regression 

models for each spectral band. Within the overlapped part of two adjacent images 

(one set as reference while the other was the one to be normalized), a set of points 

were randomly selected and the corresponding pixel values for the two bands were 

extracted. The relationship between the two bands was quantified through a regression 

analysis; and (2) appling the models; once the models were created, the model was 

applied to the entire scene that chose to be normalized. 

 

Figure 4-7: Diagram demonstrating an inter-scene normalization between band image 

A (to be calibrated) and band image B (reference scene). 

(c) 

   A A’ 

B B 

 

(a) (b) 

(d) 
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(c) Multi-temporal Remote Sensing Data Normalization 

This section aimed to describe the methods applied to normalize the multi-temporal 

satellite imagery for forest growth dynamic analysis. Many studies have demonstrated 

that the long-term image series obtained from multiple sensors (Landsat series) are 

largely directly comparable in terms of spatial resolution and spectral resolution, 

mainly due to similar orbital characteristics of the satellite and system characteristics 

of the sensors. However, changing on-satellite conditions (e.g. sensor stability, 

physical deterioration etc.) and imaging conditions (e.g. different dates, radiation 

levels, etc.) might cause bias in the reflectance values that would present no actual 

change of objects. Therefore, normalization was recommended if multi-temporal 

analysis was required for changing the detections. 

  This research adopted a pseudo-invariant feature method to do the normalization 

(Garcia-Torres et al., 2014). To implement the method, a reference image was 

determined and a set of pseudo invariant targets that show minimum reflectance 

variances through time were selected in each period. The main targets selected in this 

research was the impervious surfaces with relative high reflectance (e.g. roof top, 

concreate road surface and playgrounds etc.). Then, the reflectance values of the 

targets were analysed to derive the relationships between the periods. The established 

relationship was subsequently applied to calibrate the corresponding images to the 

reference image. 

4.3. Data 

Multiple sources of data were introduced to analyse forest growth dynamics, as well 

as its responses to the changed environment. As the core data presenting the long-term 

forest and tree growth were derived from tree rings, auxiliary datasets included 

remotely sensed data, climate data, pollution data, were implemented to reveal the 

large scale forest dynamics, climate change and environmental changes. 

4.3.1. Remotely Sensed Data  

As mentioned above, multi-temporal (1990s, 2000s and 2010s) Landsat images 

(Landsat 5, TM) were selected for large scale estimation of forest aboveground 

biomass, as well as revealing its temporal variations. The reason for choosing Landsat 

was due to the availability of its long-term archives with high data consistence over 
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the long-time scale. Its relative high spatial resolution of 30 m also would be suitable 

for guiding field investigations and matching plot scale estimations. The data were 

free of access from the website of EarthExplorer (https://earthexplorer.usgs.gov/). 

4.3.2. Climatic Data 

Climatic data sets used in this research were recorded at the meteorological stations of 

Beijing, Miyun and Fengning surrounding the study area. Basic information about the 

stations were listed in the Table 4-1. The primary parameters used for analysis were 

the monthly mean surface air temperature, monthly total precipitation and relative 

humidity. Other parameters were also tested in seeking any potential driven 

mechanisms. The data were accessible at the website of China Meteorological Data 

Service Centre (CMDC, http://data.cma.cn/en). 

Table 4-1: Information about the three meteorological stations surrounding the study 

area. 
Station ID Location Starting from Parameters 

Beijing 54511 116.28E, 39.48N 1951 pressure, temperature, precipitation, 

evaporation, relative humidity, wind 

direction, wind speed, sunshine duration 
Miyun 54416 116.52E, 40.23N 1989 

Fengning 54308 116.38E, 41.12N 1956 

4.3.3. Environmental Data 

Atmospheric CO2 Concentrations These data were required to analyse the impact of 

rising CO2 concentration on forest / tree growth. Since local stations did not have long 

term measurements, this research used the records measured at Mauna Loa 

Observatory in Hawaii. It is assumed that local atmospheric CO2 concentration should 

present similar increasing trend as recorded at Mauna, although certain differences in 

the absolute levels would be expected. The dataset is available at 

https://www.esrl.noaa.gov/gmd/ccgg/trends/data.html. 

Pollution Datasets Although pollution has become a critical issue in Beijing, routine 

monitoring of major pollutants was only started in the early 2000s. In addition, data 

from air quality monitoring stations established by local governments were not 

available to the public. Even though, many research papers focusing on air pollution 

in Beijing are available and provided important results about the changes in pollutant 

concentrations (Chen et al., 2016, Chan and Yao, 2008). The studied pollutants 

included total suspended particles, PM10, PM2.5 and other gaseous pollutants such as 

https://earthexplorer.usgs.gov/
http://data.cma.cn/en
https://www.esrl.noaa.gov/gmd/ccgg/trends/data.html
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SOx and NOx. This research extracted the level of pollutant concentrations from the 

published literature to analyse their impacts on forest development. 
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CHAPTER 5. VARIATIONS IN FOREST ABOVEGROUND 

BIOMASS IN MIYUN RESERVOIR BASIN OF 

BEIJING OVER THE PAST TWO DECADES 

 

Abstract  

Purpose In recent years, the elevated carbon dioxide (CO2) concentration mainly 

caused by climate change, especially global warming, has attracted worldwide 

attention. Forest ecosystems still play a crucial role in global carbon (C) fixation. 

Quantifying forest aboveground biomass (AGB) and its temporal variations is 

essential for understanding external impacts (e.g. urbanization, environmental change, 

etc.) as well as assessing the potential of forest assimilating atmospheric CO2.  

Materials and methods In this study, we established regression models for AGB 

estimation in Miyun Reservoir Basin (MRB), based on relationship between Landsat 

derived variables and ground truth AGB values, which were obtained from both plot 

measurements and estimations using Light Detection and Ranging (LiDAR) dataset. 

The models were applied to calibrated Landsat images acquired in 1990, 2000 and 

2010 to trace the forest AGB temporal variations and the corresponding spatial 

distributions for each period. The AGB estimations using LiDAR showed high 

consistency with values based on plot measurements, while the established models 

presented an acceptable accuracy.  

Results and discussion The AGB density in MRB experienced overall increase since 

1990 and was averaged at 52.20 t ha-1 and 32.12 t ha-1, for stand forest and shrub in 

2010, respectively. Total AGB in 2010 was estimated to be 4.5 × 107 t, which 

increased by 8% when compared with the level in 1990. And our results are in the 

similar range of AGB density reported by other studies carried out in Northern China. 

Ecological programs including Three-North Shelter Forest Project and Returning 

Farming to Forest promoted the forest expansion and development during this period, 

while local farming activities exerted certain negative effects on surrounding the 

forest systems. 
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Conclusions Absolute AGB density values indicated that regions with less external 

interventions presented more consistent biomass accumulation. However, the coarse 

spatial resolution and 10-year interval of the datasets limited detailed analysis of 

impacts from urbanization of Beijing City. Future studies incorporating sophisticated 

ecosystem research methods are expected to uncover the mechanisms. 

Keywords: Miyun Reservoir Basin; Aboveground Biomass; LiDAR, Remote Sensing; 

Temporal Variations. 

5.1. Introduction 

Rapid population growth and economy development since the industrial revolution 

have dramatically increased atmospheric carbon dioxide (CO2) concentration (Grace, 

2004, Xu et al., 2009). Apart from the great human efforts to reduce anthropogenic 

CO2 emissions through technical development or economy and energy reforms from 

regional to national scales, global forests still play a crucial role in carbon (C) fixation 

through the uptake of atmospheric CO2 (Egglestion et al., 2006, García et al., 2010, 

Reverchon et al., 2012). However, intensified human activities including urbanization 

and deforestation are imposing great pressure on forest development worldwide and 

weakening its regulatory functions. It is crucial to understand such impacts to support 

decision makings on city development as well as forest managements. 

Assessing forest aboveground biomass (AGB) variations provided an effective way 

to follow forest developments. AGB accumulation compromises of several 

biochemical processes including photosynthesis, respiration and tree motilities, and it 

subjects to great spatiotemporal variations due to the disturbances imposed by a set of 

external variables. Both experimental study and modeling results have concluded that 

increasing CO2 concentration would stimulate forest CO2 assimilation rates and thus 

forest biomass growth (Amthor, 1995, Cao and Woodward, 1998a, Beerling and 

Mayle, 2006). However, evidences also indicated that the CO2 fertilization effect 

would decline once it passed the saturation stage (Cao and Woodward, 1998b). 

Climate change induced by the elevated CO2 concentration was another reported 

factor exerting significant impacts on forest biomass accumulations. For instance, 

simulation studies in boreal, temperate and tropics regions have found that climate 

change would drive the long-term forest C sink to various degrees. In boreal forests, 
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more frequent drought events would reduce forest sink through suppressing the 

assimilation and increasing mortality rates (Pan et al. (2011a). Hirata et al. (2014) 

found that temperature and precipitation were the major factors controlling short term 

C balance variations in a temperate forest. Meanwhile, the modeling results obtained 

by Hirata et al. (2014) also concluded that long term forest C dynamics was driven by 

external disturbance including clear cutting and land use transformations. This point 

was further supported by studies in other regions, where the authors believed that land 

and forest management activities were the most significant and localized sources of 

variations in AGB distributions (Asner et al., 2010, Baccini et al., 2012, Krankina et 

al., 2005). For example, the alternations in forest harvesting manners and forest age 

structures after agricultural abandonment lead to increased forests areas and primary 

productions in a European Russia boreal forest (Pan et al., 2011a). Similar forest 

expansion and increasing C accumulations were also observed in temperate forests in 

US and China, resulted from extensive afforestation and reforestation efforts in areas 

used to be agricultural and pastural zones (Fang et al., 2001, Birdsey et al., 2006, Pan 

et al., 2011b).  

  There are many methods for forest AGB estimation from stand level to regional 

scales. Early stage of biomass estimations used biomass expansion factors (BEF) to 

convert commercial portion of forest biomass recorded in inventory data into overall 

living biomass (Brown, 1997, Fang et al., 2001). Uncertainties in the inventory 

datasets as well as selection of BEF values limited this method to apply at finer scales 

(Fu et al., 2015). Instead, calculation using the relationships between biomass and tree 

structure variables, or allometirc equations, was widely accepted to estimate 

stand-level biomasses (Basuki et al., 2009, Henry et al., 2011). Through extensive 

field measurements of parameters including tree height, diameter at breast high, both 

generalized and species-specific allometric equations have been created for various 

forests around the world (Henry et al., 2011, Ter-Mikaelian and Korzukhin, 1997). 

Such equations enabled local studies to get acceptable accuracy in assessing AGB by 

appropriately introducing the proposed equations, however, it might cause significant 

uncertainties when attempt to apply the equations to broader regions with varied 

geographical and climate conditions (Fu et al., 2015).  

Remote sensing technology could largely compensate the above-mentioned 

uncertainties when extrapolating local estimations, as it was designed to capture 
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landscape variations continuously at fine scales. Therefore, the development of 

remote sensing provided a better option for regional scale AGB estimations (Fu et al., 

2015). Numerous studies have proved that remote sensing is capable of monitoring 

forest cover, vegetation indices and canopy structures, which presented significant 

relationship with forest biomass (Huang et al., 2011a, Zeng et al., 2009). Attempts 

which were trying to relate remote sensing derived metrics to AGB estimations 

received varying successes (Patenaude et al., 2005, Hamdan et al., 2014, Myneni et al., 

2001). Recently, an increasing number of studies have introduced the newly 

developed light detection and ranging (LiDAR) system for more accurate AGB 

estimations. LiDAR is capable of measuring the three-dimensional distribution of 

plant canopies and providing accurate estimates of tree structural indices (Lefsky et al., 

2002b). Many studies have utilized LiDAR based AGB estimations as ground truth 

values and extrapolated the results to large areas with the cooperation of optical or 

radar remote sensing images (Baccini et al., 2012, Zhang et al., 2014, Asner et al., 

2012a, Asner et al., 2011). This study adopted this scheme to estimate AGB in Miyun 

Reservoir. Archived remote sensing images were also used to acquire historic 

estimations.   

Miyun Reservoir is located in the north of Beijing, the capital of China. The fast 

city development in Beijing has raised great attentions, meanwhile the high coal 

energy consumption rate and the resulting environment pollution in Beijing also have 

drawn great attention worldwide (Zhao, 2011, Chen et al., 2013a). Forests, both 

natural and planted spread around Beijing, have acted an important role in 

maintaining the ecosystem services as well as supporting economic development of 

the City. Over the past half century, forest distribution in Beijing have significantly 

increased as a result of active planting and management (Wu et al., 2010). Along with 

their natural growth, the forests have experienced the rapid developments in Beijing 

during the past decades. It is interesting to find out how the environment changes 

would affect the forest development around Beijing municipality, like in MRB, and 

what the reactions of the forest ecosystems are. 

Therefore, the overarching goal of this study was to quantify the forest AGB in 

MRB and its variations since 1990. Specifically, this article would: (1) collect ground 

truth estimations of AGB both through field measurements and LiDAR surveys; (2) 

establish regression models based on Landsat-derived indices to estimate both current 
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and historic AGB distributions; and (3) analyse the factors influencing the AGB 

temporal variations as well as its spatial distributions. It is expected that the outcome 

of this study could help to understand whether human interventions have significant 

impact on the surrounding forests. 

5.2. Study Area 

Forests in the MRB are selected as the case study area. It is located at the upstream of 

the Miyun Reservoir in north Beijing (Figure 5-1). Miyun Reservoir is the major 

water resource for domestic water use of Beijing, therefore, the surrounding forest 

systems are well protected while farming activities are highly regulated to reduce soil 

erosion and non-point resource pollutions. The study area spans between 

40◦19’-41◦38’N and 115◦25’-117◦35’E with an area of about 15,000 km2. The region is 

dominated with a temperate monsoon climate with warm temperature, relative low 

humidity and moderate precipitations. The annual average temperature in the region is 

around 10.5 oC over the past several decades, while average precipitation is about 669 

mm concentrated in the hottest months from June to August. 

 

Figure 5-1: Location of the field sampling sites and LiDAR flight area. 

  Due to the execute of several soil conservation projects and shelter forest projects, 

the forest system in the MRB is well established, especially after 1970s when the 

Three-north Shelter Forest Project was implemented. Therefore, trees in the MRB is 



 

49 

 

relative young, aged 20-40 years Chinese pine (Pinus tabulaeformis) and black locust 

(Robinaia pesudoacacia) plantations account for most of the present plantation 

vegetation. 

5.3. Data and Methods 

5.3.1 Field Investigations and Plot-scale AGB Calculations 

In July 2011, field sampling event was carried out across the Miyun Reservoir region. 

Sixty-four quadrats with 30 × 30 m2 area were established. In each quadrat, its 

geographic location was recorded with a GPS receiver, and slope was determined. 

Tree species and number of each species were recorded. Individual trees were labeled 

and coordinate of each tree was recorded. Diameter at breast height (DBH) of each 

tree was measured with diameter tape. Tree height and canopy diameter were 

determined using a TruPulse 360B Laser altimeter (Laser Technology Inc., Centennial 

CO, USA). 

Table 5-1: Allometirc equations for AGB estimation 

Tree 

species 
Allometric equation Plots used R2 Reference 

 

Chinese 

Pine 

Ws = exp(0.7639 + 0.4384  × ln(D2 × H)) 

Wb = exp(0.2484 + 0.3369 × ln(D2 × H)) 

Wl = exp(-0.042 + 0.324 × ln(D2 × H)) 

 

 

16 

 

0.937 

0.960 

0.921 

 

 

(Fang et al., 2006) 

 

 

Larch 

Ws = exp(-3.5719 + 0.9207 × ln(D2 × H)) 

Wb = exp(-3.1702 + 1.8504 ×lnD) 

Wl = exp(-2.3498 + 1.4522 × lnD) 

 

 

32 

 

0.994 

0.921 

0.850 

 

 

(Luo et al., 2009) 

 

 

Birch 

Ws = 18.0021 × D2.9350 

Wb = 0.94871 × D3.5330 

Wl = 18.5678 × D1.9057 

 

15 

 

0.955 

0.970 

0.841 

 

 

(Wang et al., 2010) 

 

 

Aspen 

Ws = 33.88386 × (D2 × H) 0.87652 

Wb = 0.42042 × (D2 × H)1.38703 

Wl = 0.31081 × (D2 × H)1.20433 

 

10 

 

0.946 

0.914 

0.906 

 

 

(Zhu et al., 1984) 

 

 

Oak 

Ws = 0.1069 × D2.51353 

Wb = 0.0176 × D2.65462 

Wl = 0.0495 × D1.84438 

 

15 

 

0.980 

0.944 

0.952 

 

 

(Xu et al., 2006) 

Ws, Wb and Wl represent the stem biomass, the branch biomass and the leaf biomass. 
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  With the measured DBH and height, we estimated the AGB for trees or shrubs at 

each plot using the species specific allometric equations developed and widely used in 

China.  A full list of the used equations was showed in Table 5-1. The AGB results 

for each single tree or shrub were summed up to present total AGB level for the 

corresponding plot. 

5.3.2 LiDAR Flight Experiment and AGB Calculation for Additional Ground 

Truth Values 

The sampled plots covered only a small portion of the forest ecosystem in the study 

area and they contained the AGB levels for multiple forest types (e.g. Pinus 

tabulaeformis, Larix gmelinii, Robinaia pesudoacacia, etc.). Thus, we considered the 

quantity of plot based estimations was insufficient for a robust prediction model 

through regression analysis. LiDAR was introduced to provide additional training data 

considering of its high AGB estimation abilities. 

LiDAR survey was conducted in September 2012 using a LiteMapper 5600 

mounted on a Y-5 aircraft. The flight carried out in two designed areas which covered 

a total area of ~200 km2. The aircraft was cruised with an average speed of 160 km h-1 

and at an average relative altitude of 700 m. Density of the collected point cloud data 

was averaged at 5.7 point m-2. Raw point cloud was processed with the Terrasolid 

software package following the sequential procedures of point classification (ground 

points and canopy points), digital elevation model and digital surface model 

generation and canopy height normalization (Duan et al., 2015).  

  To estimate AGB, tree height and density were extracted from LiDAR-derived 

height normalized point clouds firstly. The height normalization meant that the height 

of each point to the ground surface (DEM) was calculated to obtain the canopy height. 

To get the height estimations, statistical values of canopy height (percentile height: h0, 

h10, …, and h90) were calculated at a spatial resolution of 30 m. Mean canopy height 

(hmean) and the coefficient of canopy height variation (hcv) were quantified as well. 

The corresponding canopy densities of different vertical layers (d10, d20, …, d90) were 

derived based on number of points at each layer to quantify the canopy structures. 

Then, these variables at two third of the field sampled plots were extracted and related 

to plot AGB estimations using a multiple regression model. The general form of the 

regression model was listed below: 
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where Y is the plot measured AGB (t ha-1); are the regression coefficients; 

and   is a normally distributed error term. The regression procedure could select 

the best-fit combination of variables for AGB prediction with forward-adding and 

backward-deleting variables using the F value (F ≤ 0.050 to enter the model and F ≥ 

0.100 to remove) to check the eligibility of step forward added variables (Chen et al., 

2013b; Duan et al., 2015). Accuracy of the model was assessed through comparing 

AGB estimates at the remaining one third of the sampled plots. Determining 

coefficient (R2) and root mean square error (RMSE) were calculated for evaluating 

the model efficiency. 

The finalized model was applied to the entire LiDAR surveyed region for regional 

AGB estimations. To generate additional ground truth AGB values, a layer with 1000 

randomly selected points within vegetation covered regions (specified with land use 

map) were created and the corresponding AGB values were extracted for further 

analysis. 

5.3.3 Spatiotemporal AGB Variations Derived with Landsat Imagery 

(a) Landsat Data Preparation 

Landsat 5 Thematic Mapper (TM) images were selected for extrapolating the point 

AGB values. Four scenes (123/31, 123/32, 124/31, 124/32) were required to cover the 

study area. Relative cloud free images were downloaded from the EarthExplorer 

database (http://earthexplorer.usgs.gov/) for summer seasons in 3 years (1990, 2000 

and 2010. Table 5-2). Surface reflectance products were generated through the 

on-demand processing system using Landsat Ecosystem Disturbance Adaptive 

Processing System (LEDAPS). The dark object algorithm was then introduced to 

exclude atmospheric interruptions through subtracting averaged reflectance values for 

dark objects (e.g. water surface, shadows which the reflectance were supposed to be 

zero) from each spectral band. 

Although the differences of acquisition dates for the 4 Landsat images of each 

period was within 12 days (Table 5-2), it might still cause slight variations in surface 
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reflectance due to changed sensor and sun position as well as varied atmospheric 

conditions. A linear regression technique was introduced to match the adjacent scenes: 

123/32 (cover over 70% of the study area) was set as a reference and the other three 

were calibrated to the reference according to the regression model established, based 

on the values of the overlapped pixels. 

Table 5-2: Acquisition dates of the Landsat images used in this study 

 123/31 123/32 124/31 124/32 

1990 1990-09-18 1990-09-18 1989-09-06 1989-09-06 

2000 1999-08-10 1999-08-10 2001-08-22 2001-08-22 

2010 2010-08-08 2010-08-08 2010-08-15 2010-08-15 

 

(b) AGB Estimation Model Based on Landsat Spectral Indices 

Vegetation indices calculated from surface reflectance were first obtained as potential 

dependent variables for regression analysis. Table 5-3 listed the five indices used for 

the analysis. These indices were used to maximum characterize the conditions of 

vegetation. Specifically, the normalized difference vegetation index (NDVI) was one 

of the most commonly used indices as it could diminish the atmospheric and 

geographic effects during imaging processes. The soil adjusted vegetation index 

(SAVI) was targeted to minimize the influence of background soil through 

incorporating a soil adjustment factor of L into the NDVI definition. In this study, L = 

0.5 was introduced to present the intermediate vegetation cover in the Miyun 

Reservoir region. Perpendicular vegetation index (PVI) was developed based on the 

soil-line concept where the parameters of slope (A) and intercept (B) of the soil-line 

were set to 0.96916 and 0.084726, respectively. The green normalized difference 

vegetation index (GNDVI) was introduced by Gitelson et al. (1996), considering the 

more sensitive responses of green band to leaf chlorophyll content. The enhanced 

vegetation index (EVI) was proved to be efficient, especially in extreme dense forests 

and capable of reducing impact from canopy background noise and atmospheric 

contamination (Huete et al. 1997). The coefficients of G = 2.5, L= 1, C1 = 6 and C2 = 

7.5, were used in this study (Huete et al. 2002). 
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Table 5-1: Vegetation indices used in the regression analysis 

VI Description Reference  

NDVI 

 

(Perry and Lautenschlager, 1984) 

SAVI 
 

(Huete, 1988) 

PVI 

 

(Baret and Guyot, 1991) 

GNDVI 

 

(Gitelson et al., 1996) 

EVI 
 

(Huete et al., 2002, Huete et al., 1997) 

Again, multiple regression method was introduced to explore the relationship 

between ground truth values of AGB (from both field sampling and LiDAR survey) 

and Landsat derived variables. Regression models for shrubs and forests were 

developed separately. The selected vegetation indices, along with band reflectance 

(band 1-5 and 7) were worked together to establish the regression models. Linear 

stepwise regression algorithm was adopted for selecting the best fitted combination of 

independent variables for AGB prediction. A general form of the model was therefore 

based on the relationship of the AGB to Landsat-derived characteristics: 

 

where AGB was the independent variable and the 6 reflective band values and 5 

selected vegetation indices were the potential predictor variables, and e was the error 

term. Since AGB was generally presented as a logarithmic increasing rate against 

vegetation indices, we performed a logarithmic transformation to covert the AGB to a 

natural logarithmic form to linearize this relationship, the transformed model can be 

expressed as: 

 

where ln(AGB) was the natural logarithmic transformed AGB, and s were the 

regression coefficients. Each   was tested and only the statistically significant 

predictors were kept in the final model. The established models were applied to the 

2010 Landsat images to get the wall-to-wall AGB estimation. 
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Before applying the regression model to the 1990 and 2000 Landsat images for 

previous AGB estimates, the Landsat images were further processed to minimize the 

temporal spectral variations. Firstly, small regions contaminated with cloud and cloud 

shadows were detected and replaced with clean patches derived from images with 

similar acquisition dates of the same year. Then, a multivariate alteration detection 

method was introduced to radiometrically normalize this long term dataset and 

therefore reduce the unimportant temporal spectral variability (Canty et al. 2004). To 

do so, imagery for 2010 was set as a reference and images of 1990 and 2000 were 

calibrated. Vegetation indices for 1990 and 2000 were then calculated, based on the 

normalized band reflectance. Finally, AGB for 1990 and 2000 were calculated by 

applying the established regression models for forest and shrub, respectively. 

5.3.4 Auxiliary Datasets 

Three land use and land cover maps with a resolution of 30 m for 1990, 2000 and 

2010 were collected from the Institute of Remote Sensing and Digital Earth, Chinese 

Academy of Sciences, Beijing, China. The maps were generated, based on Landsat 

image and validated with the ground truth data. In this study, non-forest land cover 

types were excluded and only the forest covered regions were derived for the forest 

AGB estimations. Considering the significant reflectance variations between forests 

and shrubs, vegetation was further reclassified into two subclasses (forests and 

shrubs). Other land use types were reserved to reflect the levels of human 

interventions. 

5.4. Results  

5.4.1. LiDAR-derived AGB Estimation 

Figure 5-2 demonstrated the AGB distribution in the two LiDAR covered regions. As 

indicated with the cross validation with ground measured biomass within the flight 

areas, LiDAR datasets delivered high biomass estimations (R2 = 0.85, RMSE = 0.2216, 

p < 0.001). AGB densities within the flight areas were averaged at 52.35 ± 47.40 t ha-1 

and 87.75 ± 76.68 t ha-1, for regions 1 and 2, respectively. In the flight area 1, forest 

occupied 12% of the vegetation covered areas and the mean AGB density for this 

region was valued at 59.57 t ha-1. Meanwhile, the remaining shrub regions (88%) had 

a mean AGB density value of 51.29 t ha-1. As for the flight region 2, forest occupies 
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half of the vegetation distributed areas with an average AGB density of 96.20 t ha-1, 

while the level for shrubs was valued at 73.41 t ha-1. Regions with greater terrain 

variations (in the flight region 2, especially eastern part) along with less interventions 

(west portion of the flight region 1) presented higher AGB density levels (over 120 t 

ha-1). 

Figure 5-2: AGB estimation in the LiDAR flight areas 1 (a) and 2 (b), and the scatter 

plot (c) indicates the relationship between LiDAR derived and plot measured AGB 

(a) 

(b) 

(c) 
 



 

56 

 

values, blue dotted line in (c) indicated mean measured AGB value and red dotted line 

indicated the 95% confidence intervals. 

5.4.2. Landsat-based AGB Estimation in 2010 

Through comparing with LiDAR-based estimations (Figure 5-3), the established 

regression models presented high performance both for forest (R2 = 0.65, RMSE = 

0.1183, p < 0.001) and shrubs (R2 = 0.65, RMSE = 0.1384, p < 0.001). In 2010, a total 

of 1.03×106 ha of vegetation was detected with 58% covered with forests. The overall 

average AGB density for this period was 59.51 t ha-1 while for shrubs and forests, 

AGB density was valued at 32.12 ± 17.02 t ha-1 and 52.20 ± 5.62 t ha-1, respectively. 

As indicated with the histogram, AGB density for most regions ranges between 40 

and 80 t ha-1. Very few regions presented relative high AGB levels (ranged over 100 t 

ha-1), which was mainly distributed in the east part of the study region. Total AGB 

was estimated to be 4.5 × 107 t where shrubs contribute 1.4 × 107 t and the remaining 

3.1 × 107 t from the forests. 

Figure 5-3: AGB estimation in the Miyun Reserovir region in 2010 (a), scatter plots 

demonstrated the validation with LiDAR derived estimation for forests (b) and shrubs 

(c), where blue dotted line indicated the mean measured AGB values and the red 

dotted line indicated the 95% confidence intervals. The north-south orientated dash 

line indicated a transection with little external interventions, while the west-east dash 

line indicated the transection where there are certain human interventions. 

(a) 

(b) 

(c) 

 

 



 

57 

 

5.4.3. Long-term AGB Variations in the Miyun Reservoir 

As revealed with the multi-temporal land use maps (Figure 5-3, Figure 5-4 a & b), 

forests in the study area showed steady increase from 5.6 × 105 ha to 6.0 × 105 ha 

(Figure 5-4 c). Meanwhile, shrub areas showed an overall increase from 1990s to 

2010s while a slight decrease in 2000s was observed (Figure 5-4 c). Correspondently, 

total forest AGB slightly increased (~ 5%) from about 2.8 × 107 t in 1990s to 3.0 × 

107 t in 2000s, and then increased (~ 5%) to 3.1 × 107 t in 2010s (Figure 5-4 d). Shrub 

biomass slightly decreased from 1.7 × 107 t in 1990s to 1.1 × 107 t in 2000s and 

developed to about 1.4 × 107 t recently (Figure 5-4 d). Spatially, AGB for most 

regions in 1990 and 2000 also ranged from 40 to 80 t ha-1, which was similar to that 

found in 2010. The histogram curves also indicated that there was constant increase in 

the AGB as the area under the curves had increased gradually. There were also 

increasing number of pixels showed higher AGB density values as the width of the 

histogram broadened slightly to the right end of the x-axis (Figure 5-4 e). 

 

Figure 5-4: AGB estimations in 1990 (a) and 2000 (b). (c) and (d) demonstrated 

(a) 

(b) 

(d) 

(e) 

(c) 
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variations in area and AGB for forests and shrubs from 1990 to 2010; (e) 

showed the histograms of AGB density distributions for 1990, 2000 and 

2010, respectively. 

5.5. Discussion 

This study provided a quantitative analysis on forest AGB variations through 

upscaling the field measured values to the entire area. Miyun Reservoir Region, 

located in the north end of Beijing city which was experiencing fast city expansion as 

well as severe pollution issues, was chosen as the study area. Multiple sources of 

remote sensing imagery were adopted to quantify the AGB levels through regression 

analysis. Potential impacts of the environmental change on AGB accumulation in the 

area, as well as avenue for future studies, could be inferred from the spatiotemporal 

variations of AGB as specified below. 

When comparing the estimated AGB density with the field measurements, the 

differences between the predicted mean AGB density and field measured mean AGB 

density for most plots were smaller than 10 t ha-1. However, the regression models 

underestimated the AGB in the dense forest where field measured values always 

ranged over 100 t ha-1 but the predicted results were always 25-40 t ha-1 lower. This 

could probably attribute to the saturation effect of optical bands of Landsat which 

failed to capture certain canopy structure information in dense forests (Liu et al. 2012; 

Mutanga and Skidmore 2004). Since dense forest was distributed only in some intact 

areas in the Miyun Reservoir according to the field investigation, very limited 

uncertainties were respected in the final AGB estimations. Evidence through 

comparison with similar “warm temperate deciduous broadleaf forest” system, (Su et 

al. 2016) also proved the efficiency of the applied methods in this study. Our results in 

2010 well fell in the range of the AGB density reported by Su et al. (2016), where the 

estimation based on Satellite LiDAR data was predicted mainly between 50 and 100 t 

ha-1. Zhang et al. (2015) found that the average AGB in the Northern Hebei Province, 

which surrounded the Miyun Reservoir catchment, was about 62 t ha-1. Studies carried 

out in Northern China also concluded that the AGB density in the middle-aged forest 

was averaged at about 60 t ha-1 (Wang et al. 2014), while the value for mature forest 

normally ranged from 80 to 100 t ha-1 (Hu et al. 2015). 
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Temporal variations and spatial distribution of AGB densities both present certain 

impacts of external intervention on forest development. Temporally, forest area in the 

Miyun Reservoir had experienced constantly increased benefit from the Three-North 

Shelter Forest Program. The program was initialled in 1978 and could be divided into 

three stages: 1978-2000, 2001-2020 and, 2021-2050. Until the end of the first stage 

(2000), about 5.53 × 106 ha shelter forest was established for the whole Three-North 

regions (the North, the Northeast and the Northwest) while for the Miyun Reservoir, 

which was located in North regions, had showed significant increase in forest cover 

along with reduced soil erosion. Meanwhile, the Returning Farmland to Forest 

Program starting in late 1990s had restricted agricultural development in this region. 

This program directly contributed to the decreased areas of cultivated lands as 

indicated in Figure 5-3 and Figure 5-4. Consequently, the “protected” environment 

with limited human interventions guaranteed the forest development in certain regions, 

such as west and north part of the reservoir where previously occupied with intense 

agricultural activities. While spatially, absolute AGB density values also indicated 

that regions with less interventions present more consistent biomass accumulation. 

This could be confirmed with the AGB densities along a north-south transection 

(Figure 5-5) through the central part of the reservoir: this region is characterized with 

mountains and has few cultivated lands distribution (Figure 5-3). Whereas along a 

west-east transection, increased ABG density was only observed in the central portion 

of the segment. In the west end of the transection where vast cultivated lands and 

several villages were located, the AGB density was recorded at a relative lower level 

with no sign of increasing during the studied period, while to the east end, frequent 

flooding of the Miyun Reservoir and farming activities might have also limited the 

surrounding forest systems’ development and therefore showed relative lower AGB 

densities. 

Although influence of local interventions on biomass accumulation could be traced, 

based on land use and land cover changes, it was difficult to analyze the impacts of 

city expansion of Beijing as well as the induced pollutions (e.g. nitrogen deposition, 

atmosphere pollution). An increasing trend along the north-south transection was 

observed (Figure 5-5). This direction was also supposed to present a gradient with air 

pollutants as the prevailing wind in Beijing was from the north and north west which 

went against the major pollutant sources (He et al., 2001). Thus, exposed to different 
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level of pollutions might contribute to the AGB gradient, however, we could hardly 

draw the conclusion about this contribution with the acquired results. The Landsat 

images collected from 1990 could reflect an overall trend in biomass accumulation, 

but the span period was insufficient to cover the forest succession period (> 50 years). 

Meanwhile, the 10-year interval was not enough to capture the inter-annual variations 

which were essential to carry out detailed analysis. Moreover, the effect of changed 

environment to each tree might have been diminished through averaging within a 30 

m pixel. Therefore, for further studies to investigate the influence of urbanization on 

forest development in the Miyun Reservoir region, an integration of ecosystem 

research methods (e.g. tree ring analysis and isotope techniques) and remote sensing 

technique are required to fully understand the involved mechanisms and long-term 

consequences (Fu et al. 2015).  

 

(b) 

(a) 
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Figure 5-5: AGB densities along a north-south transection (a) and a west-east 

transection (b). 

5.6. Conclusions 

Through this empirical study, the combination of field measurement and LiDAR 

survey provided sufficient training datasets for establishing the AGB predicting model 

using Landsat spectral indices. The results revealed an overall AGB accumulating 

trend in the Miyun Reservoir catchment but substantial spatial and temporal variations 

were acquired. And this method should be recommended to the area with young forest 

ages. At the ecosystem scale, human interventions through afforestation and 

agricultural activities were identified as primary contributors to the variations. Air 

pollution compounded with human interventions might have effects as well but it 

could not be isolated within the current study. Stand level experiments would be 

necessary for further quantifying the influences from climate change and pollutions. 
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CHAPTER 6. WATER USE EFFICIENCY AND GROWTH 

DYNAMIC OF DIFFERENT TREE SPECIES IN 

MIYUN, BEIJING IN RESPONSE TO CLIAMTE 

CHANGE AND LOCAL URBAN DEVELOPMENTS 

IN THE LAST 40 YEARS  

 

Abstract  

Purpose The gradually rising atmospheric carbon dioxide (CO2) concentration (ca) 

and changing environment are frequently linked to increasing water use efficiency 

(WUE) and tree growth, but the response patterns of tree WUE and growth can differ 

between various tree species. This study was carried out to quantify the WUE and 

growth dynamic of three key coniferous tree species in Miyun Reservoir region, 

Beijing, China, in response to the rising ca, as well as environmental changes resulting 

from the fast development of Beijing City which was located in the south side of the 

Miyun Reservoir Basin (MRB). 

Materials and methods Tree ring cores for Pinus massoniana, Pinus tabuliformis and 

Larix gmelinii were collected at two sites located in the MRB. Ring width 

measurements were carried out to present the complete historic growth using the basal 

area increment (BAI) index. Total carbon (C) concentration, nitrogen (N) 

concentration and carbon isotope composition (δ13C) were determined through mass 

spectrometric analysis. Physiological metrics, include C isotope discrimination (∆), 

intercellular CO2 concentration (ci) and intrinsic water use efficiency (iWUE), were 

further calculated. Auxiliary data on long-term climatic conditions were collected 

from the surrounding weather stations. Multiple regression analyses were used to 

quantify the relationships of BAI, iWUE and ci with ca and other environmental 

variables. 
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Results and discussion Within each individual site, different tree species presented 

similar BAI trajectories. Significantly different trends in BAI were observed between 

the two selected sites. Overall, the ca was the primary contributor to BAI changes, 

especially at the northern site, which accounted for 92% and 74% of the BAI changes, 

for Pinus tabuliformis and Larix gmelinii, respectively. The N deposition was found 

to have positive effect on BAI at this site. Less controlling effect of ca on tree growth 

was observed at the southern site (52% and 44% of the contributions for Pinus 

tabuliformis and Pinus massoniana, respectively), while negative influences of 

pollutants (N deposition) on tree BAI were intensified. iWUE showed consistent 

increase during the entire growth period at all sites, but quadratic relationships 

between iWUE and BAI were obtained, indicating that the rising ca initially 

stimulated photosynthesis contributing to the initial BAI and iWUE increase, but the 

intensified water stress resulting from reduced precipitation and increased temperature 

led to the reduction in tree stomatal conductance causing the following increase in 

iWUE but the decrease in BAI.  

Conclusions Site- and species-related responses of tree growth to ca, climatic and 

environmental changes existed in the MRB, but the site-related variation was 

dominant. The non-linear relationship between BAI and ca in combination with the 

quadratic relationship between BAI and iWUE indicated the decreased ability of 

forests to capture the atmospheric CO2. 

Keywords Tree ring, Tree growth, Elevated CO2, Climate change, Nitrogen 

deposition 

6.1.  Introduction 

Forests play a vital role in maintaining the Earth as a habitable place through 

absorbing carbon dioxide (CO2) and releasing oxygen (O2). This is especially 

important under the current circumstance with the rising atmospheric CO2 

concentration (ca) (Fu et al., 2015), where carbon (C) assimilation in global forests 

helped to relieve the greenhouse effect over the past several decades (Zhu et al., 2016). 

However, the elevated ca results in temperature increase, sea level rise and more 

frequent extreme weather, which are likely to outweigh the temporary benefits 

resulting from the CO2 fertilization (Sun et al., 2010). The changing environment such 
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as increased nitrogen (N) (Shi et al., 2015) deposition, air pollution (Kwak et al., 2016) 

and disturbances (Hyvönen et al., 2007), further complicated the situation through 

their effects on tree growth as well. Therefore, knowledge on how trees would 

respond to the changing climate and environment at fine scales is critical for 

understanding their adoption mechanisms and potential for assimilating global CO2 in 

the next a few decades.  

In the past three decades, many studies have adopted the fast-developing remote 

sensing technologies to study forest growth at regional to global scales. In such 

studies, forests are presented using either spectral indices including leaf area index 

and vegetation index (Helmer et al., 2000, Huang et al., 2009a, Neigh et al., 2016), or 

structural indices such as canopy density and tree height (Drake et al., 2002, Palace et 

al., 2015). Although capable of revealing large scale forest growth patterns, these 

satellite-based studies have many limitations that arise from the defects in the method 

itself. For instance, the coarse spatial and temporal resolutions leave great 

uncertainties concerning the intrinsic driving factors for the magnitude and 

inter-annual variability of tree growth within respective ecosystems, since these 

statistical models do not provide mechanisms-based descriptions about forest 

development (Xu et al., 2015). Meanwhile, the time scale that can be presented by the 

satellite technology is restricted by the time scales of imagery and field observations, 

which is insufficient to cover the forest succession period taking a century or longer 

(Fu et al., 2015).  

An increasing number of studies have adopted tree ring technologies to 

investigate the underlying mechanisms that trees respond to rising ca and 

environmental changes. Tree rings are annually formed and tree ring width 

measurements can be used to study tree growth at scales from years to decades or 

even centuries in seasonally distinguished regions (Xu et al. 2009; Schöngart et al. 

2011). Some studies have found the significant correlation between inter-annual tree 

ring width variations and C stock variations at stand levels (Schöngart et al. 2011; Liu 

et al. 2012; Babst et al. 2013), which indicated that tree ring analysis is valuable for 

retrospective studies assessing long term tree growth. Existing literature has also 

concluded that tree ring width would respond well to environmental variables 

including solar radiation, air temperature, precipitation, soil moisture and humidity 

(García-Suárez et al. 2009; Scharnweber et al. 2011; Bowers et al. 2013).  
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Along with tree ring width measurements, tree ring stable isotope techniques 

provided further details for studying the long-term tree physiological responses to 

environmental changes (Xu et al. 2009; Sun et al. 2010; Xu et al. 2014). During 

photosynthesis, trees assimilate CO2 via plant photosynthesis, while several physical 

and biochemical processes within the leaf favour the assimilation of 12C rich CO2, 

which will cause a lower δ13C ratio than that in the atmosphere. Environmental 

stimulations (solar input, elevated CO2 concentrations, and water deficits) will cause 

stomatal actions and a greater proportion of 13C will move through the pathway to be 

stored in carbohydrate and finally locked in lignin and cellulose in tree rings 

(Farquhar et al. 1989; Xu et al. 2000). This preserved record of δ13C presents a 

measure of past fluctuations in internal concentration of CO2 (Gagen et al. 2006) and 

has been widely used to establish changes in the intrinsic water use efficiency (iWUE) 

(McCarroll and Loader 2004). Since δ13C alone is not able to determine whether the 

changes in iWUE are associated with effects on stomatal conductance to diffusion or 

photosynthetic capacity, stable oxygen isotope ratio is usually used in combination to 

disentangle those effects (Xu et al. 2000; Gomez-Guerrero et al. 2013). Moreover, 

tree ring N isotope composition (δ15N) has been also introduced to study the effects of 

increased N deposition and altered soil N availability (Sun et al. 2010; Leonardi et al. 

2012). 

However, studies have also found that trees would respond to rising ca from being 

positive, such as biomass accumulation, to being negative, such as increased mortality 

due to elevated temperature. This could be attributed to the type of photosynthesis, 

genetic capacity and environment (Liu et al., 2007). Therefore, tree ring width 

measurements reflecting inter-annual growth rate cannot be applied exclusively to 

evaluate the potential driving factors since photosynthesis and transpiration vary in 

response to not only ca but also environmental variables such as N deposition, 

temperature and so on. The stable isotope ratio analysis provided powerful tools to 

separate these variables and could help to draw conclusions concerning driving 

mechanisms from climate and environment changes. 

Therefore, the overarching goal of this study was to quantify the responses of 

different tree species to the rising ca, as well as climate change and environmental 

change in the Miyun Reservoir Basin (MRB), Beijing, China. Specific objectives of 

the present study included: (1) to quantify long-term tree growth dynamics using tree 
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ring width based metrics, (2) to determine the intrinsic changes over the entire growth 

period using stable C isotope analysis method, and (3) to examine the impacts of 

elevated ca, changing climate (i.e. temperature, precipitation and humidity) and 

environmental (N deposition) conditions. Outcome of this study was expected to 

identify the key factors controlling tree growth in the MRB and the responses of 

different tree species, and therefore further guide forest management practice in the 

areas. 

6.2.  Materials and Methods 

6.2.1. Study Area 

The study was carried out in the Miyun Reservoir Basin located in the north of 

Beijing, China. It is the catchment area of the Miyun Reservoir which is the major 

drinking water source of Beijing. Therefore, the forest ecosystem in the area is 

protected to reduce local soil erosion, as well as non-point source pollution for water 

safety purposes. The Miyun Reservoir Basin spans between 40o19’-41◦38N and 

115◦25-117◦35E, covering an area of about 15,000 km2. The region is characterized by 

a typical warm temperate, semi-humid, monsoon climate. The mean annual 

temperature is 10.5 oC over the past several decades. Annual precipitation is averaged 

at 669 mm with substantial inter annual variations from about 300 mm to over 700 

mm. Most rainfall events are concentrated in the wet months, with over 70% rainfall 

between June and September. As for the terrain, the northwest part of the Miyun 

Reservoir Basin is dominated with mountainous area while the southeast part is 

mainly hilly and partially plain. Accordingly, elevation decreases from about 1,800 m 

in the northwest to about 150 m in the southeast. The Miyun Reservoir Basin is 

collaboratively administered by several counties in Beijing (Miyun, Huairou and 

Yanqing) and Hebei Province (Guyuan, Chicheng, Chongli, Luanping, Huailai, 

Fengning, Chengde and Zhangjiakou). The region has experienced fast urbanization, 

especially in the south side where Miyun county and Beijing City are located, since 

the 1970s. Benefiting from a series of ecological projects, e.g. the 

Northwest-North-Northeast shelterbelts Project commenced in 1980s, the forests in 

the Miyun Reservoir Basin are well protected from the city expansion. Trees in the 

Miyun Reservoir Basin are relatively young, with the majority ranging from 20 to 40 
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years. Major tree species include Chinese Pine (Pinus tabuliformis), Masson Pine 

(Pinus massoniana), Larch (Larix gmelinii), Black Locust (Robinaia pesudoacacia), 

Aspen, White Birch etc. 

 Two sites (northern and southern sites) dominated with coniferous tree species 

and similar soil textures (brown forest soil) were selected for tree ring samplings. The 

northern site was located in Fengning county and its major tree species were Pinus 

tabuliformis and Larix gmelinii. The southern site was located in the reservoir side. 

Pinus tabuliformis and Pinus massoniana were dominated at this site. The two sites 

are about 40 km apart where potential inconsistences of tree responses to climatic and 

environmental changes are expected considering their remarkable differences in 

surrounding environments. Table 6-1 listed the detailed location and characteristics of 

the sites. 

Table 6-1: Soil properties and sampling properties of the two selected sampling sites 

Site 
Elevation 

(m) 

Aspect 
(degree) 

TN 
(%) 

TC 
(%) 

TP  
(mg kg-1) 

AP  
(mg kg-1) 

pH 
Number of trees 

sampled 

Tree 

ages 

Northern 1301 310 0.30 2.90 453.5 4.8 6.5 
P. tabuliformis 5 

L. gmelinii    5 
14-33 

Southern 195 112 0.10 1.30 438.0 4.4 7.6 
P. tabuliformis 4 

P. massoniana 3 
37-42 

TN, TC, TP and AP represent total nitrogen, total carbon, total phosphorus, and available phosphorus. 
 

6.2.2. Sampling and Dendrochronological Procedures 

Tree-ring sampling was carried out at the selected two sites (Table 6-1) in March 2015. 

Five Pinus tabuliformis and five Larix gmelinii trees were selected at the northern site, 

while four Pinus tabuliformis, and three Pinus massoniana trees without obvious 

abrasions of similar size and ages were selected at the southern site. Three out of five 

Larix gmelinii trees at the northern site were relatively young (14-15 years) since no 

old trees were present at the site. Two increment cores were extracted at breast height 

(1.3 m) at two inter-perpendicular directions for each single tree, using an increment 

borer. 

The collected increment cores were air dried, sanded and polished using 

sandpaper until wood cells were clearly visible under a binocular microscope. Then 

the core samples were visually cross-dated to identify the signature years and check 

the missing and false rings (Stokes and Smiley, 1996). Ring widths were measured on 
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a LINTAB digital positioning table (Rinntech, Heidelberg, Germany) with the 

resolution up to 0.01mm which fitted with a Leica MS5 stereoscope (Leica 

Microsystem, Germany) and analyzed with the TSAP-Win Software Package. Tree 

ring cross-dating and ring-width measurements were checked using the COFECHA 

program (Holmes, 1983). 

Previous studies have found that tree ring width declined biologically with 

increasing tree age or size (Sun et al., 2010). Such variations would confound with the 

changes induced by environmental factors if using ring width alone to detect the trend 

of tree growth (Phipps and Whiton, 1988). To solve this problem, ring width could be 

converted into tree basal area increment (BAI) using the following formula: 

 

where r was the tree radius at breast height, and n was the year of tree ring formation. 

For each tree, measurements for the two cores resulted in four replications (each core 

with two set of ring width measures) and the BAI results were averaged to minimize 

uncertainties caused by the physiological impacts. 

6.2.3. Stable Carbon Isotope Composition Analysis 

To minimize the noise from short-term variations, we pooled every 3 rings/years from 

the outer to pith for individual trees before the isotopic analysis. Each core was 

carefully separated into blocks (each one representing 3-year increments) under a 

binocular, without separating the earlywood from the latewood. All wood samples 

were ground to fine powder using a ring grinder. Then amounts of 2 to 3 mg powders 

were weighted and put into tin capsules, and δ13C values were analysed by using a 

Sercon Hydra 20-22 isotope ratio mass spectrometer coupled with a Europa EA GSL 

sample prep system. All analyses were performed at the Stable Isotope Laboratory, 

Griffith University, Brisbane, Australia. The mass spectrometer for δ13C analysis was 

calibrated with sucrose (IAEA-CH-6) supplied by the Australian National University, 

and 0.16 ‰ was the mean standard deviation of δ13C analysis of the sucrose reference 

standards. The δ13C (‰) was calculated as reported by Farquhar et al. (1982): 
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where Rsample and Rstandard were the 13C/12C ratios for tree ring sample, and the standard 

used was the Vienna Pee Dee Belemnite (VPDB) standard. 

6.2.4. Calculation of 13C Discrimination and iWUE 

The carbon isotope discrimination (Δ13C) in C3 plants can be expressed as follows 

(Farquhar et al., 1982): 

 

Where δ13Cair was the carbon isotope ratio of atmospheric CO2, and δ13Cplant was the 

carbon isotope ratio of the product. The long term δ13Cair was calculated using 

following equation proposed by Feng (1998): 

 

To be described into physiologically relevant information, the discrimination (Δ13C) 

was expressed as: 

 

where a was the discrimination that occurred during 13CO2 diffusion through the 

stomata (4.4‰), b was the net discrimination during carboxylation (27‰), ci and ca 

were the intercellular and atmospheric CO2 concentrations, respectively. The 

long-term ca we used were CO2 mean annual data from Mauna Loa produced by Dr. 

Pieter Tans, NOAA/ESRL (www.esrl.noaa.gov/gmd/ccgg/trends/) and Dr. Ralph 

Keeling, Scripps Institution of Oceanography (scrippsco2.ucsd.edu/).  

The intrinsic water use efficiency (iWUE) was described in units of μmol CO2 

mol-1 H2O and calculated with the equation of Farquhar et al. (1982): 

 

where A was the rate of net photosynthesis, gs was the rate of leaf stomatal 

conductance, ci and ca the intercellular and atmospheric CO2 concentrations. 

6.2.5. Auxiliary Datasets 

Climate data including temperature (T), precipitation (P) and atmospheric humidity 

(H) recorded at Fengning and Miyun meteorological stations were collected to present 
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different climate conditions at the northern and southern sites, respectively. Records at 

Fengning station were available since 1956, which covered the entire period of tree 

growth at the northern site (14 - 33 years old). Whereas Miyun station only had 

records started from 1989. To reconstruct the data to cover the entire time scale at the 

southern site (from 1973), we established the linear regression models for T, P and H 

respectively based on the significant correlations between the two stations from 1989 

to 2014. The models were applied to extend the existing dataset of Miyun station to 

the previous years spanned from 1973. 

  In addition, air pollutant concentrations, including dust deposition, N deposition 

and sulphur (S) deposition, were collected for probing any possible impacts from air 

pollution. Data on pollutant concentration levels (since 1990s) were mainly extracted 

from published articles (Chan and Yao, 2008), while Institute of Atmospheric Physics, 

Chinese Academy of Sciences provided the most recent monitoring results (after 

2006). To create a long-term record covering the entire studied period, the 

environmental Kuznets Curve (EKC) theory, which asserts that the environmental 

quality deteriorates initially and then improves as the economy develops, was adopted. 

The EKC theory has been approved in many other studies (Dinda, 2004, Dinda et al., 

2000). The relationship between the pollutant concentrations and per capital GDP was 

established based on the acquired records through regression analysis. It was then 

applied to calculate previous pollutant concentrations using GDP series derived from 

statistical yearbook of Beijing.  

6.2.6. Statistical Analysis 

Regression analysis was carried out to establish significant relationships of BAI, δ13C, 

ci and iWUE with ca, climatic (T, P and H) and environmental (total N, δ15N, dust, N 

and S deposition) related variables for three different coniferous tree species, 

respectively. Multiple linear regression analysis was used to quantify the relationship 

of BAI with iWUE, ca, P, T and environmental related factors. All statistical analyses 

were performed in the IBM SPSS Statistics software package (version 20). 

6.3.  Results 

6.3.1. Tree Growth Variations 
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Tree growth as indexed by BAI chronologies showed certain differences between the 

sites and between the tree species (Figure 6-1). The northern site BAI series for both 

Larix gmelinii and Pinus tabuliformis presented an overall increasing trend before 

1990, but the rate for Larix gmelinii was much higher (4.7 cm2 yr-1) than that for 

Pinus tabuliformis (0.21 cm2 yr-1). Since 1990, a marked decreasing trend for Larix 

gmelinii was observed (-2.8 cm2 yr-1) and it was until 2002 it started to increase again 

(0.39 cm2 yr-1). While for Pinus tabuliformis at this site, BAI showed continuous 

increase with a rate of 0.76 cm2 yr-1. However, BAI records for Pinus tabuliformis at 

the southern site showed a different trend. Although it showed similar increase at the 

early stage of tree growth (0.18 cm2 yr-1, before 1984), it experienced decrease since 

1984 (-0.22 cm2 yr-1). Pinus massoniana at the southern site presented a similar BAI 

chronology. 

 

Figure 6-1: Temporal variations of basal areal increment (BAI) for Larix gmelinii 

(blue triangle) and Pinus tabuliformis (red circle) since 1982 at the 

northern site (a) and Pinus massoniana (green square) and Pinus 

tabuliformis (red circle) since 1973 at the southern site (b). 

6.3.2. Carbon Isotope (δ13C and Δ) Variations 

As showed in Figure 6-2, there was no clear linear trend in raw δ13C for both tree 

species recorded at the northern site since 1980s and at southern site since 1970s. This 

phenomenon might suggest a possible juvenile effect which was reported that during 

this stage trees would not show any age-related δ13C trend and the phase would 

normally last for about 50 years (Urrutia-Jalabert et al., 2015, Liu et al., 2014). 

Overall, the average δ13C value for Pinus tabuliformis was -25.97‰ at the northern 

site, while the corresponding value for Larix gmelinii was -25.39‰. The temporal 

profile of δ13C for Pinus tabuliformis presented an initial decrease from 1984 to 1994, 

followed by a relative flat level from 1994 to 2014. Larix gmelinii trees showed a 

(a) (b) 
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similar temporal variation in the δ13C at the northern site. As for the southern site, 

average δ13C value for Pinus tabuliformis was about 0.65‰ higher than that at the 

northern site. Pinus massoniana presented lower δ13C values over the entire period. 

No decrease was observed at early phase of the tree growth at the southern site. When 

the atmospheric effect on plant carbon isotopic ratios was excluded, the 

discrimination (Δ) record presented an overall decreasing trend throughout the 

chronologies corresponding to Pinus tabuliformis, Pinus massoniana and Larix 

gmelinii from both sites. 

 

Figure 6-2: Temporal variations of tree ring δ13C and Δ for different tree species at the 

northern site (a, c) and southern site (b, d). Colors and shapes presented 

the same tree species as indicated in Figure 6-1. 

6.3.3. Changes in ci, ci/ca, ca-ci and iWUE 

Over the time scale of tree growth, trees of different species at both sites presented a 

slight upward trend in ci with substantial inter-annual variations (Figure 6-3). ci for 

Pinus tabuliformis slightly increased from 214 ppm to 240 ppm at the northern site 

and from 211 ppm to 229 ppm at the southern site. For Larix gmelinii at the northern 

site, an overall increase was observed with a rate of 0.76 ppm yr-1, while for Pinus 

massoniana at the southern site, the ci value slightly increased by 6% with short term 

variations. As showed in Figure 6-3, the minor increase in ci generally paralleled the 

(a) 

(c) 

(b) 

(d) 
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strong increase in atmospheric CO2 concentration in the study area, which resulted in 

relative constant values in the ratio of ci/ca and strong increase in the values of ca-ci 

between sites and between species. 

 

Figure 6-3: Temporal variations in (a) intercellular CO2 concentration (ci), (c) 13C 

discrimination ratio (ci/ca), (e) ca-ci, and (g) intrinsic water use efficiency 

(iWUE) of different tree species since 1984 at northern site. The (b), (d), 

(f) and (h) demonstrated the same parameters but for different tree 

species at southern site.  

A similar increasing trend in iWUE was found throughout the chronologies 

between species and between sites. Specifically, iWUE of Pinus tabuliformis at the 

northern site increased from about 80.6 umol mol-1 in 1984 to 106.4 umol mol-1 in 

(b) 

(d) 

(f) 

(h) 

(a) 

(c) 

(e) 

(g) 
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2014 and Larix gmelinii at the same site increased to a similar level (107.9 umol mol-1) 

from about 96.1 umol.mol-1, whereas iWUE of Pinus tabuliformis at the southern site 

increased from 74.6 umol mol-1 in 1975 to 104.3 in 2014 umol mol-1 and Pinus 

massoniana presented a similar increasing rate (0.88 umol mol-1 yr-1) during the same 

period. 

Different tree species at both sites presented similar correlations of Δ with ca, 

annual average temperature, precipitation, humidity and total N (Figures 6-4a, b). 

Specifically, no statistically significant correlations were observed at the northern site. 

Whereas at the southern site, the correlations of Δ with ca was significant for Pinus 

massoniana (r = -0.851, p - value < 0.001) and Pinus tabuliformis (r = -0.821, p - 

value < 0.001). Temperature is negatively correlated with Δ for Pinus massoniana (r 

= -0.643, p – value = 0.013) and Pinus tabuliformis (r = -0.645, p – value = 0.013) as 

well. Precipitation (r = 0.771, p – value =0.001) and atmospheric humidity (r = 0.721, 

p – value = 0.004) showed strong positive impacts over Δ for Pinus tabuliformis while 

only humidity showed significant positive impacts on Pinus massonianas Δ variations 

(r = 0.681, p – value = 0.007). 

 The ci was positively correlated, although not significant, with ca, climatic 

variables (annual average temperature, precipitation and humidity) and environmental 

variables (N deposition indicated with Total N) (Figures 6-4c, d). Only a significant 

correlation between ci and rising ca was observed for Larix gmelinii at the northern 

site (Figure 6-4c). 

 The iWUE was significantly correlated with ca for all species at northern site 

(Larix gmelinii: r = 0.783, p - value = 0.004; Pinus tabuliformis, r = 0.790, p - value = 

0.004) and southern site (Pinus massoniana: r = 0.936, p - value < 0.001; Pinus 

tabuliformis, r = 0.866, p - value < 0.001) (Figures 6-4e, f). The impact of 

temperature was positive as well, and significant correlations were observed at the 

southern site for Pinus massoniana (r = 0.661, p – value = 0.01) and Pinus 

tabuliformis (r = 0.719, p – value = 0.004). Annual precipitation and humidity 

associated with water availability presented negative correlations with iWUE, 

especially at the southern site where precipitation exerted significant impacts on 

iWUE of Pinus tabuliformis (r = -0.643, p – value = 0.013) and humidity exhibited 

significant correlations with both Pinus tabuliformis (r = -0.682, p – value = 0.007) 
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and Pinus massoniana (r = -0.614, p – value = 0.019). Total N levels indicating N 

availability show positive contributions to iWUE changes. 

 As for BAI, the correlation analysis obtained contrast correlations for Pinus 

tabuliformis at the northern site and southern site with several variables. For instance, 

BAI of Pinus tabuliformis was positively correlated with the rising ca (r = 0.947, p – 

value < 0.001) at the northern site but negative (r = -0.574, p – value = 0.032) at the 

southern site; Total N at the northern site showed positive (r = 0.679, p – value = 

0.022) impacts on Pinus tabuliformis BAI but negative (r = -0.615, p – value = 0.019) 

at southern site. Correlations of Pinus tabuliformis BAI with climatic variables 

presented similar results (Figures 6-4g, h). Meanwhile, BAI for Larix gmelinii at the 

northern site and Pinus massoniana at southern site presented similar correlations 

(both negative or both positive) with most listed variables.  
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Figure 6-4: Relationships of tree ring variables including carbon discrimination rate 

(Δ) (a, b), intercellular CO2 concentration (ci) (c, d), intrinsic water use efficiency 

(iWUE) (e, f) and basal area increment (BAI) (g, h) with changes in atmospheric CO2 

concentration (ca), annual average temperature (T), precipitation (P), humidity (H) 

and environmental variables indicated with total N (TN) and stable N isotope ratios 

(15N) for Larix gmelinii (blue), Pinus tabuliformis (red) at the northern site (Left 

panels) and Pinus massoniana (green), Pinus tabuliformis (red) at the southern site 

(Right panels). 

6.4.  Discussion 
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In this study, we examined Pinus massoniana, Pinus tabuliformis and Larix gmelinii 

growths at the two separated sites in the Miyun Reservoir Basin in response to 

changing ca, climatic and environmental conditions using dendrochronological 

analysis. Overall, although the iWUE and Δ for all trees presented similar temporal 

variations, different patterns of BAI development were observed for trees located at 

the two sites.  

6.4.1. Changes in Δ, iWUE and BAI 

Over the past four decades, iWUE increased by 32% and 12% for Pinus tabuliformis 

and Larix gmelinii at the northern site respectively, and 40% and 46% for Pinus 

tabuliformis and Pinus massoniana at the southern site. These results added further 

evidence of increased iWUE in temperate forest ecosystems during the last century 

and the increasing rates are well agreed with the previous results (Battipaglia et al., 

2013, Penuelas et al., 2008). Meanwhile, the discrimination (Δ) trends showed the 

opposite (decreasing) trend. This is also consistent with the overall increase in δ13C of 

which previous studies have concluded that the more negative δ13C would result in 

higher discrimination and lower iWUE (Tognetti et al., 2014). 

Although Δ and iWUE showed similar variation manners, which indicated similar 

adaption mechanisms to the changing environments, BAI, especially inter-site BAI 

changes exhibited substantial differences. At the northern site, Pinus tabuliformis 

exhibited an upward trend and a similar trend existed for Larix gmelinii when neglect 

its initial variance (Figure 6-1). Numerous studies have also reported stimulated tree 

growth under rising ca and the resulting increased photosynthesis rates (Xu et al., 

2014). The possible explanation for the initial increase in Larix gmelinii at the 

northern site is due to early stage managements for the young plants which might 

include irrigation and base fertilizer applications. Whereas at the southern site, Pinus 

massoniana and Pinus tabuliformis presented similar “first increase and then 

decrease” trend. Similar phenomenon also observed in Sun et al. (2010), Peñuelas et 

al. (2011), and Kwak et al. (2016), the authors indicated a non-linear relationship 

between BAI and ca resulted from combined impacts of extra variables including 

drought, temperature (Maseyk et al., 2011) and pollution (Rinne et al., 2010). 

Therefore, the contrast trend in BAI changes over time at both sites (with similar Δ 



 

78 

 

and iWUE trends) indicated that tree growth at different regions were affected by 

different variables within the study area. 

6.4.2. Effects of ca, Climatic Variables and Environmental Variables on Δ and 

iWUE 

The changes of Δ and iWUE in response to climatic and environmental variations 

could help to examine the acclimation mechanisms of trees. In this study, Δ presented 

a decreasing trend in response to the rising ca whereas a positive relationship between 

iWUE and ca was observed. This agreed well with the findings reported in temperate 

forest ecosystems (Battipaglia et al., 2013, Penuelas et al., 2008). Saurer et al. (2004) 

proposed a three-scenario theory for interpreting gas exchange in response to ci. The 

iWUE trend in the Miyun Reservoir Basin lies in-between the constant ci scenario, 

which assume a strongest response to the atmospheric ca, and ci/ca scenario (Figure 

6-2). Both scenarios indicate that iWUE would positively respond to rising ca, 

together with decreasing discrimination rates (Liu et al., 2014; (Wu et al., 2015). This 

could be explained by the stomatal closure (reduction in stomatal conductance, or gs) 

induced by the rising ca, or increased photosynthesis rate (A) with constant gs (Kwak 

et al, 2016). The significant role of ca can be further confirmed with the strong 

relationship between ca and iWUE as revealed by the correlation analysis (Figure 6-4). 

While on the other hand, climatic variables exert relative less effects on Δ and iWUE, 

which might indicate that effects of temperature and precipitation are much smaller 

than the effect of ca, as trees could acclimate to temperature changes more quickly 

(Kwak et al., 2016; Wang and Kellomaki, 1997).  

6.4.3. Tree Growth (BAI) in Response to ca, Climate and Environment Changes  

Impacts of environmental and climate changes on tree growth could be further 

confirmed with the direct quadratic relationships between BAI and the studied 

variables at the northern and southern site (Figure 6-5). At the northern site, Pinus 

tabuliformis and Larix gmelinii presented the initial BAI increase but then the BAI 

decreased annually under the rising ca. According to the regression models, BAI of 

Pinus tabuliformis and Larix gmelinii at the northern site would peak at around 415 

and 412 ppm ca levels in the next several years, respectively. The quadratic 

relationships between BAI and iWUE for these two species at the northern site have 

passed the tipping point already (Figure 6-5c). Such phenomenon is more evident at 
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the southern site. The regression model revealed that BAI for Pinus tabuliformis and 

Pinus massoniana at the southern site peaked at about ca = 350 ppm and 358 ppm, 

respectively (Figure 6-5b). Whereas, negative correlation between BAI and iWUE 

was observed after iWUE passed the level around 85 umol mol-1. This might indicate 

a two-stage tree growth in the area: at the first stage, water was sufficient and trees 

grew quickly responding to the rising ca (fertilizer effect), increasing iWUE during 

this stage should be attributed to the significant increased assimilation rates. As ca 

keeps increasing, higher temperature but less precipitation intensified water stress for 

tree growth. Under this circumstance, leaves would increase stomatal closures which 

led to higher iWUE levels but decreased assimilation rates (Urrutia-Jalabert et al., 

2015). This trend was consistent with observations in previous studies which reported 

that increase in iWUE would not always be accompanied by positive changes in tree 

growth (Franks et al., 2013, Brienen et al., 2011, Sun et al., 2010, Long et al., 2006, 

Hyvönen et al., 2007). The decreasing annual BAI responding to the rising ca and 

increasing iWUE indicated reduced ability of forests to capture atmospheric CO2 into 

the forest ecosystem. Meanwhile, water stress induced increasing iWUE but 

decreasing photosynthetic rates also suggested that alleviating water shortage through 

engineering measures was a viable way to recover the C capture abilities of the forest 

ecosystem. 

In addition, the differences in regression models (model coefficients, predictors and 

statistics) added evidence that different tree species would respond to external 

changes differently and trees at the two sites were affected by different sets of 

variables (Heimann and Reichstein, 2008, Fu et al., 2015, Gruber and Galloway, 

2008). In specific, at the northern site, ca is the primary contributor where it alone 

could explain about 92% and 74% of the stimulated tree growth (Table 6-2). 

Including additional variables into the model did not significant increase their 

accuracy. The high elevation, low temperature and abundant precipitation at the 

northern site provided sufficient water for forest development, while the location is 

away from intensive human activities and pollutants did not have significant impacts. 

At the southern site, although ca still plays a key role in determining tree growth (52% 

and 44% of the contributions for Pinus tabuliformis and Pinus massoniana, 

respectively), other variables also presented significant contributions (Table 6-2). For 

Pinus tabuliformis, N deposition might positively have contributed additional 9% of 
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the total growth while temperature showed negative impacts (about 12%). While for 

Pinus massoniana, precipitation, annual average temperature, N deposition and dust 

deposition all showed certain level of impacts (about 7% ~ 11% contributions in 

addition to rising ca) over the growth. In addition, the more apparent decrease in 

annual BAI against increasing iWUE at the southern site (Figure 6-5) might also be 

ascribed to the higher pollution levels in the area which led to further stomatal 

closures and thus reduced assimilation rates. This agreed well with existing statement 

that contribution of other climatic or environmental variables are believed to be the 

factors causing inconsistent variations between BAI and iWUE (Andreu-Hayles et al., 

2011, Lévesque et al., 2014).   

Table 6-2: Multiple regression analysis for basal area increment (BAI) of different 

tree species at the two sites with ca and available environmental datasets. P, T, N, S 

and D stand for precipitation, annual average temperature, nitrate deposition, sulfur 

deposition and dust deposition, respectively. 

Species Model Statistics 

Northern Site 

Pinus tabuliformis BAI = -0.0044×ca
2+3.66×ca-737.65 r2 = 0.92, p < 0.001 

Larix gmelinii BAI = -0.0048×ca
2+3.96×ca-801.25 r2 = 0.74, p = 0.133 

Southern Site 

Pinus tabuliformis BAI = -0.0024×ca
2+1.68×ca-284.35 r2 = 0.52, p = 0.017 

 BAI = -0.001×ca
2+0.94×ca+0.093×N-183.63 r2 = 0.61, p = 0.020 

 BAI = -0.004×ca
2+2.52×ca-2.88×T-410.22 r2 = 0.64, p = 0.013 

Pinus massoniana BAI = -0.0037×ca
2+2.65×ca-458.94 r2 = 0.44, p = 0.039 

 BAI = -0.005×ca
2+3.47×ca-0.005×P-3.13×T 

-574.92 

r2 = 0.51, p = 0.130 

 BAI = 0.19×ca+0.19×S-0.40×N-24.75×D 

-26.47 

r2 = 0.55, p = 0.095 
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Figure 6-5: Non-linear correlations between BAI and ca (a, b) and between BAI and 

iWUE (c, d) for Larix gmelinii (blue), and Pinus tabuliformis (red) at the northern site 

(Left panels) and Pinus massoniana (green), and Pinus tabuliformis (red) at the 

southern site (Right panels). 

The impacts of pollutants can be further inferred from the significant correlations 

between BAI and total N levels in tree ring woods (Figure 6-4). Theoretically, 

stimulated photosynthesis with elevated ca would require additional N and other 

nutrients to maintain the growth. As in the Miyun Reservoir Basin, there is no record 

of large scale N application in the area, and fertilizer application for agricultural 

activities are restricted in the upper catchments for water conservation. Atmospheric 

N deposition compromises an important N input in this area. Soil N level is relatively 

low (Table 6-1), therefore, the increased N deposition indicated by total N might have 

relieved N limitation and posed positive effect on CO2 assimilation and resulting the 

tree growth, as supported by the significant positive correlation between total N and 

BAI of Pinus tabuliformis at the northern site. The positive effect of N deposition also 

observed in Oceanic spruce forests, the authors believe that N deposition increased 

foliar N concentration with a positive effect on photosynthetic rates and C 

sequestration (Hyvönen et al., 2007). However, trees at the southern site showed 

negative correlations with total N, indicating a negative effect of N fertilization. This 

(a) (b) 

(c) (d) 
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might be ascribed to the relative higher N deposition rate in this region as reported by 

Shi et al. (2015), while accumulation and saturation of N in forest ecosystem would 

alter soil N transformation, cause soil acidification and nutrient imbalance, and 

ultimately cause growth reduction (Hyvönen et al., 2007, Sun et al., 2010) and even 

tree mortalities (Magill et al., 2004).  

Although trees showed certain adaptive mechanisms through changing Δ and 

iWUE, responding to changing climatic variables including T, P and H, the overall 

tree radial growth (BAI) did not show meaningful relationship with the listed climatic 

variables. Nevertheless, relatively consistent correlations for all species at the two 

sites were observed. The negative effect of temperature might be attributed to high 

respiration rates associated with high temperature (Atkin and Tjoelker, 2003). The 

possible positive effect (low and insignificant correlation coefficients) from warmer 

and drier (decreasing precipitation and atmospheric humidity) climate might stem 

from their positive impacts over iWUE. It is widely accepted that increasing water 

deficit would cause further stomatal closure and C assimilation rates decline and 

therefore offset the fertilization effect of rising ca. Since iWUE in the Miyun 

Reservoir Basin still shows continuous increase (no tipping point observed yet) 

stimulated by the elevated ca, it might have counteracted the negative impacts of 

increasing water stresses. However, this effect is likely to diminish once iWUE enters 

the constant ca-ci scenario (no iWUE improvement or even iWUE decrease). 

6.4.4. Limitations and Implications for Future Studies 

The overall trend of tree radial growth could help to indicate necessary forest 

management activities within the Miyun Reservoir Basin. For instance, at the northern 

site, Pinus tabuliformis and Larix gmelinii still have the potential to grow under rising 

ca in combination with the current climatic and environmental settings. Whereas at the 

southern site, Pinus tabuliformis and Pinus massoniana have showed signals of 

decreasing growth rate which might be induced by the long term heavy N deposition, 

and by the drier weather conditions as well. Measures to mitigate the stress should be 

considered in the near future.  

Several limitations also exist in this study. Firstly, no direct long-term 

observational data on air pollution are available, pollution data monitored in the 

Beijing city was used in this analysis which might cause uncertainties in the derived 
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results. Secondly, different tree species compositions at the two selected sites limited 

the analysis of tolerant levels of different tree species to climate change and different 

level of pollutions as well, even though different levels of correlations with the listed 

variables were detected. Future studies should consider the gradient of multiple 

pollutants distribution over the study area and therefore accurately assess the impacts 

of climate change and air pollution on tree growths in the Miyun Reservoir Basin. 

6.5. Conclusions 

In this study, continuous increasing iWUE was observed and the primary driving 

factor was identified as the rising ca. Increasing temperature and water deficit also 

played significant role in stimulating iWUE increase as revealed with the quadratic 

relationship between iWUE and BAI. Tree radial growth as indexed by BAI showed 

similar trends within each site but differed between the two sites. At the remote 

northern site, trees exhibited overall increased rate of BAI growth responding to the 

elevated ca, and N deposition in this area was found to yield positive effect on tree 

growth. Whereas at the southern site next to Beijing, quadratic relationships were 

acquired and tree growth responding to increasing ca have passed the tipping point 

around 350 ppm. The water deficit induced gs reduction was found to be the primary 

reason, while local pollutions intensified the stomatal limitations which further led to 

decreased annual BAI. 

 

 



 

84 

 

 

CHAPTER 7. GRADIENT ANALYSIS OF PINUS 

TABULIFORMIS GROWTH IN RESPONSE TO 

REGIONAL POLLUTION AND CLIMATE 

CHANGE IN MIYUN RESERVOIR BASIN, CHINA 

Abstract 

Purpose Forest ecosystems provide important measures for regulating regional 

climate conditions and mitigating local air pollution, but limited knowledge is 

available about the forest development and tree growth responses to such changes. 

This study aimed to quantify the impacts of local climatic change and air pollution on 

forest developments in the Miyun Reservoir Basin (MRB), Beijing, China. Output of 

the study was expected to reveal the possible interaction mechanisms of trees under 

multiple stresses. 

Materials and methods Pinus tabuliformis, the major tree species in the MRB, was 

selected as the case study tree species. Five sites along a transect which might present 

a gradient change in major air pollution in Beijing were selected as sampling plots. 

Tree ring cores were collected. Tree ages and ring widths were measured under 

microscopes. Ring width measurements were used to calculate the basal area 

increment (BAI) to represent historic growth. Chemical properties of the tree ring 

samples, including total carbon (C), total nitrogen (N), carbon isotope ratios (δ13C) 

and intrinsic water use efficiency (iWUE), were determined through mass 

spectrometric analysis. For analysing the influencing factors, long term records for 

major climatic (annual precipitation, temperature, relative humidity) and 

environmental (CO2 concentration, PM10, PM2.5, dust, N deposition and sulfur (S) 

deposition) variables were collected or reconstructed. Pearson correlation analysis and 

multiple regression analysis were performed to test the possible relationships of tree 

ring derived variables with the climatic and environmental variables. 

Results and discussion The reconstructed pollutant concentrations indicated that 

Beijing had experienced high pollution levels before 1980s and a significant 
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decreasing trend since the end of 1990s was observed. Pinus tabuliformis at the five 

study sites presented overall increase in iWUE, but directions and significance of the 

relationship between iWUE and BAI differed among the sites. At the sites in the 

remote areas (S1 and S5), ca was found to control tree growth, even though the recent 

increasing water deficit had caused reduction in tree stomatal conductance which led 

to reduced BAI rates. While in the pollution affected areas, the combined effects of ca 

and pollutants on BAI were observed. Multiple regression analysis revealed that the 

effect of ca on tree growth was much higher in the remote areas (> 90% contribution), 

while in the pollution affected areas, including dust, N and S depositions into the 

models apparently increased the performance of the models, indicating significant 

contributions from the listed pollutants. Overall, air pollution caused further stomatal 

closure as evidenced with less negative δ13C levels (about 0.5‰ to 1‰ higher) at sites 

closer to pollution source during heavy pollution periods (e.g. prior to 1996). 

Pollution was also considered as the reason for the poor growth observed at juvenile 

stage of the trees at the S5. The fast growth at this site for recent periods indicated a 

possible adaptation mechanism for Pinus tabuliformis to the sever air pollution. 

Conclusions The gradient analysis indicated that elevated ca was the primary factor 

determining tree growth within the Miyun Reservoir Basin, especially in the remote 

regions away from the significant pollution. Whereas at the sites subjected to frequent 

exposures to heavy pollutants, Pinus tabuliformis growth was suppressed due to the 

stomatal limitations caused by the combined effects of pollution and water deficit. In 

addition, different BAI trajectories also suggested that Pinus tabuliformis would have 

the ability to adapt to the harsh environment in the study area.   

Keywords Tree ring, Tree growth, Climate Change, Air Pollution 

 

7.1. Introduction 

On our planet, forests occupy approximately 4 billion hectares, which is about 31% of 

the total land area (FAO, 2010). The global forest ecosystems provide the society with 

many benefits and services including water conservation, habitats, recreation, local to 

global climate regulation, woods and a variety of other forest products. Extensive 
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research has revealed that climate change over the past two centuries has significantly 

altered the way of forest development worldwide. For example, the rising atmospheric 

CO2 concentration (ca) has presented both positive and negative effect on plant 

growth, depending on type of plants and stand properties of forest ecosystems (Cao 

and Woodward, 1998a, b; Beerling and Mayle, 2006; Xu et al., 2014). Additionally, 

the changes in temperature, rainfall and other factors have proved to influence forest 

development in many ways (Pastor and Post, 1988, Krankina et al., 2005; Baccini et 

al., 2012). 

  In addition to the impacts of climate change, forest ecosystems also experience the 

impacts of environmental pollution. Early studies have concluded that the relationship 

of pollution with forest developments could be categorized into three classes (Smith, 

1974, Smith, 1990). When exposed to low dosage (Class I), the forests are presumably 

to perform as important sink of air contaminants, while under intermediate dosage 

(Class II), specific tree species might face multiple adverse and subtle effects, 

including nutrient stress, reduced assimilation rate or even direct disease induction. 

Exposure to higher dosage (Class III) might result in morbidity or mortality, 

especially for some tree species sensitive to the contaminants. Many studies have 

reported the pollution relief function of forests through uptake some gaseous 

pollutants like nitrogen and sulfur oxides (NOx and SOx) (Nowak, 1994), or intercept 

some particulate matters in the atmosphere including PM10, PM2.5 and dusts (Yang 

et al., 2005, Escobedo and Nowak, 2009). While conversely, few studies have 

discussed the effects of pollutants on tree growth and forest developments. For 

instance, air pollution represented with high concentrations of gaseous pollutants has 

been recognized as the major contributor to the progressive death of forests in Central 

Europe in 1980s (Kandler and Innes, 1995). Detailed experiments reported that 

deposition of sulfur and nitrogen significantly modified the plant nutrition and soil 

chemistry, where the leaf uptake of atmospheric N in addition to root uptake 

stimulated tree growth but also caused a N to cation imbalance, which ultimately 

resulted in the forest decline (Schulze, 1989). However, the site and species related 

variations are also reported in these studies (Kandler and Innes, 1995, Escobedo and 

Nowak, 2009). It is important to examine the reactions of forests, especially the urban 

forests and forests surrounding mega cities projected with serious pollution issues. 
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  As in Beijing, forest ecosystems not only play a critical role in conserving the soil 

and water to ensure the drinking water qualities in source areas, but also an important 

role in mitigating local air pollution through intercepting large amount of particulate 

pollutants blow from northwest provinces. Since early 1960s, authorities have put in 

great efforts to create the current forest belt around Beijing. The sheltering effect is 

obvious, but little is known about how the pollutants have influenced tree growth and 

forest development, especially since the implementation of Reform and Open-up 

Policy in late 1970s after which Beijing has experienced population explosion, rapid 

economic development and the resultant air pollution. 

  Pinus tabuliformis, also known as Chinese Pine, is one of the most important native 

coniferous tree species in the northern China and widely distributed in the forests 

surrounding Beijing. Thus, in this study we selected Pinus tabuliformis as case study 

tree species and evaluated its growth along a transection within the Miyun Reservoir 

Basin, Beijing. In particular, this study established the holistic profiles of tree growth 

along the transection using measured tree ring parameters; long term climatic and air 

pollution data series were collected or reconstructed to reveal temporal changes of 

external environment for tree growth; and the impacts of the changes on Pinus 

tabuliformis growth are discussed through multiple statistical analysis methods. The 

results are expected to provide the evidence of impacts of air pollution on regional 

forest development in Beijing. 

7.2. Data and Methods 

This study was carried out in the Miyun Reservoir Basin (MRB). MRB is the major 

drinking water sources to the Beijing City and is located approximately 180 km away 

from the city centre (Figure 7-1). The basin is jointly administrated by Beijing and 

Hubei Province, occupying about 15,500 km2 land. To the north and west part, the 

basin is dominated with mountainous landscapes, with elevation reached up to ~2,300 

m; whereas to the southeast part of the basin, terrain is relative flat with distribution of 

small hills but mainly occupied with river plains. 

  Both climatic and environmental conditions within the MRB show spatial 

variations in response to the topographic changes. The MRB is in a warm temperate 

zone and presents a typical continental monsoon climate with four distinct seasons. 
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The annual average rainfall is recorded to be about 500 mm but its distribution is 

generally decrease from southeast to northwest regions. Meanwhile, average 

temperature in the mountainous areas is significantly lower than in the southeast part 

of the basin. The environmental condition, presented by concentration of pollutants, 

also exhibits certain gradient due to the characteristics of regional winds. The 

prevailing wind within the MRB is from the north and northwest and wind speed 

decreases due to the shelter effect of the mountains and forests. Since the 

concentrations of air pollutants were generally decreased with increasing wind speed 

(He et al., 2001), particulate pollutants blown from the Gobi Desert was likely to 

accumulate in the southeast side of the MRB. Additionally, pollutants generated in the 

Beijing City are likely to show a decreasing trend along the “south to north” direction 

due to the wind resistance.  

  Considering the changes of climatic and pollution variations, a gradient analysis 

was selected to understand the trend of varied climatic conditions and pollutant 

concentrations and their impacts on local tree growth and forest development. Five 

sites (S1 to S5) along a transection as illustrated with Figure 7-1 were selected as the 

sampling sites. Generally, according to the previous descriptions of climate and 

pollution distributions, S1 and S5 stand for the sites with the lowest impacts from the 

pollution, while S2, S3 and S4 experienced moderate to intensive impacts of 

pollution.

Figure 7-1: Study area and location of tree sampling sites for gradient analysis, the 

green and purple spots (left panel) indicated the approximate location of Fengning and 

Miyun meteorological stations, respectively.  



 

89 

 

7.2.1. Site Properties 

The five sites were selected according to the following criteria: 

(1) Mainly consist of Pinus tabuliformis; 

(2) Located away from major roads and counties to minimise additional impacts 

including pollutants from transportation (more N deposition) and human 

intervention (irrigation, fertilization, etc.); 

(3) Located away from water sources including reservoirs, ponds and rivers to avoid 

significant contributions of water. 

At each site, physical properties (elevation, slope, aspect) were determined while 

surface soil samples (0-10 cm) were collected for analysing its basic chemical 

properties. As demonstrated in Table 7-1, the five sites located in the varied elevation 

levels, ranging from about 200 to 1300 m. Soils at in the sites are quite thin and 

dominated with the brown forest soil. All sites have slight acidic soil (pH ranging 

from 6.5 to 6.9) sharing similar nutrient conditions (comparable total N, total C, total 

phosphorus and available phosphorus levels). Four to nine trees of Pinus tabuliformis, 

depending on the scale of the site and density of trees, with varied ages at each site, 

were selected for tree ring samplings. 

Table 7-1: Site properties, general soil characteristics and tree properties of the five 

sampled sites 

Site 

Site properties Soil properties Trees 

Elevation 
(m) 

Slope 
(degree) 

Aspect 
(degree) 

TN 
(%) 

TC 
(%) 

TP 
(mg kg-1) 

AP  
(mg kg-1) pH trees  

Tree 

ages 

S1 1301 14 310 0.25 2.91 454 4.75 6.47 5 27-31 

S2 798 13 120 0.12 1.54 378 4.44 6.64 4 24-42 

S3 203 15 - 0.16 2.05 685 3.39 6.88 9 24-42 

S4 358 11 245 0.15 1.71 467 4.64 6.86 5 30-49 

S5 1152 19 80 0.26 2.98 340 3.42 6.91 4 26-31 
TN, TC, TP and AP represent total nitrogen, total carbon, total phosphorus, and available phosphorus. 

 

7.2.2. Preparation of Tree Ring Parameters 
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Sampling and Preparation Tree ring increment samples were collected according to 

the methods described in the previous Chapters. In brief, increment borers were used 

to extract two cores of two perpendicular directions at breast height for each selected 

tree. The samples were stored, and transported to the tree ring laboratory at Griffith 

University. All the cores are then dried, sanded and polished for dating and ring width 

measurement. Dating (and cross dating) and width measurements were performed 

with the LINTAB platform. 

Stable Isotope Analysis This study adopted the whole wood sample method to 

analyse tree ring δ13C, and δ15N (Loader et al., 2003). The two increment cores of 

each tree were pooled to generate a single sample, while rings from each 3-year 

period were pooled as well to minimize short term noises. Wood samples representing 

3-year increment for each tree were carefully split out in sequence from the pith to 

bark of the ring with a sharp blade. The pooled samples were oven dried at 60 °C until 

the weights of individual samples did not change. The samples were then ground to 

fine powder. Approximately 10 mg sample was weighted with a fine balance and 

sealed in a tin capsule for stable isotope analysis (Xu et al., 2014). Outputs of the runs 

were the isotope ratio values expressed as relative deviation from the international 

standards. 

Calculating Tree Growth and Intrinsic Water Use Efficiency Instead of using the 

measured ring width, which might biologically decline in mature trees, to present 

annual growth, this study used the basal area increment (BAI). BAI is capable of 

providing consistent records of tree growth thus has been accepted for long term 

studies. BAI can be calculated through the following equation: 

 

where R is the tree radius at breast height and n stand for the year when the ring is 

formed. 

The intrinsic water use efficiency (iWUE), defined as the rate of CO2 assimilation 

(A) divided by the stomatal conductance for water vapor (gs), was estimated according 

to the following equation: 
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where ca and ci stand for atmospheric CO2 concentration and intercellular CO2 

concentrations, respectively. Equations for quantifying ca and ci are detailed in the 

previous chapters. 

7.2.3. Reconstruction of Long Term Climatic and Pollution Profiles 

Climatic Variables There are two meteorological stations within the MRB, Fengning 

and Miyun stations. Fengning station has longer records commencing from 1956, 

while Miyun station was established in 1989. As illustrated in Figure 7-2, Miyun 

station presented relative higher, but still comparable annual precipitation and relative 

humidity levels when comparing the records with Fengning station during the 

overlapped period. However, the annual average temperature at Miyun station (72 m 

above the sea level) is significantly higher than that at Fengning (736 m above the sea 

level), which could be attributed to the difference in elevation of the two stations. 

Previous studies have found that temperature falls with increasing altitude at a rate 

estimated to be within the range of 0.55 – 0.65 °C per 100 m (Lemenih and Itanna, 

2004). Therefore, the longer records on precipitation and relative humidity were 

adopted without processing (e.g. average with Miyun station records after 1989) but 

temperature was interpolated according to elevations using the following equtions: 

 

 

where r is the rate of temperature increasing per 100 m within MRB;  is averaged 

temperature at Miyun and Fengning stations from 1989 to 2014; H stands for the 

elevation of the station or sampling sites; and  is the calculated temperature for site 

s. 
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Figure 7-2: Comparison of (a) precipitation, (b) temperature, and (c) relative 

humidity at Miyun Meteorological station (Blue, 1989-2015) and 

Fengning Meteorological station (Red, 1956-2015). 

Environmental Variables For the purpose of analyzing impacts of the regional air 

pollution on forest development, this study focused on the major pollutants observed 

in Beijing and surrounding provinces. The pollutants include PM10, PM2.5, dust 

deposition, N deposition and S deposition. Data on pollutant concentration levels were 

extracted from published articles (Chan and Yao, 2008). Institute of Atmospheric 

Physics, Chinese Academy of Sciences provided most recent monitoring results (after 

2006) to create a relative long-term dataset. 

  This study estimated pollutant levels in the historical periods, based on available 

instrumental data in the most recent years. As for particulate pollutants (PM10, PM2.5 

and dust deposition), records are available from 1998, whereas gaseous pollutant 

(presented as N and S deposition) concentration data are available from 2006. To 

create a long-term dataset covering the entire study period which generally started 

from early 1960s, the study reconstructed historical levels based on the environmental 

Kuznets Curve (EKC) theory. EKC theory asserts that the environmental quality 

deteriorates initially and then improves as the economy develops. This is due to the 

initial enormous inputs of environment for development combined with increased 

waste productions, while as the entities grow, consumption habits and structural 

changes take place and result in great environmental protection. Many studies have 

presented cross-sectional evidence on the relationships between different indicators of 

environmental quality and per capital national income across countries. While for 

pollution studies specifically, inverse relationship between the levels of air pollutants 

and per capita GDP was reported (Dinda, 2004, Dinda et al., 2000). 

  This study examined the EKC theory between the selected variables and per capital 

GDP. GDP series was derived from statistical yearbook of Beijing. As illustrated in 

Table 7-2, all pollutants showed similar significant inverse relationships with per 

(a) (b) (c) 
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capital GDP. Regression models were derived, based on the years with both pollutant 

records and GDP data. The models were then applied to the extra years to estimate the 

historical levels. 

Table 7-2: Relationships of major pollutants with the per capital GDP of Beijing 

Pollutants Relate to per capital GDP Regression models 

PM10 

(μg m-3) 
 

y = 7E-9x2 - 0.0017x + 208.13 

 (R² = 0.87, n = 18) 

PM2.5 

(μg m-3) 
 

y = 2E-8x2 - 0.0032x + 186.75  

(R² = 0.70, n = 17) 

Dust 

(ton ha-1) 
 

y = 9E-11x2 - 2E-5x + 2.29  

(R² = 0.91, n = 17) 

N deposition 

(kg N ha-1) 
 

y = 1E-8x2 - 0.002x + 136.95  

(R² = 0.53, n = 10) 

S deposition 

(kg S ha-1) 
 

y = 5E-8x2 - 0.0091x + 449.88  

(R² = 0.95, n = 10) 

7.2.4. Data Analysis 

The temporal profiles of each single dependent and independent variables were 

compared through one-way ANOVA analysis, using IBM SPSS Statistics 20 (SPSS 

Inc., USA). The Pearson correlation coefficients between tree ring derived variables 

and environmental variables were calculated to explore possible correlations between 

the two, using SPSS as well. Multiple linear regression analysis was used to test the 

relationship between tree ring-derived and environmental variables as well as 

contribution of specific environmental variables. 

7.3. Results 

7.3.1. Historical Climate Condition and Pollution Levels 

As illustrated in Figure 7-3, annual average pollutant concentrations were maintained 

at high, near constant levels. Significant changes happened in around 1996, where all 

pollutants presented substantial decrease afterwards. In specific, particulate pollutants 

include PM10, PM2.5 and dust deposition have significantly decreased, but, their 

absolute concentration levels were still high when compared to the levels in some 
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other regions. The N deposition has also decreased from the near constant level of 

132.8 kg N ha-1 (averaged value from 1966 to 1993) to about 60.4 kg N ha-1 (averaged 

value from 2008 to 2014), the increasing vehicular population and the resulting high 

emissions limited its further decrease. The S deposition has substantially decreased 

since early 1990s to the current low levels, which were mainly due to the relocation of 

high emission plants and high pollution industries, as well as the adoption of cleaner 

technologies. 

 

Figure 7-3: Reconstructed concentration profiles for (a) PM2.5, PM10 and dust 

deposition; and (b) N and S depositions since 1966. 

7.3.2. Overall Characters of Pinus tabuliformis Growth 

BAI presented overall increasing trend for the five sites, but varied increasing rates 

were observed (Figure 7-4a). The S1 and S5 presented the highest growth rate, 

especially since the middle 1990s. At the initial phase of S1, low increasing rate at 

0.13 cm2yr-1 was observed, whereas at S5, an initial decrease was observed until 1996. 

The S4 has the longest record (49 years). Before 1990, BAI was averaged at 

approximately 7.78 cm2yr-1 at S4 with small inter annual variations, while since 1990 

a significant increase was observed, followed with almost constant annual increase 

(Figure 7-4a). The S2 and S3 presented similar growth trajectory, significant lower 

growth rate than the other three sites were observed since late 1990s (Figure 7-4a). It 

is worth noting that the tipping point within the BAI profiles showed some 

consistence (e.g. mid-1990s) with the form of pollutant concentration changes. 

iWUE presented similar increase along the temporal profile (Figure 7-4b). Since 

iWUE is largely influenced by climatic conditions (precipitation and temperature), the 

synchronized iWUE increase trend might indicate that, environmental change, rather 

(a) (b) 
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than climate change, caused the variations in Pinus tabuliformis growth along the 

gradient. 

 

Figure 7-4: Temporal variation in: (a) basal area increment (BAI); and (b) intrinsic 

water use efficiency (iWUE) at the five selected study sites (S1 to S5). 

Additional evidence of similar impacts of rising ca can be assessed with the similar 

trend of C isotope ratio as well as C isotope discrimination rates as illustrated in 

Figure 7-5. The synchronized appearance of peaks and valleys reflected the similar 

mechanisms at the five sites responding to ca, while the differences in magnitude of 

ratios might be attributed to extra impacts that suppressed or stimulated the C 

assimilation procedures. 

Total N was maintained at near constant levels for all sites, but since 2008, abrupt 

increases were observed. Since N fertilizer application was restricted in this area for 

the protection of drinking water, the most likely contributor was atmospheric N 

deposition after the 2008 Olympic Games. Nitrogen isotope ratio presented significant 

noises which might be due to its low concentration within wood samples and resulted 

in substantial uncertainties in the output of isotope analysis. 

(b) (a) 
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Figure 7-5: Temporal variation in (a) carbon isotope ratio (δ13C); (b) carbon isotope 

discrimination rate (∆); (c) total nitrogen content (TN); and (d) nitrogen 

isotope ratio (δ15N) at the five studied sites. 

7.3.3. The Relationship Between Tree Growth and Climatic and Environmental 

Changes 

Pearson correlation analysis was performed among the tree ring derived variables, 

climatic and environmental variables. Across the five sampling sites, tree iWUE was 

found to be significantly correlated to ca (coefficients r ranging from 0.790 to 0.951, 

Table 7-3). Temperature (T) presented positive impacts over iWUE, but significant 

correlation only observed at S1 (r = 0.606, p = 0.048) and S4 (r = 0.675, p = 0.003). 

Precipitation (P) and humidity (H) showed similar negative controls of iWUE with 

varied level of correlations. All pollutant contents (PM10, PM2.5, dust, N and S 

depositions) showed significant negative impacts on iWUE at all sites. 

As for BAI, significant positive correlation with ca at S1 (r = 0.947, p < 0.001), S4 

(r = 0.888, p < 0.001) and S5 (r = 0.935, p < 0.001), whereas similar positive 

correlations existed at S2 and S3 at insignificant levels. Significant negative impacts 

of air pollutants on BAI were also observed at all five sites except for S2. 

Insignificant relationship was found between BAI and the listed climatic variables 

(Table 7-3). 

 

(a) (b) 

(c) (d) 
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Table 7-3: Pearson correlation coefficients between tree ring derived variables and 

climatic and environmental variables at the five studied sites. * indicates 

that the correlation is significant at the 0.05 level (2 - tailed); and ** 

indicates that the correlation is significant at the 0.01 level. 
Site  ca P T PM10 PM2.5 D N S 

S1 
iWUE 0.790** -0.422 0.606* -0.782** -0.761** -0.772** -0.805** -0.791** 

BAI 0.947** -0.210 0.387 -0.921** -0.987** -0.929** -0.976** -0.959** 

S2 
iWUE 0.951** -0.447 0.401 -0.910** -0.929** -0.899** -0.938** -0.922** 

BAI 0.355 -0.203 0.079 -0.426 -0.517 -0.425 -0.487 -0.456 

S3 
iWUE 0.904** -0.470 0.474 -0.845** -0.886** -0.836** -0.891** -0.871** 

BAI 0.203 0.312 -0.281 0.002 -0.149 -0.011 -0.076 -0.051 

S4 
iWUE 0.919** -0.578* 0.675** -0.853** -0.879** -0.837** -0.887** -0.867** 

BAI 0.888** -0.203 0.533* -0.782** -0.864** -0.786** -0.845** -0.820** 

S5 
iWUE 0.935** -0.669* 0.379 -0.927** -0.928** -0.912** -0.952** -0.938** 

BAI 0.935** -0.590 0.225 -0.963** -0.882** -0.967** -0.922** -0.949** 

Figure 7-6 further indicated a stronger non-linear correlation between BAI and ca 

and between BAI and iWUE. Overall, the direction of the quadratic correlations 

between BAI and ca, BAI and iWUE for each individual site were similar (with varied 

significance) except for S5. For S1 and S2, the quadratic functions were approaching 

their tipping point, which were calculated to be 415 ppm and 414 ppm ca levels, 

respectively. While at S3, maximum BAI was recorded when ca was around 371 ppm 

and decreasing BAI rates were observed afterwards. BAI at S4 was increasing as well 

and it is expected to reach the tipping point when future ca levels reach about 518 ppm. 

Whereas at S5, trees had passed a stage with lowest growing rate when the ca was 

around 349 ppm and constant increasing BAI was observed afterwards. 

Although iWUE at the five sites presented similar increasing trends, the manner of 

BAI in response to iWUE differed between the sites as well. At the S1 and S3, BAI 

positively responded to the rising iWUE at initial stages but started to decrease once 

iWUE attained 101 umol mol-1 and 89 umol mol-1, respectively. The S4 presented a 

similar quadratic relationship between BAI and iWUE unless it had not reach the 

tipping point (about 144 umol mol-1) yet. Instead, S2 and S5 presented opposite 

relationships between the BAI and iWUE. Initially, iWUE was likely to restrict tree 

growth. But for recent stages, increased BAI was consistent with the rising iWUE. 

Typically, with iWUE above the level of 79 umol mol-1, BAI at S5 showed linear 

increase in response to the increased iWUE. The similar BAI trajectories but different 

reactions to iWUE changes might indicated different mechanisms controlling tree 

growth among the sites. 
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Figure 7-6: Non-linear correlations between BAI and ca (a, c, e, g and i), and between 

BAI and iWUE (b, d, f, h and j) at the five selected sites (from S1 to S5) 

The multiple regression results (Table 7-4) indicated the contributions of several 

factors to BAI changes. A large portion of the variations in BAI at S1 (91.9%), S2 

(45.1%), S3 (40.3%), S4 (79.3%) and S5 (94%) were explained with the elevated ca. 

At S1 and S5, including additional climatic (temperature, precipitation) and 

S1 

S2 

S3 

S4 

S5 

(c) (d) 

(e) (f) 

(g) (h) 

(i) (j) 

(a) (b) 
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environmental (N deposition, S deposition, dust, PM10, PM2.5) related variables into 

the models would improve the model performance, but with limited effect, which 

indicated that ca was the controlling factor at these two remote sites with relative high 

elevations (Table 7-1). At S2, temperature and water availability (indicated with 

iWUE) did not show significant contribution to BAI as well, but dust, N and S 

depositions together explained about 74.5% of the BAI variations, indicating the 

significant effects from air pollutants. At S3, including iWUE and temperature into 

the BAI-ca function increased the coefficient of determination by 19%, while ca, 

temperature, iWUE and pollutants (dust, N and S depositions, PM10, PM2.5) together 

explained about 90% of the BAI variations. The same set of variables (exclude ca) 

showed less contributions to BAI changes at S4 after ca had played dominant role 

(explained 79.3% of the BAI variations) at this site. 

Table 7-4: Multiple regression analysis for basal area increment (BAI) with climatic 

(ca, iWUE, temperature) and environmental (total N, dust deposition, S deposition, 

nitrate deposition, PM10, PM2.5) related variables at the five selected sites (S1 – S5). 

Site Regression models Model performance 

 

 

S1 

BAI = -0.0044 × ca
2 + 3.66 × ca - 737.65 r2 = 0.919, p < 0.001 

BAI = -0.006 × ca
2 + 4.85 × ca - 2.80 × T + 0.15 × iWUE - 932.82 r2 = 0.946, p = 0.001 

BAI = -0.002 × ca
2 + 1.78 × ca - 164.34 × TN - 404.59 r2 = 0.966, p < 0.001 

BAI = 0.42 × ca - 1.004 × T + 0.39 × iWUE - 0.082 × PM10 - 0.84 × 

PM2.5 -14.41×D + 1.53×N + 0.012 × S – 169.39 

r2 = 0.999, p = 0.003 

 

 

S2 

BAI = -0.0007 × ca
2 + 0.58 × ca - 108.84 r2 = 0.451, p = 0.067 

BAI = -0.001 × ca
2 + 0.52 × ca + 0.069 × iWUE + 0.22×T – 99.87 r2 = 0.468, p = 0.290 

BAI = 0.002×ca
2 - 1.71 × c a- 81.28 × TN + 198.55 r2 = 0.695, p = 0.018 

BAI = -0.060 × ca+ 13.76 × D- 0.19 × TN- 0.024 × S + 33.048 r2 = 0.764, p = 0.023 

BAI = 12.29 × D - 0.19 × N- 0.012 × S + 10.66 r2 = 0.745, p = 0.009 

 

 

S3 

BAI = - 0.003 × ca
2 + 2.23 × ca - 394.75 r2 = 0.403, p = 0.058 

BAI = - 0.003 × ca
2 + 2.41 × ca - 0.12 × iWUE - 1.15 × T - 424.056 r2 = 0.596, p = 0.062 

BAI = 0.21 × ca + .008 × iWUE - 0.42 × T - 0.027 × PM10 - 0.42 × 

PM2.5 - 8.82 × D + 0.83 × N + 0.013 × S - 74.015 
r2 = 0.879, p = 0.056 

 

 

S4 

BAI = -0.0007 × ca
2 + 0.73 × ca - 152.64 r2 = 0.793, p < 0.001 

BAI = -0.001 × ca
2 + 0.88 × ca - 0.11 × iWUE - 0.12 × T – 163.68 r2 = 0.801, p < 0.001 

BAI = 0.25 × ca - 0.26 × iWUE + 0.23 × T + 0.13 × PM10 + 0.33 × 

PM2.5 + 4.66 × D - 0.53 × N + 0.042 × S - 49.72 
r2 = 0.872, p = 0.007 

 

 

S5 

BAI = 0.0079 × ca
2 - 5.51 × ca + 961.93 r² = 0.940, p < 0.001 

BAI = 0.009 × ca
2 - 6.53ca + 0.14 × iWUE - 0.32 × T + 1160.93 r2 = 0.946, p = 0.002 

BAI = 0.12 × ca
2 - 8.16 × ca + 0.044 × iWUE + 0.47 × T - 42.064 × 

TN + 1447.97 
r2 = 0.953, p = 0.009 

BAI = -1.018 × ca - 0.28 × iWUE + 5.50 × T - 1.97 × D + 0.35 × N - 

0.10 × S - 0.44 × PM10 - 0.12 × PM2.5 + 445.95 
r2 = 0.998, p = 0.09 

T, TN, D, N, and S represent temperature, total N, dust deposition, N deposition and S deposition. 
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7.4. Discussion 

This study presented an empirical effort to quantify the impacts of climatic and 

environmental changes on the forest development through selecting Pinus 

tabuliformis as case study tree species. Tree growth since the establishment of the 

forest was represented with a set of variables based on tree ring wood analysis, while 

the corresponding climatic and environmental variables were collected and 

reconstructed to cover the entire study period. Multiple statistical analysis methods 

were adopted for testing the correlations between the variables. The major research 

findings and their implications for future studies are discussed below. 

7.4.1. Annual Trends of Pollutant Concentrations in the MRB 

  In the present study, the level of air pollutant concentrations was reconstructed 

based on the EKC theory, which has been used in many other studies (Dinda, 2004, 

Dinda et al., 2000). A relative high pollution level before 1980s and a significant 

decreasing trend since the end of 1990s were observed. The overall trend of pollutant 

concentration change can be treated as a rational due to the primary reason of the 

economic structure reforms and the combined technological development since the 

end of 1970s. Before the current reforms, economic growth in China was largely 

relied on consumption of resources, while tons of pollutants were emitted into the 

atmosphere. Economic transitions after the reforms not only resulted in technological 

improvement which significantly increased energy efficiency and reduced pollutant 

emissions, but also caused rising spending on environmental issues in China. Since 

1998, dozens of air pollution control measures had been implemented in planning for 

the 2008 Beijing Olympic Games to decrease pollution (Chan and Yao, 2008). Similar 

decreasing trajectories of pollutants along the rising per capital income levels have 

been reported by Brock and Taylor (2005) and Kaufmann et al. (1998). 

7.4.2. BAI Responses to Elevated ca and Climate Change 

Although tree iWUE showed similar increasing trend (Figure 7-4), as well as 

significant positive correlation with rising ca, directions and significance of the 

relationships between iWUE and BAI differed among the five selected sites. As for 

Pinus tabuliformis at S1, the increasing iWUE, as well as its initial positive 

relationship with BAI, can be largely attributed to the ca-stimulated A. This is agreed 
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well with the previous studies which concluded that rising ca is likely to increase 

iWUE across biome (Penuelas et al., 2011; Wang et al., 2002). However, as the ca 

keeps rising, the increasing rate of annual BAI reduced, which could be ascribed to 

increasing water stress induced gs reduction. An overall decrease in precipitation 

while increasing temperature were observed according to the climate records at 

Fenning station (Figure 7-2). The decreased gs would help reducing water 

transpiration through leaves and thus maintained the increasing trend in iWUE (Figure 

7-4). But reduced stomatal conductance would limit assimilation procedures which 

led to the negative correlations between BAI and iWUE for the recent periods. Such 

phenomenon (increasing iWUE in combination with quadratic relationship between 

iWUE and BAI) is also observed at S2, S3 and S4, but with less significance, 

indicating possible contributions from other variables. Whereas at S5, tree growth 

(BAI) linearly responded to the rising ca, while BAI and iWUE presented an adverse 

correlation against the other four sites. This might be ascribed to the relative abundant 

water availability at the site (Figure 7-2) and thus water has not been limiting tree 

growth yet. Therefore, increased ca led to high photosynthetic activities and thus high 

iWUE levels. 

7.4.3. BAI Responses to Air Pollution 

The impacts of air pollutants on tree growth could be inferred from two aspects. 

Firstly, from a qualitative perspective, only the sites subjected to frequent exposures 

to high pollutant concentrations showed signs of affecting tree growth, as evidenced 

with the multiple regression analysis. In the current study, S1 and S5 were recognized 

as the two sites with relative less impacts from air pollution due to their high 

elevations with fluctuate terrains (and thus possible higher humidity and more 

precipitations which were against the distribution of pollutants). Thus, tree growth at 

these sites showed relative consistent responses primarily to the rising ca. Pollutant 

related variables, together with precipitation and temperature, contributed less than 

10% of the BAI variations. Whereas at S2 and S3, which were located closer to 

Beijing city with relative flat terrain characteristics, including air pollutant related 

variables into the multiple regression analysis apparently increased the performance 

of the models. Such phenomenon could be ascribed to the distance of the sites to the 

pollution sources, which agreed well with the previous statements that the degree of 
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suppression of tree growth from air pollution would decrease as the distance to the 

pollution source increased (Rydval and Wilson, 2012; Sakata and Suzuki, 2000). 

  While from a quantitative perspective, during high pollution periods in the MRB 

(e.g. prior to 1996), S2 and S3 presented higher δ13C values (and thus lower Δ values). 

For instance, δ13C in 1984 was recorded at -25.10‰ and -24.97‰ at S2 and S3, 

respectively, which was about 0.5‰ higher than the other sites. In 1993, δ13C at S2 

and S3 was -25.93‰ and -25.56‰, while the corresponding values at S1 was 

-27.12‰. The difference in δ13C among the sites diminished somewhat as alleviated 

pollution was observed after 1996. This could be explained by the stomatal closure 

caused by sever air pollution, leading to poor tree growth. Early researchers also 

found that trees exposed to multiple air pollutants would result in less negative δ13C 

values, where the authors attributed it to stomatal closures as well (Martin et al., 1988; 

Rinne et al., 2010). The greater determination of coefficients (r2) when including the 

dust, N and S deposition in the multiple regression analysis at S2, S3 and S4 also 

suggested that pollutants played important roles in determining tree growth rates. 

Typically, at S2, when ca and other climatic related variables were removed from the 

regression model, the contribution of pollutants increased and was greater than that 

from climatic variables, highlighting that pollutants played a key role in tree growth at 

this site. Whereas at S5, BAI experienced an initial decrease before iWUE come to 

the level of 79 umol mol-1, which happened between 1993 and 1996. Considering the 

heavy pollution for the period, this BAI reduction might also be attributed to the 

pollution induced gs decrease, while the following recovered BAI increase might 

indicate that Pinus tabuliformis adapted to the pollution and unrestricted (by gs 

closure) photosynthetic activities were performed afterwards. The negative correlation 

of BAI to dust, N deposition, S deposition, PM10 and PM2.5 at the five selected sites 

added further evidence of pollution induced stomatal limitation on tree growth.    

  Although the impacts of pollution on Pinus tabuliformis growth along the gradient 

have been discussed through analysing the spatial and temporal characteristics of both 

tree ring derived growth variables and environmental variables, there are some 

limitations in this study. Firstly, no spatial distribution of pollutants is available to 

discuss the detailed impacts of air pollution. High fluctuations within the δ15N values, 

which we attributed to the low N levels within the wood samples while insensitive 
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detectors of the mass spectrometer, hindered the purpose of using δ15N reflecting the 

impacts of N deposition. Future study should consider more precise measurement of 

N isotope ratios. The S isotope ratio should also be considered to quantify the impacts 

of pollution. Then, only one species was studied and it was hard to extend the derived 

conclusions to the other tree species in the area. 

7.5. Conclusions 

Pinus tabuliformis growth along the pollution gradient was studied. Although 

similarly increasing iWUE trajectories were observed at all studied sites, in spite of 

the temperature and precipitation differences, Pinus tabuliformis growth at the remote 

and pollution affected sites responded differently to climatic and environmental 

changes. In the remote regions where there was less air pollution, rising ca was the 

dominant factor determining tree growth, as it explained much of the BAI variations. 

The rising temperature in combination with drier weather induced acclimation (reduce 

gs) and thus restrained fast tree growth in the recent periods. In the pollution affected 

regions, multiple regression models indicated the complicated effects of both climatic 

and environmental changes on tree growth. Overall, negative effect of air pollution 

was observed, and intensified the gs closure caused by water deficit led further 

decreased tree growth. Therefore, we conclude that the distance to the pollution 

source in the study area would determine the level of suppression from air pollution 

on tree growth. However, the lack of spatially specific pollutant concentration data, as 

well as lack of responses from other tree species, limited the current findings 

extending to much boarder circumstances. 
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CHAPTER 8. GENERAL DISCUSSION 

 

8.1. Introduction 

The purpose of this chapter was to compare the results derived from large scale 

estimation, based on remote sensing technology, and fine scale experiments using tree 

ring samples. It should be noted at this early juncture that a number of constraints 

would exist in revealing the mechanisms of tree growth under multiple stresses, which 

would require great efforts and many further experiments. One of the most obvious 

constraints is imposed by the limited size of tree species studied and small size of 

trees sampled, which would be insufficiently compared due to the complicated inter 

species and inter site variations. More specifically, it seems that some inconsistent 

outcomes were derived from the satellite based method and tree ring experiments. 

Despite these limitations, the impacts of climate change and environmental changes 

on regional forest growth can be acquired. Comparison of the multiple source results 

and implications of external impacts are detailed in the following sections. 

8.2. Reconciling the Results 

8.2.1. Large Scale AGB Estimations and Tree Growth at Stand Scale 

In Chapter 5, forest development represented with forest aboveground biomass (AGB) 

was quantified at three distinct periods. In discussing the spatial character of AGB 

distribution, large scale societal activities (e.g. urbanization, cultivation, etc.) were 

inferred as the primary contributors. Whereas along the time scales, temporal 

variations of AGB were attributed to the level of human interventions (e.g. expansion 

or shrink of farmlands, large range of afforestation.). No further analysis was done 

about the contributions from climate change and environmental changes. This is 

determined by the nature of the Landsat imageries applied. The 30 m spatial 

resolution means that the growth dynamics of individual trees have been averaged. As 

concluded in Chapter 6, some tree species were more sensitive to climatic and 
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environmental factors than the others. Thus, the average treatment effect of the pixels 

might have diminished the strong response signals of some single trees. Additionally, 

the decadal scale Landsat-derived results would also be incapable of supporting the 

direct correlation analysis with the other potential driving factors. 

Even though remote sensing created a holistic picture about forest development 

within the MRB, its spatiotemporal characteristics can be evidenced by the knowledge 

derived with tree ring experiments. Some of the points are listed below: 

- Overall increased biomass accumulation was observed with Landsat image series 

(1990 to 2010). This is consistent with the rising trend of BAI at most sampling 

sites which indicated a fast tree growth during this period.  

- In relation to the remote sensing study, forests in the remote areas presented more 

consistent biomass accumulations. Few interventions from cultivation activities 

might not be the single contributor, but also there were less negative impacts of 

pollutants, which is supported by the gradient analysis in Chapter 7. 

During the implementation of this PhD Program, many (e.g. journal editors / 

reviewers and PhD confirmation committee etc.) have raised their questions about 

validating the remote sensing derived AGB with tree ring measurements. This thesis 

did not test the possible relationship of the two primarily because of the scale 

difference of the two datasets: while remote sensing based results presented 

contributions of all components within a pixel, tree ring based sampling only carried 

out on a selection of tree species with limited tree duplications. To link the two 

datasets, a straightforward thinking of accumulating information at multiple scales 

(e.g. individual trees – species - pixels) with the assistance of multiple data (e.g. 

LiDAR, very high resolution satellite imagery) could be tested in the next stage of 

research. 

8.2.2. Inter-species and Inter-site Variations of Tree Growth Response to 

Climatic and Environmental Changes 

With the results derived from the experiments carried out in Chapter 6 and Chapter 7, 

the conclusion of inter site differences contributed to the major variations in response 

to climatic and environmental changes. It is worth noting that the term of “species” 

focused on the studied species of only Larix gmelinii, Pinus tabuliformis and Pinus 
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massoniana and situation would change if other species were included, especially 

broad leaved tree species. Previous studies have recognized broad leaved trees as 

faster-growing species compared to the conifers species (Tjoelker et al., 1999), which 

might result in wider but vague annual tree rings of broad leaved trees (Stoffel et al., 

2013). 

  In Chapter 6, there were similar growth trajectories of different tree species within 

the two defined sites respectively, but the differences between the sites were the 

primary evidence of the above conclusion. When relating to the pollution gradient 

introduced in Chapter 7, the southern site in Chapter 6 was near to S1 while the 

northern site was within the precinct of S3. Thus, the varied growth trajectories of 

Pinus tabuliformis found in Chapter 7 added further evidence of significant 

contribution of inter site variations.  

  More specifically, in Chapter 6, overall BAI increase of Larix gmelinii and Pinus 

tabuliformis at the northern site was attributed to the elevated CO2 concentration and 

the predicted positive effect of N deposition. While at S1 of Chapter 7, ca was 

determined as the primary driven factor for tree growth as well and the quantified 

pollution explained about 8% of the variations at a significant level. Whereas at the 

southern site of Chapter 6, decreased BAI trends were observed for both Pinus 

tabuliformis and Pinus massoniana, where the predicted N deposition was inferred as 

the major reason. In Chapter 7, the accumulative effect of dust deposition was 

revealed and identified as the major contributor (47.9%) to overall tree growth 

variations and N deposition contributed a smaller proportion (7.9%).   

8.3. Limitations and Avenues for Further Research 

The combined application of remote sensing and tree ring methods for assessing the 

impacts of both climate and environmental changes on the forest development had a 

number of limitations. These could be the subject of next steps of research. The major 

limitations include: 

- The large scale AGB estimation only revealed pixel scale (30 m) variations. Since 

quite few regions within MRB presented forests composited of single tree species 

while species was one of the factors that led to varied tree growth responses, the 
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Landsat derived results are insufficient to address the detailed contributions of 

multiple factors. Finer resolution images (< 1 m), recognition of individual trees 

with LiDAR technology and field investigations of specific tree species should be 

considered to improve the contribution of remote sensing technology in such 

analysis. 

- Within the current study, three coniferous tree species were studied because they 

enabled deriving the tree ring series clearly. Broadleaved trees should be 

considered in further studies since they are characterized with relatively higher 

growth rate and seems more sensitive to stand conditions (soil characters, slope, 

elevation, etc.) and environmental changes. More elaborated pre-processing 

procedures (e.g. polishing and dating) should be tested in handling the obscure 

tree rings. 

- The number of trees sampled for each individual species in the present study is 

also limited due to budget and labour constraints. The two selected sites for inter 

species comparison and five sites for the gradient analysis provided a snapshot 

about the tree growth, however, to reveal the complex mechanisms with 

confidence requires systematic sampling of more trees to reduce uncertainties 

resulting from biotic (e.g. tree age) and abiotic (e.g. stand conditions) variations. 

- This study only descriptively indicated the contributions of many factors. To 

quantify the contribution of individual factor, more specific chemical analysis 

should be implemented to specify the influences. For example, precise 

measurement of N isotope ratios could assist analysing N deposition 

contributions, while S isotope analysis might reveal the impacts of S depositions. 

Implementation of such analysis requires intensive financial and labour inputs but 

it is worthy to be studied in the future. In addition, distribution map of the factors 

should be considered, instead of using the sole records at the observation stations, 

in quantifying the absolute contributions of both climate and environmental 

conditions. 

- Although designed to interpret the remote sensing based large scale estimations, 

tree ring derived conclusions yield merely qualitative descriptions for 

understanding some of the spatiotemporal variations. The gap between these two 

scales need to be bridged if any future attempt is made to link the results. A 
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feasible way is to introduce fine scale images and LiDAR data to construct the 

relations from individual plants (LiDAR) to the sites (fine remote sensing images) 

and then to ecosystem scales. 

- This study provided an integrated approach for conducting research in similar 

forest ecosystems, however, the results found in this study could only apply to the 

studied area, MRB. This is determined by the nature of the sampling based 

method. 

 

8.4. Summary 

Both remote sensing technology and tree ring analysis based methods were employed 

in this study. The results derived from the two approaches could be reconciled. Based 

on the results, the impacts of large scale urbanization and afforestation activities as 

well as contribution of both climate and environmental changes were quantified. The 

overall growth trends of trees and corresponding forest development were further 

analysed. 
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CHAPTER 9. SUMMARY AND CONCLUSIONS 

 

9.1. Synopsis of the Study 

Significant climate change is inevitable, so is the growing prominence of pollution. 

Forest ecosystems may not be able to adapt to the rate of rising atmospheric CO2 

concentration or the increasing temperate change and the intensity of impacts from 

multiple pollutants. These impacts are likely to hit the relative fragile local forest 

ecosystems surrounding the mega cities (such as Beijing studied in this thesis) which 

are projected with both climate change and severe pollution. For instance, there are 

public concerns about the capability of trees and forests to survive from external 

interventions, especially air pollution due to the relative simple composition of the 

forest ecosystems determined by afforestation methods in Beijing. 

  There are many studies reporting that trees and forests could react to changing 

climate conditions and multiple air pollutants, but both positive and negative results 

have been generated. Different tree species, intensity of climate change and level of 

pollutions would have resulted in various responses of individual trees and forest 

ecosystems to such changes. Thus, a specific research of local forest is necessary to 

reveal its distinct characteristics in responding to multiple stresses. 

  In this study both large scale AGB estimation based on remote sensing data and 

plant scale tree ring analysis were used to examine the potential links between forest 

or tree growth and the changing climate and environment in the MRB. It is expected 

that the outcome of the analysis would contribute to improved understanding about 

the interaction or adaptation mechanisms of forests and provide certain management 

recommendations if necessary. 

9.2. The Key Findings 

Three research questions were proposed in Chapter 1 regarding the primary objectives 

of this study. The answers to the questions are as follows: 

Question 1: Is the forest within the study area well established?  
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The remote sensing derived estimates showed that forest ecosystem experienced 

significant development since 1990, with both increased areal coverage and AGB 

accumulations. Obvious spatial variations in AGB densities were observed. The three 

periods (1990, 2000 and 2010) results indicated that regions with less interventions 

presented more consistent biomass accumulations. The implementation of large scale 

ecological conservation measures promoted the forest expansion and overall 

development during the studied period, while local farming activities exerted 

negatives effects. 

Question 2: Are different tree species presented same mechanisms responding to 

climatic and environmental changes?  

Tree ring samples for three tree species were collected from the selected southern 

site and northern site. Overall, increasing BAI at the northern site but decreasing BAI 

at the southern site were observed. The elevated atmospheric CO2 concentration and 

moderate N deposition at the northern site were identified as primary driving factors 

for the relatively faster growth of Pinus tabuliformis and Larix gmelinii. While at the 

southern site, the CO2 fertilization effect on Pinus massoniana and Pinus tabuliformis 

also exists but it peaked at about 350 ppm and started to decrease afterwards. The 

quadratic function between BAI and iWUE indicated that the phenomenon can be 

ascribed to the increased water deficit resulting from higher temperature but less 

precipitation causing tree stomatal conductance which further led to decreased 

photosynthetic activities and thus decreasing BAI. Exposure to long term heavy N 

depositions was recognized as possible reasons added to BAI decrease at the southern 

site.  

Question 3: Is pollutant exerted significant effects on forest development?  

Pinus tabuliformis at the five studied sites presented overall increase in iWUE, but 

its relationship with BAI differed among the sites, either with different level of 

significances of the relationship, or adverse correlations were acquired. At S1 and S5 

which were considered as the remote areas free of heavy air pollutions, ca was found 

to stimulate tree growth, even though the recent increasing water deficit had caused 

reduction in tree stomatal conductance which led to reduced BAI rates. While in the 

pollution affected sites (S2, S3 and S4), the combined effects of ca and pollutants on 

BAI were observed. Multiple regression models revealed that the effect of ca on tree 
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growth was much higher in the remote areas (> 90% of the contributions), while in the 

pollution affected areas, including dust, nitrogen and sulfur depositions into the 

models apparently increased the performance of the models, indicating contributions 

from the listed pollutants. Overall, air pollution caused further stomatal closure as 

evidenced with less negative δ13C levels (about 0.5‰ to 1‰ higher) at sites closer to 

pollution source during heavy pollution periods (e.g. prior to 1996). Pollution was 

also considered as the reason for the poor growth observed at juvenile stage of the 

trees at S5. The fast growth at this site for recent periods indicated a possible 

adaptation mechanism for Pinus tabuliformis to the sever air pollution. 

9.3. Summary 

Through the combined use of remote sensing technology and tree ring based 

experimental methods, this thesis unravelled the pros and cons of the two methods 

and examined the potential of linking the two data sources. Based on the methods, 

major coniferous tree species were studied. It was concluded that the forests in the 

Miyun Reservoir Basin have experienced overall development under the influence of 

multiple stresses including rising atmospheric CO2 concentration, changing climate 

and serious air pollution. However, different tree species responded differently to the 

studied variables. The fast-growing Pinus tabuliformis seemed to be more adaptive to 

the changing climate and environment. Besides, exposure to frequent air pollutions 

presented negative impacts on growth of all species. The findings suggested possible 

forest management efforts to maintain the health development of forest around 

Beijing City through enhanced irrigation and controlled pollutions. Future studies 

might aim to unpack the responses of other broadleaved tree species for acquiring the 

holistic pictures of forest development in the region.  
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