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Accurate and timely information on vegetation status, in the form of biophysical and biochemical 
variables, is key to the effective management of vegetated environments. Using optical 
instruments capable of resolving the spectral characteristics of vegetation, satellite-derived 
vegetation products now provide users routine estimates of these variables at the regional and 
global scale. However, to ensure their fitness-for-purpose, quality assessment is required. 
Unfortunately, progress in the validation of these products has been restricted by temporally 
limited reference data, with periodic field campaigns providing few in situ reference 
measurements throughout the growing season or over multiple years. Information on how 
product performance varies over time is, therefore, scarce (resulting in uncertainty in models of 
crop yield, carbon exchange, and the weather and climate systems, for which vegetation 
seasonality is an important driver). In recent years, several techniques have emerged with the 
potential to provide temporally continuous in situ reference data, automating the data collection 
process and overcoming the logistical issues associated with periodic field campaigns. This thesis 
focuses on addressing challenges associated with these techniques, including those related to 
data processing methods, measurement assumptions, spatial representativeness, and upscaling 
approaches (which are a necessity for validating moderate spatial resolution products). Of various 
emerging techniques, above-canopy digital repeat photography was identified as being of 
particular interest due to its maturity and degree of spatial integration. However, a critical 
appraisal of the approach revealed that due to non-linear and seasonal effects, the resulting time-
series of colour indices were prone to asymptotic saturation and could not be easily linked to any 
one biophysical property. To overcome these limitations, a new technique based on automated 
below-canopy digital hemispherical photography was proposed and evaluated. Benchmarking 
against manually collected data provided confidence that the approach could deliver leaf area 
index measurements of comparable quality to traditional in situ measurement techniques (but 
with substantially improved temporal characterisation). Upscaling methods were then 
investigated, as existing approaches are not well-suited to dense temporal characterisation of a 
limited number of locations. It was concluded that radiative transfer model-based approaches, 
which incorporate physical knowledge and enable seasonal variations in sun-sensor geometry to 
be accounted for, were more robust than vegetation index-based multitemporal transfer 
functions. Overall, the thesis provides a framework for routine quality assessment of satellite-
derived vegetation products, from a cost-effective automated in situ measurement technique, 
through to an upscaling approach capable of deriving time-series of high spatial resolution 
reference maps suitable for product validation. By facilitating a temporally explicit quantification 
of product performance in future work, the framework will enable targeted product 
improvements to be made, ultimately reducing uncertainties in downstream applications.
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Chapter 1 Introduction 

1.1 Background 

1.1.1 The need to monitor vegetation status 

Accounting for approximately 70% of the Earth’s land surface, terrestrial vegetation is a major 

component of the biosphere (FAO, 2014). The amount, condition and dynamics of vegetation 

influence a range of biogeochemical processes, controlling exchanges of water, carbon, and 

energy with the atmosphere. In turn, these exchanges affect the Earth’s weather, climate and 

surface energy balance. Of particular importance in terms of carbon storage are the world’s 

forests, which cover approximately 30% of the terrestrial surface whilst accounting for 

approximately 50% of its gross primary productivity (Beer et al., 2010; FAO, 2015), but which have 

suffered a net loss of 13 million ha per year between 2000 and 2010 (FAO, 2010). In addition to 

carbon sequestration, forests provide a range of important ecosystem services and act as a source 

of fibre, fuel and timber (Barredo et al., 2015). Meanwhile, in the context of an increasing global 

population, agricultural crops, which make up approximately 13% of the terrestrial surface, 

continue to be the world’s main source of food (FAO, 2014; Foley et al., 2011; Godfray et al., 

2010). 

To effectively manage vegetated environments, accurate and timely information on their status is 

essential. Estimates of biophysical and biochemical variables, which quantify specific structural 

and functional properties of vegetation condition, are a key input to crop yield, carbon exchange, 

climate, and numerical weather prediction models (Ogutu et al., 2013; Richardson et al., 2013; 

Sellers et al., 1997), whose outputs play a fundamental role in the development of successful 

environmental policy, and are critical in informing effective climate change adaptation and 

mitigation strategy. Owing to their importance, several vegetation biophysical variables have 

been designated essential climate variables (ECVs) by the Global Climate Observing System 

(GCOS, 2019). ECVs represent critical components of the climate system, and are required to 

support the work of the Intergovernmental Panel on Climate Change (IPCC) and United Nations 

Framework Convention on Climate Change (UNFCCC). ECVs related to vegetation status include 

leaf area index (LAI) and the fraction of absorbed photosynthetically active radiation (FAPAR). 

Other relevant biophysical and biochemical variables include the fraction of vegetation cover 

(FCOVER), and canopy chlorophyll content (CCC). These quantities are further described in the 

following sub-sections. 
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1.1.2 Biophysical and biochemical variables 

1.1.2.1 Leaf area index 

LAI is defined as half the total leaf area per unit horizontal ground area (Chen and Black, 1991), 

and determines the size of the interface between the biosphere and atmosphere, exerting control 

over processes such as light interception and evapotranspiration. Thus, LAI is important in 

understanding drivers of carbon fixation, responses to climate change, and feedbacks to the 

climate system (Richardson et al., 2013; Sellers et al., 1997). LAI is a dimensionless quantity that 

typically varies between 0 and 10 (GCOS, 2019). Since LAI is an intrinsic canopy property, it does 

not vary depending on illumination conditions. 

1.1.2.2 Fraction of absorbed photosynthetically active radiation 

Photosynthetically active radiation (PAR) describes electromagnetic radiation at wavelengths of 

between 400 nm and 700 nm, whilst FAPAR corresponds to the fraction of this radiation which is 

absorbed by vegetation canopies. Because it is the electromagnetic radiation between these 

wavelengths that is utilised in photosynthesis, FAPAR is strongly related to vegetation productivity 

and is widely used for modelling carbon exchange and crop yield (GCOS, 2019; Prince and 

Goward, 1995). It is a dimensionless quantity that varies between 0 and 1. As the amount of light 

incident on a vegetation canopy is a function of canopy structure and the angle of the solar beam, 

FAPAR is dependent on illumination geometry and the proportion of direct and diffuse radiation 

(Baret et al., 2013). 

1.1.2.3 Fraction of vegetation cover 

FCOVER corresponds to the fraction of ground that is covered by vegetation when viewed from 

nadir, and is dimensionless quantity ranging from 0 to 1. As in intrinsic property of vegetation 

canopies, FCOVER does not vary depending on illumination conditions, and is used within climate 

and numerical weather prediction models to partition contributions from the soil and vegetation 

(Baret et al., 2013). 

1.1.2.4 Canopy chlorophyll content 

As the key photosynthetic pigment, chlorophyll plays an important role in determining the 

physiological status of vegetation (Filella and Peñuelas, 1994). Thus, CCC, which describes the 

mass of chlorophyll per unit horizontal ground area, is a sensitive indicator of vegetation health. 

Like LAI and FCOVER, CCC is an intrinsic canopy property, so does not vary depending on 
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illumination conditions. CCC corresponds to the product of LAI and leaf chlorophyll concentration 

(LCC), which describes the mass of chlorophyll per unit horizontal leaf area (Inoue et al., 2016). 

1.1.3 The role of satellite remote sensing 

To quantify biophysical and biochemical variables such as LAI, FAPAR, FCOVER, and CCC, a variety 

of in situ measurements techniques have been developed, including direct/destructive and 

indirect/non-invasive methods. Whilst these techniques (which are described further in Section 

1.5.2) can provide valuable information on vegetation status, due to limited resources, logistical 

challenges, and their time-consuming and laborious nature, they fail to adequately characterise 

spatial and temporal variability at the regional and global scale. With repeat, systematic, and 

global coverage, optical imagery from instruments on-board polar-orbiting satellites are 

particularly well-suited to this task. Over the last three decades, the information provided by such 

systems has been exploited for the retrieval of vegetation biophysical and biochemical variables, 

and within the last 20 years, several operational satellite-derived vegetation products have 

emerged, facilitating routine regional and global monitoring of vegetation condition. The 

theoretical basis of these approaches, which rely on the spectral characteristics of vegetation, is 

detailed in Section 1.2. It is worth noting that in addition to optical data, active forms of satellite 

remote sensing including synthetic aperture radar (SAR) and light detection and ranging (LIDAR) 

can also provide useful information for biophysical and biochemical variable retrieval, particularly 

in the case of canopy structural variables (Dubayah et al., 2020; Inoue et al., 2014; Wang and 

Fang, 2020). However, since optical data form the basis of the vast majority of operational 

satellite-derived vegetation products, these techniques will not be the focus of this thesis.  

1.2 The spectral characteristics of vegetation canopies 

The spectral characteristics of vegetation are the basis for all biophysical and biochemical variable 

retrieval approaches involving the use of optical satellite remote sensing data. These 

characteristics are a function of a number of factors, including leaf pigmentation, leaf structure, 

canopy characteristics, and non-canopy factors. The influence of each of these factors on spectral 

reflectance is detailed in the following sub-sections. 

1.2.1 Leaf pigmentation 

Incident electromagnetic radiation may be absorbed, transmitted, or reflected by a leaf. The 

epidermis cells that constitute the exterior layers of a leaf can be penetrated by all wavelengths. 

In the visible region of the electromagnetic spectrum (400 nm to 700 nm), the spectral properties 
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of leaves are dominated by absorption features associated with photosynthetic pigments found in 

the palisade mesophyll cells (Gates et al., 1965; Knipling, 1970; Lichtenthaler et al., 1998) (Figure 

1.1 and Table 1.1). These absorption features are the result of electron transitions and bond 

vibrations (Curran, 1989; Ollinger, 2011). The most abundant photosynthetic pigment is 

chlorophyll-a, which absorbs strongly at blue (400 nm to 500 nm) and red (600 nm to 700 nm) 

wavelengths. Chlorophyll-b, which absorbs strongly only at blue wavelengths (Figure 1.2 and 

Table 1.2), is less abundant. The colour of a healthy leaf is the result of comparatively little 

absorption (and thus greater reflectance) at green wavelengths (500 nm to 600 nm). The ratio of 

chlorophyll-a to -b is typically between 2:1 and 3:1 (Anderson, 1986). In addition to chlorophyll, 

carotenoids and flavonoids such as carotene and xanthophyll also influence the spectral 

characteristics of leaves in the visible region. Absorbing primarily at blue and green wavelengths, 

these pigments are responsible for the orange, yellow, and red colour of senescent leaves, which 

become apparent as chlorophyll concentration decreases during senescence (Gates et al., 1965; 

Jones and Vaughan, 2010; Knipling, 1970; Ollinger, 2011). 

 

Figure 1.1 Diagram illustrating absorption and scattering of incident radiation within the 

palisade mesophyll (top layer) and spongy mesophyll (bottom layer) cells of a leaf. 

1.2.2 Leaf structure 

In the near-infrared region of the electromagnetic spectrum (700 nm to 1300 nm), the spectral 

characteristics of a leaf are primarily controlled by its structural properties. Although most visible 

radiation reaching a leaf is absorbed by photosynthetic pigments in the palisade mesophyll cells, 

comparatively little absorption occurs at near-infrared wavelengths, and the majority of radiation 

is transmitted into the underlying spongy mesophyll cells (Figure 1.1). As the radiation reaches the 
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interface between interstitial air space and the walls of the spongy mesophyll cells, internal 

scattering occurs due to differences in their refractive index, leading to strong reflectance 

throughout the near-infrared region (Curran, 1989; Gates et al., 1965; Gausman, 1977; Jones and 

Vaughan, 2010; Knipling, 1970) (Figure 1.2 and Table 1.1). As the number of interfaces increases 

during senescence, increasing near-infrared reflectance is observed. Punctuating the near-

infrared plateau are two minor absorption features (960 nm and 1100 nm), which are associated 

with water contained within the spongy mesophyll cells. Strong absorption by water dominates 

the shortwave-infrared region (1300 nm to 2500 nm), although absorption features are also 

associated with cellulose, lignin and sugar (Curran, 1989; Knipling, 1970; Ollinger, 2011) (Figure 

1.2 and Table 1.2). 

Table 1.1 Spectral characteristics of vegetation in the visible, near-infrared, and shortwave-

infrared regions of the electromagnetic spectrum, after Curran (1980) and Dash 

(2012). 

Wavelength 
(nm) 

Characteristics 
Relation to vegetation 

amount 

400 to 500 Strong chlorophyll and carotene absorption Strong negative 

500 to 600 Reduced level of pigment absorption Weak positive 

600 to 700 Strong chlorophyll absorption Strong negative 

700 to 740 
Transition between strong absorption and 

strong reflectance 
Weak negative 

740 to 1300 High vegetation reflectance Strong positive 

1300 to 2500 Water, cellulose, and lignin absorption Not specific 

 

 

 

Figure 1.2 Typical leaf reflectance spectrum in the visible, near-infrared, and shortwave-infrared 

regions of the electromagnetic spectrum. Data from Baldridge et al. (2009). 
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Table 1.2 Key absorption features associated with vegetation, after Curran (1989) and Jones 

and Vaughan (2010). 

Wavelength (nm) Chemical Electron transition or bond vibration 

430, 460, 640, 660 Chlorophyll-a and -b Electron transition 

970, 1200, 1400, 1940 Water O-H bend 

1510, 2180 Protein, nitrogen N-H stretch and bend, C-H stretch 

1690 Lignin C-H stretch 

1780 Cellulose and sugar C-H stretch, O-H stretch, H-O-H deformation 

2310 Oil C-H stretch and bend 

 

1.2.3 The red-edge 

The transition between strong absorption at visible wavelengths due to photosynthetic pigments 

and strong reflectance at near-infrared wavelengths due to leaf structural characteristics is known 

as the red-edge. As leaf chlorophyll concentration (LCC) increases, the red (600 nm to 700 nm) 

chlorophyll absorption feature broadens and deepens, causing the red-edge to shift towards 

longer wavelengths (Clevers et al., 2001; Clevers and Gitelson, 2013; Dawson and Curran, 1998; 

Filella and Peñuelas, 1994; Horler et al., 1983; Jago et al., 1999; Lichtenthaler et al., 1998). The 

position of the red-edge is, therefore, strongly related to LCC. As the position of the red-edge can 

be defined by the point of maximum slope, it is easily determined as the maximum of the first 

derivative of a leaf reflectance spectrum. The first derivative is calculated as 

𝐷𝛌(𝐢) =
𝑅𝛌(𝐢) − 𝑅𝛌(𝐢−𝟏)

∆𝛌
 

where 𝑅𝛌(𝐢) is the reflectance at wavelength 𝑖. If continuous and contiguous data are available at a 

high spectral resolution, the red-edge position can be used as an effective means to estimate LCC 

(Clevers et al., 2001; Clevers and Gitelson, 2013; Dawson and Curran, 1998; Filella and Peñuelas, 

1994; Horler et al., 1983; Jago et al., 1999; Lichtenthaler et al., 1998). 

1.2.4 Canopy structure 

The spectral characteristics of a vegetation canopy are controlled not only by the individual 

components that it is comprised of (including leaves, stems, and branches), but also by their 

structure (Jones and Vaughan, 2010; Liang, 2004). For example, the density of the canopy is a 

principle determinant of the amount of absorption and scattering that occurs. In a dense canopy, 
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radiation reflected or transmitted by one leaf is likely interact with another. Therefore, increases 

in LAI will lead to increases in within-canopy scattering, and consequently, increases in near-

infrared reflectance (Allen and Richardson, 1968; Jones and Vaughan, 2010; Knipling, 1970; 

Ollinger, 2011). As CCC is the product of LAI and LCC, increases in LAI are also likely to result in 

increased absorption (and thus decreased reflectance) at blue and red wavelengths. Similarly, in 

open canopies with a low LAI, the soil background will have an increased influence on canopy 

reflectance (Section 1.2.5.1). In addition to canopy density, factors such as leaf angle distribution 

play an important role. Increased shadowing and soil background contribution will occur in 

canopies that are more erectophile than planophile, acting to reduce reflectance (Ganapol et al., 

1999; Jackson and Pinter, 1986; Ollinger, 2011). In forest canopies, the influence of woody 

elements may also be substantial, depending on the species in question. 

1.2.5 Non-canopy factors 

1.2.5.1 Soil background 

In addition to leaf pigments, leaf structure, and canopy structure, various non-canopy factors 

influence the reflectance of a vegetation canopy. Perhaps most obvious are the effects of the soil 

background, whose spectral characteristics vary as a function of mineral, organic matter, and 

water content, in addition to physical properties such as surface roughness (Jones and Vaughan, 

2010). Soils typically demonstrate low reflectance in the visible region of the electromagnetic 

spectrum, increasing monotonically with wavelength to higher reflectance in the near-infrared 

and shortwave-infrared regions (Figure 1.3). Absorption features at blue, green, and near-infrared 

wavelengths are associated with minerals such as iron oxide (giving iron rich soils their red colour, 

as comparatively little absorption occurs at red wavelengths), whilst an increase in either organic 

matter or water content causes a reduction in reflectance across the entire spectrum 

(Baumgardner et al., 1986; Rondeaux et al., 1996; Stoner and Baumgardner, 1981). 

 

Figure 1.3 Typical soil reflectance spectrum in the visible, near-infrared, and shortwave-infrared 

regions of the electromagnetic spectrum. Data from Baldridge et al. (2009). 
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1.2.5.2 Viewing and illumination geometry 

As a result of their three-dimensional structure and non-Lambertian nature, electromagnetic 

radiation is not reflected equally in all directions by vegetation canopies. Therefore, variations in 

viewing and illumination geometry also have a substantial influence of canopy reflectance (Jones 

and Vaughan, 2010). Perhaps most notable is the hotspot effect, which occurs when the source of 

illumination lies directly behind the observer. At the hotspot, canopy reflectance is markedly 

increased, because only directly illuminated canopy components are visible (Figure 1.4). As the 

observer moves away from the direction of illumination, a greater number of shadows become 

visible, reducing the reflectance of the canopy (Jones and Vaughan, 2010; Kuusk, 1991; Liang, 

2004; Suits, 1971). The arrangement of leaves, stems, and branches will determine the degree of 

shadowing that will occur, and thus the magnitude of the reduction will depend strongly on 

canopy structure. In addition to the hotspot effect, the viewing geometry also plays an important 

role in determining the contribution of the underlying soil background. For example, a 

substantially greater proportion of the underlying surface is visible from nadir than from oblique 

viewing angles, where the path length (and thus probability of a ray of light being intercepted by 

vegetation) is increased (Suits, 1971). 

 

Figure 1.4 Illustration of the hotspot effect, in which the reflectance of the canopy is increased 

when the source of illumination lies behind the observer (NCAVEO, 2006). 

1.3 Space-borne optical instruments 

A range of space-borne optical instruments have features that make them suitable for monitoring 

the spectral characteristics of vegetation. An overview of some of the key instruments developed 

and operated during the past three decades is provided in the following sub-sections. 
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1.3.1 Coarse spatial and spectral resolution instruments 

Routine global monitoring of terrestrial vegetation using satellite remote sensing was first 

facilitated by coarse spatial and spectral resolution instruments in the late 1970s. Of particular 

importance was the Advanced Very High Resolution Radiometer (AVHRR), details of which are 

provided in Section 1.3.1.1. 

1.3.1.1 Advanced Very High Resolution Radiometer 

Recording data in four spectral bands at a spatial resolution of 1.1 km and 10-bit radiometric 

resolution, AVHRR/1 was first launched on-board the National Oceanic and Atmospheric 

Administration’s (NOAA’s) Television Infrared Observation Satellite (TIROS) in 1978. Later versions 

of the instrument (i.e. AVHRR/2 and AVHRR/3) were installed on-board NOAA’s family of Polar 

Operational Environmental Satellites (POES) (from NOAA-6, launched in 1979, to NOAA-19, 

launched in 2009), and more recently the European Organisation for the Exploitation of 

Meteorological Satellites (EUMETSAT) European Meteorological Operation (MetOp) platforms 

(MetOp-A, -B, and -C, launched in 2006, 2012, and 2019, respectively). These later versions of 

AVHRR, which provide data to the present day, were equipped with additional spectral bands. The 

instrument is an across-track (whisk-broom) scanner, and with red and near-infrared capabilities, 

AVHRR is able to characterise several of the main spectral characteristics of vegetation (Section 

1.2), whilst its large swath width (2,399 km) provides global coverage daily. As such, prior to the 

launch of more advanced instruments (Section 1.3.2), AVHRR was widely used for regional and 

global scale vegetation monitoring (Justice et al., 1985; Running and Nemani, 1988; Tucker et al., 

1985). 

Despite the apparent value of its long time-series, spanning from 1978 to the present day, it is 

important to note that AVHRR has suffered from a number of issues that have somewhat 

undermined its utility. Firstly, because the NOAA satellites had no on-board propulsion system to 

correct for orbital drift during the lifetime of each mission, changes in the equatorial crossing time 

occurred, leading to variations in illumination geometry, which, if not carefully accounted for, can 

be erroneously interpreted as changes in vegetation condition, confounding time-series analysis 

and leading to incorrect conclusions (Kaufmann et al., 2000).  Additionally, the AVHRR 

instruments contained no on-board radiometric calibration system for the optical bands, leading 

to pronounced sensor degradation and the necessity for vicarious calibration approaches 

(Kaufman and Holben, 1993; Kaufmann et al., 2000). Finally, because the spectral bands of the 

instrument are very broad (i.e. 100 nm to 385 nm for the red and near-infrared bands, 

respectively), AVHRR is unable to resolve subtle features of the vegetation reflectance spectrum, 

such as those related to changes in pigmentation (Section 1.2). 
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1.3.2 Moderate spatial resolution instruments 

The heritage and lessons learnt from the AVHRR instruments led to improvements in sensor 

technology. Benefitting from on-board radiometric calibration systems and orbital stabilisation, in 

the late 1990s and early 2000s, instruments such as the Moderate Resolution Imaging 

Spectroradiometer (MODIS), Medium Resolution Imaging Spectrometer (MERIS), and VEGEATION 

(VGT) provided improved spatial, spectral, and radiometric resolutions, in addition to increased 

signal-to-noise ratios. To provide continuity to these sensors, subsequent instruments, such as the 

Visible Infrared Radiometer Suite (VIIRS) and Ocean and Land Colour Instrument (OLCI), have been 

launched within the past decade. Details on the key characteristics of these instruments are 

provided in the following sub-sections. 

1.3.2.1 Moderate Resolution Imaging Spectroradiometer 

First launched on-board the National Aeronautics and Space Administration’s (NASA’s) Earth 

Observing System (EOS) Terra platform in 1999 and later on-board Aqua in 2002, the MODIS 

instrument records data in 36 spectral bands between 405 nm and 14,385 nm with 12-bit 

radiometric resolution. Its spatial resolution varies between 250 m, 500 m, and 1 km. Of its 36 

spectral bands, seven are designed specifically for terrestrial applications. The instrument is an 

across-track (whisk-broom) scanner, and its 2,330 km swath width provides global coverage 

within one to two days. Unlike AVHRR, MODIS featured an on-board spectral and radiometric 

calibration assembly to enable the performance of the instrument to be monitored throughout 

the mission (Barnes et al., 1998; Justice et al., 1998). Though they were built with a design life of 

six years, the MODIS instruments on-board Terra and Aqua continue to operate to the present 

day, though they are expected to be retired in the coming years (Yan et al., 2018). 

1.3.2.2 Medium Resolution Imaging Spectrometer 

MERIS was launched on-board the European Space Agency’s (ESA’s) Environmental Satellite 

(ENVISAT) in 2002. It was unique in terms of its spectral configuration, as the number, centre, and 

width of its spectral bands was programmable. In its standard band setting, MERIS recorded data 

in 15 spectral bands between 407.5 nm and 905 nm (Table 1.3), at a full spatial resolution of 300 

m and reduced spatial resolution of 1.2 km, and with 12-bit radiometric resolution. Although 

primarily designed for ocean colour applications, the instrument was equally well-suited to 

monitoring the terrestrial environment. Of particular utility for vegetation monitoring were bands 

7, 8, 9 and 10, which enabled the red-edge region of the electromagnetic spectrum to be 

characterised from an operational space-borne system for the first time (Clevers et al., 2001; 

Curran and Steele, 2005; Dash and Curran, 2004; Dawson and Curran, 1998). In contrast to 
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MODIS, MERIS was an along-track (push-broom) scanner. Its 1,150 km swath width provided 

global coverage within three days. Like MODIS, MERIS featured comprehensive on-board spectral 

and radiometric calibration systems (Curran and Steele, 2005; Rast et al., 1999). Contact with 

ENVISAT was lost in 2012, marking the end of the MERIS archive. 

Table 1.3 Characteristics of MERIS spectral bands, after Curran and Steele (2005). 

Band Wavelength range (nm) Applications 

1 407.5 to 417.5 Yellow substance, turbidity 

2 437.5 to 447.5 Chlorophyll absorption 

3 485 to 495 Chlorophyll, other pigments 

4 505 to 515 Turbidity, suspended sediment, red tides 

5 555 to 565 Chlorophyll reference, suspended sediment 

6 615 to 625 Suspended sediment 

7 660 to 670 Chlorophyll absorption 

8 677.5 to 685 Chlorophyll fluorescence 

9 703.75 to 713.75 Atmospheric correction 

10 750 to 757.5 Oxygen absorption reference 

11 758.75 to 762.5 Oxygen absorption R-branch 

12 771.25 to 786.2 Aerosols, vegetation 

13 855 to 875 Aerosols correction over ocean 

14 880 to 890 Water vapour absorption reference 

15 895 to 905 Water vapour absorption, vegetation 

 

1.3.2.3 VEGETATION 

Unlike MODIS and MERIS, which were designed as science missions supporting a wide range of 

applications, the VGT instrument was specifically developed for the purpose of operational 

vegetation monitoring. The VGT programme was established by a consortium of partners 

including Belgium, France, Italy, Sweden and the European Commission, with support from the 

Centre National d’Études Spatiales (CNES). The first VGT instrument was launched on-board the 

fourth Satellite Pour l’Observation de la Terre (SPOT-4) platform in 1998, whilst further 

instruments were launched on-board SPOT-5 in 2002 and PROBA-V in 2013. Notably, VGT features 

just four spectral bands considered essential to characterise vegetation canopies, recording data 

at a spatial resolution of 1 km and with 8-bit radiometric resolution. Like MERIS, the instrument is 
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an along-track (push-broom) scanner featuring an on-board radiometric calibration system. Its 

2,220 km swath width provides global coverage within one day (Maisongrande et al., 2004; Saint, 

1994). 

1.3.2.4 Visible and Infrared Radiometer Suite 

VIIRS is designed to provide continuity to the MODIS instruments, and is carried on-board the 

Suomi National Polar-Orbiting Partnership (S-NPP) platform. S-NPP was launched in 2011 as a 

result of a partnership between NASA, NOAA and the Department of Defense, in order to bridge 

the gap between the EOS and future Joint Polar Satellite System (JPSS) satellites (the JPSS 

platforms are the follow-on to the now cancelled National Polar-Orbiting Operational 

Environmental Satellite System (NPOESS) project). VIIRS features 22 spectral bands covering the 

visible, near-infrared, shortwave-infrared, midwave-infrared, and longwave-infrared regions of 

the electromagnetic spectrum with 12-bit radiometric resolution (Goldberg et al., 2013). Its 

spatial resolution varies between 375 m and 750 m, though data are resampled to 500 m, 1 km 

and 0.05° in NASA-provided data products, for consistency with the MODIS archive (LP DAAC, 

2020). Like MODIS, the instrument is an across-track (whisk-broom) scanner, whilst its 3,040 km 

swath width is 710 km greater than that of MOSIS (Goldberg et al., 2013). 

1.3.2.5 Ocean and Land Colour Instrument 

OLCI, carried on-board the Sentinel-3A (launched in 2016) and -3B (launched in 2017) platforms, is 

designed to provide continuity to the MERIS archive. Funded by the European Union, the Sentinel 

missions form part of the Copernicus programme, formerly known as Global Monitoring for 

Environment and Security (GMES). Making extensive use of satellite remote sensing, the 

Copernicus programme is intended to provide information to environmental decision makers 

through a wide range of operational services and data products. Developed by ESA, six Sentinel 

series of satellites are planned, with guaranteed continuity until at least 2030, making Copernicus 

the most ambitious operational Earth observation programme to date (Aschbacher and Milagro-

Pérez, 2012). 

OLCI’s design is based on that of MERIS, but with several improvements, including an increase in 

the number of spectral bands (21 as opposed to 15, recorded at 12-bit radiometric resolution) 

(Table 1.4), an improved signal-to-noise ratio, and a 100% overlap with the Sea and Land Surface 

Temperature Radiometer (SLSTR), which, when used in synergy, will provide continuity to VGT. 

Unlike MERIS, OLCI’s field-of-view (FOV) is not centred at nadir, but shifted 12.6° away from the 

sun to minimise sun glint. With a swath width of 1,270 km (120 km greater than that of MERIS), a 

single instrument will provide global coverage within two days. However, the constellation of two 
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platforms, which orbit 140° apart, further increases the temporal resolution. Each platform has a 

design life of seven years, but enough fuel to provide 12 years of continuous operations. Further 

platforms (Sentinel-3C and -3D) are scheduled for launch from 2021 onwards (Donlon et al., 

2012). 

Table 1.4 Characteristics of OLCI spectral bands, after Donlon et al. (2012). 

Band 
Wavelength 
range (nm) 

Applications 

1 392.5 to 407.5 Aerosol correction, improved water constituent retrieval 

2 407.5 to 417.5 Yellow substance and detrital pigments (turbidity) 

3 437.5 to 447.5 Chlorophyll absorption maximum, biogeochemistry, vegetation 

4 485 to 495 High chlorophyll, other pigments 

5 505 to 515 Chlorophyll, sediment, turbidity, red tide 

6 555 to 565 Chlorophyll reference (chlorophyll minimum) 

7 615 to 625 Sediment loading 

8 660 to 670 
Chlorophyll (2nd chlorophyll absorption maximum), sediment, 

yellow substance/vegetation 

9 670 to 677.5 
For improved fluorescence retrieval and to better account for smile 

together with the 665 nm and 680 nm bands 

10 677.5 to 685 Chlorophyll fluorescence peak, red edge 

11 703.75 to 713.75 Chlorophyll fluorescence baseline, red edge transition 

12 750 to 757.5 O2 absorption/clouds, vegetation 

13 760 to 762.5 O2 absorption band/aerosol correction 

14 762.5 to 766.25 Atmospheric correction 

15 766.25 to 768.75 O2A used for cloud top pressure, fluorescence over land 

16 771.25 to 786.25 Atmospheric and aerosol correction 

17 855 to 875 Atmospheric and aerosol correction, clouds, pixel co-registration 

18 880 to 890 
Water vapour absorption reference band. Common reference band 

with SLSTR 

19 895 to 905 
Water vapour absorption/vegetation monitoring (maximum 

reflectance) 

20 930 to 950 
Water vapour absorption, Atmospheric correction/aerosol 

correction 

21 1000 to 1040 Atmospheric and aerosol correction 
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1.3.3 High spatial resolution multispectral instruments 

Though not yet used for routine global monitoring or the generation of operational products, the 

characteristics of high spatial resolution multispectral instruments (such as those carried on-board 

the Landsat and Sentinel-2 platforms) have proven to be useful for studying vegetation status at 

smaller spatial scales. The characteristics of the most widely used instruments are detailed in the 

following sub-sections. 

1.3.3.1 Multispectral Scanner 

The Multispectral Scanner (MSS) was first launched on-board the Earth Resources Technology 

Satellite (ERTS), later renamed Landsat 1, in 1972. With four spectral bands in the visible and 

near-infrared regions of the electromagnetic spectrum and a swath width of 185 km, MSS enabled 

the collection of information similar to that provided by AVHRR at a much finer spatial resolution 

of 60 m, but with a longer revisit period of 18 days. The instrument was of across-track (whisk-

broom) design and featured 6-bit radiometric resolution (Markham et al., 2004). Carrying nearly 

identical payloads to Landsat 1, the subsequent Landsat 2 and 3 missions were launched in 1975 

and 1978, respectively.  

1.3.3.2 Thematic Mapper 

In 1982 and 1984, Landsat 4 and 5 were launched. In addition to MSS, Landsat 4 and 5 also carried 

the Thematic Mapper (TM), which incorporated three additional spectral bands, offered an 

improved spatial resolution of 30 m (with the exception of the thermal band, which had a 120 m 

spatial resolution), an increased 8-bit radiometric resolution, and a reduced revisit period of 16 

days (Markham et al., 2004). Landsat 5 continued operations until 2013, whilst a sixth Landsat 

mission, launched in 1993, failed to reach orbit. 

1.3.3.3 Enhanced Thematic Mapper 

Carrying an upgraded version of TM, known as the Enhanced Thematic Mapper (ETM+), Landsat 7 

was launched in 1999. ETM+ improved the spatial resolution of the thermal band to 60 m, and 

provided an additional 15 m panchromatic band (Goward et al., 2001). Although Landsat 7 is still 

active, a mechanical fault with ETM+’s scan line corrector means that since 2003, approximately 

22% of each acquired scene is comprised of missing data (Markham et al., 2004). 

1.3.3.4 Operational Land Imager 

In 2013, as Landsat 5 was still fully operational but reaching the end of its life, an eighth Landsat 

platform was launched. To minimise the possibility of further mechanical failures, the Operational 
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Land Imager (OLI) on-board Landsat 8 is of an along-track (push-broom) design. OLI features 

additional spectral bands, and an improved 12-bit radiometric resolution, providing greater 

sensitivity than the previous 8-bit instruments (Roy et al., 2014). 

1.3.3.5 Multispectral Instrument 

The Multispectral Instrument (MSI) sensors are carried on-board the Copernicus Sentinel-2A 

(launched in 2015) and -2B (launched in 2017) platforms. MSI was developed to provide 

continuity and improved capabilities to existing high spatial resolution multispectral instruments 

such as TM, ETM+ and OLI. The utility of these instruments for vegetation monitoring had 

previously been limited by their relatively low temporal resolution (confounded by the effects of 

cloud cover), and limited spectral capabilities. MSI records data in 13 spectral bands between 433 

nm and 2280 nm with 12-bit radiometric resolution (Table 1.5). The instrument is of across-track 

(push-broom) design. 

Table 1.5 Characteristics of MSI spectral bands, after Drusch et al. (2012). 

Band Wavelength range (nm) Application/region 

1 433 to 453 Coastal aerosol 

2 457.5 to 522.5 Blue 

3 542.5 to 577.5 Green 

4 650 to 680 Red 

5 697.5 to 712.5 Vegetation red-edge 

6 732.5 to 747.5 Vegetation red-edge 

7 773 to 793 Vegetation red-edge 

8 784.5 to 899.5 Near-infrared 

8A 855 to 875 Vegetation red-edge 

9 935 to 955 Water vapour 

10 1365 to 1395 Shortwave-infrared, cirrus 

11 1865 to 1955 Shortwave-infrared 

12 2100 to 2280 Shortwave-infrared 

Importantly, like MERIS and OLCI, MSI incorporates several narrow bands in the red-edge region 

of the electromagnetic spectrum, making it particularly useful for assessing pigmentation. When 

compared to these moderate spatial resolution instruments, however, it features a much 
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improved spatial resolution of between 10 m, 20 m, and 60 m. Combined with a swath width of 

290 km, the constellation of two platforms, which orbit 180° apart, enable global coverage with 

the same viewing conditions to be achieved within five days (Drusch et al., 2012). This represents 

a dramatic improvement when compared to previous high spatial resolution multispectral 

instruments with revisit periods between 16 and 18 days (Sections 1.3.3.1 to 1.3.3.4). 

1.4 Biophysical and biochemical variable retrieval methods 

Using the data recorded by space-borne optical instruments such as those described in Section 

1.3, several approaches to the retrieval of vegetation biophysical and biochemical variables have 

been developed, including statistical, physically-based, and hybrid methods. These techniques are 

detailed in the following sub-sections. 

1.4.1 Statistical retrieval 

One of the simplest retrieval methods is the statistical approach, in which a statistical relationship 

is established between the remote sensing data and the biophysical or biochemical variable of 

interest. Historically, the statistical approach has focussed on parametric regression against 

vegetation indices. In recent years, more advanced non-parametric machine learning regression 

algorithms have been adopted that can exploit reflectance observations in multiple spectral 

bands. These methods are detailed in the following sub-sections. 

1.4.1.1 Vegetation indices 

Vegetation indices are radiometric quantities that exploit the differences in the reflectance of 

vegetation at different wavelengths of the electromagnetic spectrum. By mathematically 

combining the reflectance observations from several spectral bands, vegetation indices are 

designed to maximise sensitivity to biophysical/biochemical variables, whilst minimising the 

influence of confounding factors. Their simple calculation is their key advantage, making them 

computationally efficient, and thus easily applied to large datasets or in operational processing 

chains (Dash and Curran, 2004; Dorigo et al., 2007; Frampton et al., 2013; Huete et al., 2002; 

Liang, 2004; Verrelst et al., 2015a; Vuolo et al., 2010). A wide range of vegetation indices have 

been proposed within the literature, aiming to provide sensitivity to specific vegetation properties 

or to minimise the influence of certain non-canopy factors. A non-exhaustive overview of some 

common vegetation indices is provided in the following sub-sections. 
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1.4.1.1.1 Broadband indices 

The first vegetation indices exploited the broad spectral bands available on instruments such as 

AVHRR and MSS (Sections 1.3.1.1 and 1.3.3.1). By combining information from red and near-

infrared wavelengths, the simple ratio (SR), as described by Jordan (1969), provided an early 

measure of vegetation vigour. It is calculated as 

𝑆𝑅 =
𝑅𝑁𝐼𝑅

𝑅𝑟𝑒𝑑
 

where 𝑅𝑁𝐼𝑅 and 𝑅𝑟𝑒𝑑 are reflectance values in the red and near-infrared bands, respectively. 

Importantly, the use of ratio transformation enables the multiplicative effects of variations in 

illumination over the scene, which are proportional between bands, to be largely suppressed 

(Holben and Justice, 1981).  

Although it was a useful measure of vegetation status, the numerically unbounded nature of the 

SR made its interpretation challenging, and as a result, the normalised difference vegetation index 

(NDVI) was developed to constrain the range of possible values to between -1 and 1 (Rouse et al., 

1974). The NDVI is calculated as 

𝑁𝐷𝑉𝐼 =
𝑅𝑁𝐼𝑅 − 𝑅𝑟𝑒𝑑

𝑅𝑁𝐼𝑅+𝑅𝑟𝑒𝑑
 

To date, the NDVI is the most widely used vegetation index, in part because it can be applied to a 

wide range of remote sensing data (i.e. any sensor with visible and near-infrared bands). It has 

known association with biophysical variables such as LAI, FAPAR, and FCOVER, making it useful for 

statistical retrieval of these quantitates (Baret and Guyot, 1991; Carlson and Ripley, 1997; Gamon 

et al., 1995; Myneni and Williams, 1994). However, because the maximum reflectance at red 

wavelengths is reached before the maximum LAI, this relationship is non-linear, and the NDVI 

suffers from asymptotic saturation, reducing its sensitivity to higher LAI, FAPAR, and FCOVER 

values experienced in denser vegetation canopies (Baret and Guyot, 1991). Previous work has also 

demonstrated that the NDVI is sensitive to the soil background and atmosphere (Huete, 1988; 

Kaufman and Tanré, 1992; Myneni and Williams, 1994). 

To address the sensitivity of the NDVI to non-canopy factors, several adjusted vegetation indices 

were later developed. For example, the soil adjusted vegetation index (SAVI) introduced a soil 

adjustment term to suppress the contribution of the soil background (Huete, 1988). It is 

calculated as 

𝑆𝐴𝑉𝐼 =
𝑅𝑁𝐼𝑅 − 𝑅𝑟𝑒𝑑

𝑅𝑁𝐼𝑅 + 𝑅𝑟𝑒𝑑 + 𝐿
 (1 + 𝐿) 
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where 𝐿 is a soil adjustment term that is varied depending on the reflectance of the soil 

background in question (a default value of 0.5 is often assumed). Similarly, the atmospherically 

resistant vegetation index (ARVI) was developed to suppress the contribution of the atmosphere. 

By using information contained in the blue region of the electromagnetic spectrum (which is 

subject to greater Rayleigh scattering than longer wavelengths), the ARVI partially corrects for 

atmospheric effects in the red region of the electromagnetic spectrum (Kaufman and Tanré, 

1992). The AVRI is calculated as 

𝐴𝑅𝑉𝐼 =
𝑅𝑁𝐼𝑅 − [𝑅𝑟𝑒𝑑 − 𝛾 (𝑅𝑏𝑙𝑢𝑒 − 𝑅𝑟𝑒𝑑)]

𝑅𝑁𝐼𝑅 + [𝑅𝑟𝑒𝑑 − 𝛾 (𝑅𝑏𝑙𝑢𝑒 − 𝑅𝑟𝑒𝑑)]
 

where 𝑅𝑏𝑙𝑢𝑒 is the reflectance value in the blue band, and 𝛾 is a weighting term that is varied 

depending on the presence of atmospheric aerosols. 

Developed for the launch of MODIS (Section 1.3.2.1), the concepts introduced in the SAVI and 

AVRI were combined by Huete et al. (2002) in the form of the enhanced vegetation index (EVI), 

which is calculated as 

𝐸𝑉𝐼 = 𝐺 
𝑅𝑁𝐼𝑅 − 𝑅𝑟𝑒𝑑

𝑅𝑁𝐼𝑅 + 𝐶1 𝑅𝑟𝑒𝑑 − 𝐶2 𝑅𝑏𝑙𝑢𝑒 + 𝐿
 

where 𝐺 is a gain factor and 𝐶1 and  𝐶2 are empirically-derived constants that weight the use of 

the blue band in suppressing atmospheric effects in the red band. The EVI is designed to be 

insensitive to the soil background and atmosphere, whilst also providing increased sensitivity to 

higher LAI values when compared to the NDVI. 

As with MODIS, several vegetation indices were also explicitly designed for use with the MERIS 

instrument (Section 1.3.2.2). In terms of broadband indices, the MERIS global vegetation index 

(MGVI) was specifically developed for estimating FAPAR from MERIS data (Gobron et al., 1999). 

Prior to its calculation, the red and near-infrared bands are ‘rectified’ to reduce the influence of 

non-canopy factors. As in the ARVI and EVI, the rectification process uses information from the 

blue region of the electromagnetic spectrum to suppress atmospheric effects, whilst variations 

and viewing and illumination geometry are accounted for using a bidirectional reflectance 

distribution function (BRDF) model. The MGVI is optimised to take on values a close as possible to 

FAPAR, making use of polynomial coefficients derived from radiative transfer model (RTM) 

simulations. The coefficients have been updated for use with OLCI data (Section 1.3.2.5) in the 

form of the OLCI global vegetation index (OGVI) (Gobron, 2010). 

Examples of other broadband indices include the green normalised difference vegetation index 

(GNDVI) and the green chlorophyll index (CIgreen), which both exploit the green and near-infrared 
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bands to improve sensitivity to photosynthetic pigments (Gitelson et al., 2003, 1996), and the 

optimised soil adjusted vegetation index (OSAVI), which uses an empirically-derived adjustment 

term (Rondeaux et al., 1996). It should be noted that whilst many other broadband indices have 

been described in the literature, all adopt similar principles. 

1.4.1.1.2 Narrowband indices 

With developments in sensor technology and improvements in spectral sampling, a range of 

narrowband vegetation indices have been developed and applied to data from instruments such 

as MERIS, OLCI, and MSI (Sections 1.3.2.2, 1.3.2.5, and 1.3.3.5). Of particular interest has been the 

development of vegetation indices to exploit the red-edge region of the electromagnetic 

spectrum, given its important link to photosynthetic pigments such as chlorophyll (Section 1.2.3).  

Whilst methods to determine the red-edge position from continuous spectra have long been 

established (Filella and Peñuelas, 1994; Horler et al., 1983; Jago et al., 1999; Lichtenthaler et al., 

1998), approaches suitable for the discontinuous bands provided by space-borne optical 

instruments were less mature at the time MERIS was launched (Dash and Curran, 2004; Dawson 

and Curran, 1998). The MERIS terrestrial chlorophyll index (MTCI) was developed to address this 

issue, and became an operational ESA product in 2004. Demonstrating a near-linear relationship, 

the MTCI remains sensitive to high CCC values, overcoming the saturation issue associated with 

previous vegetation indices and red-edge position estimation techniques. The MTCI is calculated 

as 

𝑀𝑇𝐶𝐼 =
𝑅753.75 − 𝑅708.75

𝑅708.75 − 𝑅681.25
 

where 𝑅753.75, 𝑅708.75, and 𝑅681.25 are the reflectance in MERIS bands 10, 9 and 8, which are 

centred at 753.75 nm, 708.75 nm, and 681.25 nm, respectively. Since the launch of OLCI (Section 

1.3.2.5), continuity to the MTCI is being provided by the OLCI terrestrial chlorophyll index (OTCI) 

(Brown et al., 2019; Pastor-Guzman et al., 2020). 

With the launch of the Sentinel-2 missions in the last few years (Section 1.3.3.5), interest in 

vegetation indices incorporating red-edge bands has greatly increased (Delegido et al., 2011; 

Frampton et al., 2013; Peng et al., 2017; Upreti et al., 2019; Xie et al., 2019). A number of 

narrowband indices have been proposed, including a modification of the MTCI for use with MSI’s 

red-edge bands (Frampton et al., 2013), hereafter referred to as the Sentinel-2 terrestrial 

chlorophyll index (S2TCI). Other examples of narrowband indices incorporating red-edge bands 

include the inverted red-edge chlorophyll index (IRECI) (Frampton et al., 2013), Sentinel-2 LAI 

index (SeLI) (Pasqualotto et al., 2019), red-edge chlorophyll index (CIred-edge) (Gitelson et al., 2003), 
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red-edge position (REP) (Guyot et al., 1988), and modified chlorophyll absorption ratio index 

(MCARI) (Daughtry et al., 2000). 

1.4.1.1.3 Limitations of vegetation indices 

Despite their simplicity and widespread adoption, several limitations are associated with 

vegetation indices that can undermine their utility for biophysical and biochemical variable 

retrieval. In addition to non-canopy factors, which may be suppressed, but not fully eradicated, 

the major challenge is that vegetation indices are not directly related to the biophysical and 

biochemical variables of interest, but are instead surrogate quantities. As such, statistical 

relationships must be established, which by nature, will be specific to a given site, 

species/vegetation type, or observation scenario. Since globally representative in situ sampling is 

not feasible, when applied globally, these relationships may lack generality, undermining their 

universal applicability (Colombo et al., 2003; Dash and Ogutu, 2016; Dorigo et al., 2007; Houborg 

et al., 2007; Laurent et al., 2014; Liang, 2007; Roberts, 2001; Schlerf and Atzberger, 2006; Verrelst 

et al., 2015a; Vuolo et al., 2013). Additionally, it is important to note that measurement 

uncertainties (both related to the in situ and satellite data) may introduce biases. These may be 

partially addressed by developing relationships based on RTM simulations as opposed to 

contemporaneous in situ and satellite observations (though the rationale for using only a subset 

of the available spectral information for retrieval is then somewhat undermined) (Atzberger et al., 

2015; Gobron et al., 1999; Haboudane et al., 2002; le Maire et al., 2012, 2008, 2004; Verrelst et 

al., 2015a; Zarco-Tejada et al., 2001). 

Examples of operational satellite-derived vegetation products that have adopted a vegetation 

index-based retrieval approach include the Canada Centre for Remote Sensing (CCRS) (Fernandes 

et al., 2003), ECOCLIMAP (Champeaux et al., 2005) and GLOBCARBON (Deng et al., 2006) LAI 

products, in addition to the back-up algorithm of the MODIS and VIIRS MOD15/VNP15 series of 

LAI and FAPAR products (Knyazikhin et al., 1998; Yan et al., 2018). 

1.4.1.2 Non-parametric machine learning regression algorithms 

In addition to simple approaches based on parametric regression against vegetation indices, a 

number of more advanced non-parametric machine learning regression algorithms are available, 

enabling the non-linear relationship between biophysical/biochemical variables and reflectance 

observations in multiple spectral bands to be characterised. Widely used non-parametric machine 

learning algorithms include artificial neural networks (ANNs), partial least squares regression 

(PLSR), support vector regression (SVR), decision tree regression (DTR), and Gaussian process 

regression (GPR). An overview of these algorithms is provided in the following sub-sections. 
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Previous applications of these techniques include the retrieval of LAI, FAPAR, FCOVER and LCC 

from OLI, MSI and OLCI data (Amin et al., 2020; Camacho et al., 2021; Verrelst et al., 2015b, 2013, 

2012). 

1.4.1.2.1 Artificial neural networks 

Modelled on the behaviour of the brain, ANNs represent the relationship between input and 

output variables as connected layers of ‘neurons’, which are described by non-linear functions. 

They are trained by adjusting multiplicative weight and additive bias terms associated with each 

connection, so that given input parameters lead to a specific output (Figure 1.5). ANNs are able to 

accurately represent complex non-linear relationships between variables, and provide an input-

to-output mapping that can be applied almost instantly. The main limitations of ANNs are their 

‘black-box’ nature, the need to specify and tune the network architecture (e.g. the number of 

hidden layers and the number of nodes within each layer), and their instability when input data 

strongly deviates from the training dataset (Verrelst et al., 2015a, 2012).  

 

Figure 1.5 Diagram illustrating an ANN used to retrieve biophysical variables based on several 

spectral bands and illumination geometry. The ANN consists of four inputs, a single 

hidden layer comprised of five neurons, and a single output (Baret et al., 2007). 

1.4.1.2.2 Partial least squares regression 

PLSR is a technique, originally developed in the context of chemometrics, for analysing datasets 

subject to collinearity (as is experienced in spectral datasets, where adjacent spectral bands are 

often highly correlated) (Atzberger et al., 2010; Jin and Wang, 2019). Rather than performing 

regression on the inputs themselves, PLSR transforms the input variables to a set of uncorrelated 

components through principle components analysis (PCA). Regression is then performed on the 

PCA scores (Atzberger et al., 2010; Hansen and Schjoerring, 2003; Upreti et al., 2019; Verrelst et 

al., 2015a). 
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1.4.1.2.3 Support vector regression 

SVR is an extension of the support vector machines (SVM) classifier, which splits the input feature 

space by maximising the margin between the hyperplane that separates different classes. The 

‘support vectors’ represent the data points lying closest to the hyperplane (Camps-Valls et al., 

2006; Verrelst et al., 2015a, 2012). The SVM classifier was extended to enable regression by 

maximising the number of points within a given decision boundary surrounding the hyperplane in 

higher dimensional space. In such a case, the hyperplane then represents the function that maps 

input variables to the prediction (Camps-Valls et al., 2006). 

1.4.1.2.4 Decision tree regression 

In decision tree regression, a tree structure represents a hierarchical set of linear decisions that 

relate input data to outputs. To enable decision trees to better cope with non-linear associations 

and reduce the tendency of individual decision trees to over-fit their training data, ensemble 

methods such as the bagging approach may be utilised (Verrelst et al., 2015a). In the bagging 

approach, multiple decision trees are trained based on a random subset of the training data. The 

output then represents the average prediction of all the decision trees. An alternative ensemble 

method is random forest regression (RFR), which differs from bagging in that multiple decision 

tress are trained on a subset of input variables (Upreti et al., 2019). 

1.4.1.2.5 Gaussian process regression 

Unlike the previously described non-parametric machine learning regression algorithms, GPR 

adopts a Bayesian approach to the regression problem. Gaussian processes represent a 

generalisation of the Gaussian distribution, describing the properties of functions as opposed to 

random variables. GPR works by updating a prior distribution over functions, producing a 

posterior distribution over functions that explains the relationship between input and output 

variables (Rasmussen and Williams, 2006). Since the distribution over functions is a probabilistic 

one, the predictions delivered by GPR are also probabilistic. This is a particular useful feature, 

since the mean and standard deviation can be taken to represent the prediction and its 

uncertainty, providing a confidence interval surrounding the retrieved biophysical or biochemical 

variables (Upreti et al., 2019; Verrelst et al., 2015a, 2013, 2012). 

1.4.2 Physically-based retrieval 

In contrast to the statistical approach, physically-based biophysical/biochemical variable retrieval 

involves the inversion of RTMs that describe the interaction of electromagnetic radiation with a 

vegetation canopy. RTMs exist at the leaf and canopy levels, simulating the reflectance of 
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vegetation as a function of the biophysical and biochemical properties that describe it. To provide 

a complete representation of the vegetation canopy, leaf and canopy RTMs are typically coupled. 

Inversion methods are then adopted to retrieve the biophysical and biochemical variables of 

interest from observed reflectance values. An overview of leaf RTMs, canopy RTMs, and inversion 

approaches is provided in the following sub-sections. 

1.4.2.1 Leaf radiative transfer models 

Early leaf RTMs, such as those presented by Allen et al. (1970, 1969), described leaves as a series 

of layers or ‘plates’ of absorbing material, separated by air space (Figure 1.6). By increasing the 

number of layers (N), the proportion of air space could be increased, enabling different types of 

leaves to be approximated (Jones and Vaughan, 2010; Liang, 2004). For example, to describe a 

monocotyledon leaf, fewer layers would be required than for a dicotyledon leaf (Jones and 

Vaughan, 2010). The most widely used leaf RTM based on the plate concept is the Leaf Optical 

Properties Spectra (PROSPECT) model originally developed by Jacquemoud and Baret (1990) and 

refined over subsequent years (Feret et al., 2008; Féret et al., 2017; Jacquemoud et al., 1996). In 

PROSPECT, the N parameter was generalised, enabling it to become a real number as opposed to 

an integer. Thus, in PROSEPCT, N should not be considered a direct representation of the number 

of layers in a leaf, but an abstract parameter that describes its internal structural complexity 

(Jones and Vaughan, 2010; Liang, 2004). 

   

Figure 1.6 Diagram illustrating a leaf, as described by a plate (left) and spherical particle (right) 

RTM (Jacquemoud and Ustin, 2008). 

The first version of PROSPECT simulated reflectance and transmittance spectra of leaves between 

400 nm and 2500 nm as a function of N, LCC, and leaf water concentration (Jacquemoud and 

Baret, 1990; Jones and Vaughan, 2010; Liang, 2004). The model has since been extended to 

account for other biochemical constituents including brown pigments, carotenoids, dry matter 

(Feret et al., 2008; Jacquemoud et al., 1996), anthocyanins (Féret et al., 2017), and most recently, 

nitrogen-based constituents (Féret et al., 2021). Though it is able to accurately simulate the 

reflectance and transmittance of broadleaf species, PROSPECT is less well-suited to needle-leaves, 



Chapter 1 

24 

which are characterised by a different internal structure (Jones and Vaughan, 2010; Liang, 2004). 

Developed by Dawson et al. (1998), the Leaf Incorporating Biochemistry Exhibiting Reflectance 

and Transmittance Yields (LIBERTY) model addressed this issue. Because needle-leaves do not 

have distinct layers, LIBERTY instead describes their internal structure as a series of spherical 

particles (Figure 1.6). 

1.4.2.2 Canopy radiative transfer models 

Four broad categories of canopy RTM can be identified: geometric-optical, turbid medium, hybrid, 

and three-dimensional/ray-tracing (Table 1.6) (Roberts, 2001; Schlerf and Atzberger, 2006). 

Geometric-optical RTMs describe the canopy as a series of opaque, shadow-casting geometric 

objects (Figure 1.7), and are best-suited to sparse canopies such as emerging crops and 

shrublands, in which multiple scattering is negligible (Dorigo et al., 2007; Jones and Vaughan, 

2010; Liang, 2004; Roberts, 2001; Schlerf and Atzberger, 2006). Representing the canopy as a 

series of cones and cylinders, an early example of a geometric-optical RTM is presented by Li and 

Strahler (1985). The concept was later extended to incorporate other geometric shapes, including 

ellipsoids and cylinders, in addition to combinations of these (Li and Strahler, 1992). 

Table 1.6 Categories of canopy RTM and their characteristics. 

Category 
Canopy 

representation 
Characteristics Examples 

Geometric-optical 
Opaque shadow-
casting cones and 

cylinders 

Cannot account for crown 
transmittance, best suited 

to sparse canopies (i.e. 
shrublands) 

Li and Strahler (1985, 
1992) 

Turbid medium 

Horizontally 
homogeneous layer 

of oriented 
scatterers 

Cannot account for 
foliage clumping, best 
suited to dense leafy 
canopies (i.e. crops) 

Verhoef (1984); 
Verhoef et al. (2007) 

Hybrid 
Turbid medium 
partitioned into 

geometric objects 

Improved representation 
of more complex 

canopies (i.e. forests) 

Huemmrich (2001); 
Kuusk and Nilson 

(2000); Nilson and 
Peterson (1991); 

Schlerf and Atzberger 
(2006) 

Three-
dimensional/ray-

tracing 

Detailed three-
dimensional scene 

Computationally 
intensive, require 

extensive 
parameterisation 

Gastellu-Etchegorry et 
al. (1996); Govaerts 

and Verstraete (1998); 
Lewis (1999); North 

(1996) 

 



Chapter 1 

25 

In contrast to geometric-optical RTMs, turbid medium RTMs describe the canopy as a horizontally 

homogeneous layer of oriented absorbing and scattering objects that represent leaves, which are 

assumed to be randomly distributed (Jones and Vaughan, 2010; Roberts, 2001; Schlerf and 

Atzberger, 2006) (Figure 1.7). Due to their one-dimensional nature, they are best-suited to dense, 

leafy, and homogeneous canopies such as crops (Dorigo et al., 2007; Jones and Vaughan, 2010; 

Liang, 2004; Richter et al., 2009; Roberts, 2001; Verger et al., 2011). Owing to their simplicity and 

computational efficiency, turbid medium RTMs are among the most widely used. A popular 

example is the Scattering by Arbitrarily Inclined Leaves (SAIL) model (Verhoef, 1984; Verhoef et 

al., 2007). Because the leaves in a turbid medium RTM have no physical size, shadowing cannot 

occur, and thus the hotspot is not implicitly described. Based on the work of Kuusk (1991), SAIL 

was extended to account for reflectance in the principle plane to address this issue (Verhoef et al., 

2007). 

 

Figure 1.7 Visual representation of a geometric-optical (top), turbid medium (middle), and 

hybrid (bottom) description of a vegetation canopy (Widlowski et al., 2007). 

Combining the geometric and turbid medium approaches are hybrid RTMs. Whilst hybrid RTMs 

use a series of geometric objects to represent the canopy, rather than being treated as opaque, 

they are treated as a translucent turbid media (Roberts, 2001; Schlerf and Atzberger, 2006) 

(Figure 1.7). By enabling factors such as crown transmittance, foliage clumping, and shadowing to 

be accounted for, hybrid RTMs can provide an improved representation of more complex 
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canopies such as forests (Dorigo et al., 2007; Roberts, 2001; Schlerf and Atzberger, 2006). 

Examples of hybrid RTMs include those presented by Kuusk and Nilson (2000) and Nilson and 

Peterson (1991), the GEOSAIL model described by Huemmrich (2001), and the Invertible Forest 

Reflectance Model (INFORM) presented by Schlerf and Atzberger (2006). Hybrid RTMs represent 

an intermediate level of complexity, so they remain relatively computationally efficient and 

straightforward to invert (Roberts, 2001; Schlerf and Atzberger, 2006). 

A final class of RTMs are based on three-dimensional radiative transfer/ray-tracing, and simulate 

the path of photons though a realistic three-dimensional model of the canopy (Dorigo et al., 2007; 

Jones and Vaughan, 2010; Roberts, 2001). In the ray-tracing approach, photons are randomly 

fired, and probability distributions determine whether they are absorbed, reflected, or 

transmitted when they interact with the canopy (Dorigo et al., 2007; Jones and Vaughan, 2010; 

Liang, 2004; Roberts, 2001). Examples of three-dimensional/ray-tracing RTMs include Discrete 

Anisotropic Radiative Transfer (DART) (Gastellu-Etchegorry et al., 1996), FLIGHT (North, 1996), 

librat (Lewis, 1999), and Raytran (Govaerts and Verstraete, 1998). Whilst these RTMs can provide 

the most realistic simulations of canopy reflectance, their complexity makes them 

computationally intensive, and also necessitates extensive parameterisation, making inversion 

more challenging due to the large number of free parameters associated with a simulation 

(Dorigo et al., 2007; Jones and Vaughan, 2010; Liang, 2004; Schlerf and Atzberger, 2006). 

1.4.2.3 Inversion approaches 

Leaf and canopy RTMs operate in the forward mode, enabling reflectance to be simulated as a 

function of RTM input parameters. To retrieve biophysical and biochemical variables from 

observed spectra, inversion approaches are, therefore, required. Iterative optimisation 

algorithms, in which input parameters are successively altered, are a viable inversion approach for 

simple RTMs (such as leaf models), but are highly computationally demanding (Jacquemoud et al., 

1996; Jones and Vaughan, 2010; Kimes et al., 2000; Liang, 2004; Verrelst et al., 2015a; Weiss et 

al., 2000). For coupled leaf-canopy RTMs, the number of parameters and their complex, 

interacting, and non-linear effect on reflectance prevents analytical inversion, and alternative 

approaches are required.  

The most widely used inversion approach used is the look-up-table (LUT) method, in which the 

outputs associated with a large range of input parameters are pre-computed and stored (Combal 

et al., 2003; Jones and Vaughan, 2010; Kimes et al., 2000; Knyazikhin et al., 1998; Liang, 2004; 

Roberts, 2001; Verrelst et al., 2015a; Weiss et al., 2000). Observed reflectance values are 

compared with the simulated reflectance values stored in the LUT, and the retrieved 

biophysical/biochemical variables are those associated with the closest match, which is 
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determined by minimising a given cost function (Figure 1.8). Since the computationally intensive 

RTM simulations are carried out ahead of the inversion, the LUT is comparatively quick to apply. 

However, a large LUT is required to achieve high retrieval accuracies, and the LUT search must be 

completed for every pixel in an image, slowing the approach in operational contexts (Bacour et 

al., 2006; Liang, 2007; Verrelst et al., 2015a). 

An example of an operational satellite-derived vegetation product that has adopted LUT inversion 

is the MODIS and VIIRS MOD15/VNP15 series of LAI and FAPAR products, which make use of 

biome-specific LUTs generated with a three-dimensional RTM. The appropriate LUT is selected on 

the basis of the MOD12 land cover product. Observed red and near-infrared reflectance values 

and associated viewing and illumination geometries are compared with the values stored in the 

LUT, and simulations that differ from the observation by less than a biome-specific threshold are 

considered ‘acceptable’ solutions (Figure 1.8). The retrieved value represents the mean of these 

‘acceptable’ solutions (Knyazikhin et al., 1998; Yan et al., 2018, 2016a). 

 

Figure 1.8 Diagram illustrating the LUT inversion approach adopted in the MODIS and VIIRS 

MOD15/VNP15 product (Myneni et al., 1999). 
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1.4.3 Hybrid retrieval 

The hybrid retrieval approach combines the respective advantages of both RTMs and non-

parametric machine learning regression algorithms. Rather than using contemporaneous in situ 

and satellite observations as the algorithm’s training data, RTM simulations are used instead. This 

enables the physical basis and general applicability of RTMs to be coupled with the computational 

efficiency of non-parametric machine learning regression algorithms (Liang, 2004; Verrelst et al., 

2015a). Since such algorithms can be applied almost instantly whilst still providing comparable 

retrieval accuracies, the hybrid approach is particularly attractive in operational contexts (Liang, 

2004; Richter et al., 2012; Verrelst et al., 2015a; Vuolo et al., 2010). An example of an operational 

satellite-derived product that adopted the hybrid retrieval approach was the CYCLOPES product, 

which made use of ANNs trained using the PROSPECT and SAIL RTMs (Baret et al., 2007; Weiss et 

al., 2007). Additionally, several similar retrieval algorithms (also exploiting ANNs trained with 

PROSPECT and SAIL simulations) have been made available for the derivation of user-generated 

products from MERIS and MSI data (Figure 1.9) (Bacour et al., 2006; Weiss and Baret, 2016). 

 

Figure 1.9 Diagram illustrating the hybrid retrieval approach adopted in the Sentinel-2 L2B 

biophysical processor developed for use with MSI data (Weiss and Baret, 2016). 

1.5 Validation of satellite-derived vegetation products 

1.5.1 The need for validation 

If the information provided by satellite-derived vegetation products is to be of real use in 

environmental decision making, data quality and consistency must be assured. By quantifying the 

uncertainties associated with satellite-derived vegetation products, their performance can be 

better understood, enabling users to select the datasets that are most appropriate for their 

particular applications. This is particularly important consideration as we move into an era where 

an ever increasing number of products is made available through operational initiatives such as 



Chapter 1 

29 

the Copernicus programme. As these products are increasingly incorporated within data 

assimilation schemes, which require quantitative estimates of uncertainty, the need for quality 

assurance activates to assess their performance becomes further apparent (Baret et al., 2005; 

Chernetskiy et al., 2017; Lewis et al., 2012; Mathieu and O’Niell, 2008).  

The quality assurance of satellite-derived vegetation products is known as ‘validation’, which 

describes ‘the process of assessing by independent means the accuracy of the data products 

derived from the system outputs’ (Justice et al., 2000). Whilst intercomparison of products can 

provide information on major differences, independent in situ reference data are needed to 

determine product accuracy (Brown et al., 2020; Justice et al., 2000) (Figure 1.10). The importance 

of validation is increasingly well-recognised, and in recent years, international initiatives such as 

the Land Product Validation (LPV) sub-group of the Committee on Earth Observation Satellites 

(CEOS) Working Group on Calibration and Validation (WGCV), in addition to the Quality Assurance 

Framework for Earth Observation (QA4EO), have been established to provide formal guidance 

around these activities. In the context of the CEOS WGCV LPV sub-group, a validation hierarchy 

has been proposed, through which it is hoped satellite-derived vegetation products should move 

as they become more mature (Table 1.7) (Fernandes et al., 2014). 

Table 1.7 Hierarchy of validation activities proposed by the CEOS WGCV LPV sub-group 

(Fernandes et al., 2014). 

Validation 
stage 

Description 

1 
Product accuracy is assessed form a small (typically < 30) set of locations and 
time periods by comparison with reference in situ or other suitable reference 

data. 
  

2 

Product accuracy is estimated over a significant set of locations and time periods 
by comparison with reference in situ or other suitable reference data. Spatial and 

temporal consistency of the product and consistency with similar products has 
been evaluated over globally representative locations and time periods. Results 

are published in the peer-reviewed literature. 
  

3 

Uncertainties in the product and its associated structure are well quantified from 
comparison with reference in situ or other suitable data. Uncertainties are 
characterised in a statistically robust way over multiple locations and time 

periods representing global conditions. Spatial and temporal consistency of the 
product and consistency with similar products has been evaluated over globally 

representative locations and time periods. Results are published in the peer-
reviewed literature. 

  

4 
Validation results from Stage 3 are systematically updated when new products 

are released and as the time-series expands. 

 



Chapter 1 

30 

 

Figure 1.10 Diagram illustrating the validation approach proposed by the LPV sub-group of the 

CEOS WGCV (Morisette et al., 2006). 

1.5.2 In situ measurement techniques 

As detailed in Section 1.5.1, a key element of validation is the collection of suitable in situ 

reference data against which satellite-derived vegetation products can be evaluated (Figure 1.10). 

A variety of methods for obtaining in situ measurements of biophysical and biochemical variables 

have been developed, including direct/destructive and indirect/non-invasive approaches. 

1.5.2.1 Direct/destructive methods 

Direct/destructive approaches involve physically measuring the properties of individual leaves 

within the area of interest. For example, estimates of LAI are facilitated by planimetric 

measurement (Section 1.5.2.1.1), whilst estimates of LCC are obtained through pigment 

extraction (Section 1.5.2.1.2). 

1.5.2.1.1 Planimetric measurement 

Direct determination of LAI involves the planimetric measurement of all leaves within a known 

ground surface area. In the destructive approach, all leaves are harvested, and planimetric 

measurement can then be achieved using simple flatbed scanners, through to specifically 

designed conveyer-belt driven instruments such as the LI-COR LI-3100C Area Meter. Because 

measuring all leaves is time-consuming and labour intensive, typically, only a subset of leaves is 

measured in this way. For this subset, leaf area is related to dry mass through specific leaf area 

(SLA) or leaf mass area (LMA = 1/SLA). By oven-drying and weighing the remaining leaves, LAI can 

then be determined gravimetrically (Bréda, 2003; Jonckheere et al., 2004; Yan et al., 2019). A non-

destructive alternative to direct LAI measurement is to perform planimetric measurements of all 
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leaves within a known ground surface area whilst they are still attached to the plant. This can be 

achieved using specialised instruments such as the LI-COR LI-3000C Portable Area Meter, but is 

only suitable for accessible vegetation canopies (such as agricultural crops). For deciduous 

species, the collection leaf litter within traps of a known size is also possible, enabling the peak LAI 

to be determined by planimetric measurement of all the leaves collected during the senescent 

period (Bréda, 2003; Jonckheere et al., 2004). 

1.5.2.1.2 Pigment extraction 

In terms of biochemical variables such as LCC, direct measurement involves the harvesting of 

leaves and the extraction of pigments in the laboratory. A portion of the leaf with a known area is 

removed and immersed in an appropriate solvent, such as acetone, methanol, chloroform, 

diethyl-ether, dimethyl-formamide (DMF), or dimethyl-sulphoxide (DMSO), enabling the pigments 

to be extracted in solution. Once extracted, the concentrations of various pigments can be 

determined spectrophotmetrically (Moran, 1982; Moran and Porath, 1980; Wellburn, 1994). For 

example, Wellburn (1994) provides a series of spectrophotometric equations for determining the 

concentrations of chlorophyll-a, chlorophyll-b, and total carotenoids from the measurements of 

absorbance provided by a spectrophotometer (Table 1.8). In particular, it is stressed by Wellburn 

(1994) that the selected spectrophotometric equation must be appropriate to both the solvent, 

and the spectral resolution of the spectrophotometer in question. 

Table 1.8 Spectrophotometric equations to determine the concentrations (in μg ml-1) of 

chlorophyll-a (𝐶𝑎), chlorophyll-b (𝐶𝑏), and total carotenoids (𝐶𝑥+𝑐) from the 

measurements of absorbance provided by spectrophotometers of different spectral 

resolutions, after Wellburn (1994). 

Spectral resolution of spectrophotometer 

Solvent 0.1 nm to 0.5 nm 1 nm to 4 nm 

80% acetone 𝐶𝑎 = 12.25 𝐴663.2 − 2.79 𝐴646.8 

𝐶𝑏 = 21.5 𝐴646.8 − 5.1 𝐴663.2 

𝐶𝑥+𝑐 = (1000 𝐴470 − 1.82 𝐶𝑎

− 85.02 𝐶𝑏)/198

𝐶𝑎 = 12.21 𝐴663 − 2.81 𝐴646 

𝐶𝑏 = 20.13 𝐴646 − 5.03 𝐴663 
𝐶𝑥+𝑐 = (1000 𝐴470 − 3.72 𝐶𝑎

− 104 𝐶𝑏)/198

Chloroform 𝐶𝑎 = 11.47 𝐴665.6 − 2 𝐴647.6 

𝐶𝑏 = 21.85 𝐴647.6 − 4.53 𝐴665.6 
𝐶𝑥+𝑐 = (1000 𝐴480 − 1.33 𝐶𝑎

− 29.93 𝐶𝑏)/202

𝐶𝑎 = 10.91 𝐴666 − 1.2 𝐴648 

𝐶𝑏 = 16.38 𝐴648 − 4.57 𝐴666 
𝐶𝑥+𝑐 = (1000 𝐴480 − 1.42 𝐶𝑎

− 46.09 𝐶𝑏)/202

Diethyl-ether 𝐶𝑎 = 10.05 𝐴660.6 − 0.97 𝐴642.2 

𝐶𝑏 = 16.36 𝐴642.2 − 2.43 𝐴660.6

𝐶𝑎 = 10.05 𝐴662 − 0.77 𝐴644 

𝐶𝑏 = 16.37 𝐴644 − 3.14 𝐴662
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𝐶𝑥+𝑐 = (1000 𝐴470 − 1.43 𝐶𝑎

− 35.87 𝐶𝑏)/205
𝐶𝑥+𝑐 = (1000 𝐴470 − 1.28 𝐶𝑎

− 56.7 𝐶𝑏)/205

Dimethyl-formamide 
(DMF) 

𝐶𝑎 = 12 𝐴663.8 − 3.11 𝐴646.8 

𝐶𝑏 = 20.78 𝐴646.8 − 4.88 𝐴663.8 
𝐶𝑥+𝑐 = (1000 𝐴480 − 1.12 𝐶𝑎

− 34.07 𝐶𝑏)/245

𝐶𝑎 = 11.65 𝐴664 − 2.69 𝐴647 

𝐶𝑏 = 20.81 𝐴647 − 4.53 𝐴664 
𝐶𝑥+𝑐 = (1000 𝐴480 − 0.89 𝐶𝑎

− 52.02 𝐶𝑏)/245

Dimethyl-sulphoxide 
(DMSO) 

𝐶𝑎 = 12.47 𝐴665.1 − 3.62 𝐴649.1 

𝐶𝑏 = 25.06 𝐴649.1 − 6.5 𝐴665.1 
𝐶𝑥+𝑐 = (1000 𝐴480 − 1.29 𝐶𝑎

− 53.78 𝐶𝑏)/220

𝐶𝑎 = 12.19 𝐴665 − 3.45 𝐴649 

𝐶𝑏 = 21.99 𝐴649 − 5.32 𝐴665 
𝐶𝑥+𝑐 = (1000 𝐴480 − 2.14 𝐶𝑎

− 70.16 𝐶𝑏)/220

Methanol 𝐶𝑎 = 16.72 𝐴665.2 − 9.16 𝐴652.4 

𝐶𝑏 = 34.09 𝐴652.4 − 15.28 𝐴665.1 
𝐶𝑥+𝑐 = (1000 𝐴470 − 1.63 𝐶𝑎

− 104.96 𝐶𝑏)/221

𝐶𝑎 = 15.65 𝐴666 − 7.34 𝐴653 

𝐶𝑏 = 27.05 𝐴653 − 11.21 𝐴666 
𝐶𝑥+𝑐 = (1000 𝐴470 − 2.86 𝐶𝑎

− 129.2 𝐶𝑏)/221

1.5.2.2 Indirect/non-invasive methods 

Although the direct methods described in Section 1.5.2.1 can provide the most accurate in situ 

measurements of biophysical and biochemical variables, they are time-consuming and labour 

intensive, whilst their destructive nature makes them unsuitable for environments where the 

removal of vegetation is not appropriate. To address these issues, various indirect/non-invasive 

approaches have been developed, and are now the most widely used means of collecting in situ 

measurements (Table 1.9). These techniques are detailed in Sections 1.5.2.2.1 to 1.5.2.2.6. It is 

worth noting that, in the case of LAI, the majority of indirect/non-invasive methods assume a 

random distribution of plant material, and cannot differentiate between foliage and other 

material such as stems and branches. As such, they can only provide an estimate of the effective 

plant area index (PAIe). Methods to correct for foliage clumping and woody material are discussed 

in Section 1.5.2.2.5. 

Table 1.9 Summary of indirect/non-invasive techniques for in situ measurement of biophysical 

and biochemical variables. 

Technique 
Variables 
measured 

Strengths Weaknesses 

Ceptometry 
PAIe, 

FAPAR, 
FCOVER 

Allows direct assessment of two-flux 
FAPAR, can be used in direct 

illumination 

Requires ancillary 
information on leaf angle 
distribution for estimating 

PAIe, cannot correct for 
foliage clumping, limited 
measurement footprint 

Digital cover 
photography 

PAIe, 
FCOVER 

Inexpensive (uses point-and-shoot 
digital cameras) 

Requires ancillary 
information on leaf angle 
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distribution for estimating 
PAIe, cannot correct for 

foliage clumping, limited 
measurement footprint 

LAI-2000/ 
LAI-2200/ 
LAI-2200C 

PAIe, 
FAPAR, 
FCOVER 

Wide measurement footprint, multi-
angular sampling removes need for 
ancillary information on leaf angle 

distribution 

Requires diffuse 
illumination conditions, 

only partial correction for 
foliage clumping possible 

DHP 
PAIe, PAI, 

FIPAR, 
FCOVER 

Inexpensive (uses commercially-
available digital cameras), wide 

measurement footprint, multi-angular 
sampling removes need for ancillary 

information on leaf angle distribution, 
upwards- and downward-facing 

images enable short and tall canopies 
to be characterised, foliage clumping 

can be corrected for 

Sensitive to photographic 
exposure (though less of 

an issue if raw images are 
used), determines FIPAR 

as opposed to FAPAR 
(though FIPAR is close 

approximation of FAPAR) 

Optical 
chlorophyll 

meters 
LCC 

Less time-consuming than destructive 
determination 

Output in relative units, 
require calibration against 
destructively-determined 
LCC, calibration functions 

depend on species 

1.5.2.2.1 Ceptometry 

Ceptometry relies on measuring the transmittance of PAR through the canopy, from which 

biophysical variables such as PAIe, FAPAR, and FCOVER can be inferred. Ceptometers such as the 

Meter Group AccuPAR LP-80 and Delta-T SS1 SunScan make use of probe containing a linear array 

of quantum sensors (Figure 1.11). By taking readings above and below the canopy, transmittance 

can be determined as 

𝜏 =
𝐼

𝐼0

where 𝐼 is the incident PAR below the canopy, and 𝐼0 is the incident PAR above the canopy. From 

τ, a two-flux estimate of the instantaneous FAPAR can be determined as 

𝐹𝐴𝑃𝐴𝑅 = 1 − 𝜏 

whilst, by inverting the Beer-Lambert law, PAIe can be derived as 

𝑃𝐴𝐼𝑒 =
− ln 𝜏

𝑘

where 𝑘 is an extinction coefficient (Bréda, 2003; Jonckheere et al., 2004). 
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Figure 1.11 Diagram illustrating the Delta-T SS1 SunScan ceptometer for estimating PAIe (Webb 

et al., 2008). 

The value of k is dependent on the leaf angle distribution of the canopy and the zenith angle of 

the measurement (the solar zenith angle in the case of ceptometry, which relies on the direct 

solar beam). For a theoretical canopy with completely horizontal leaves, k = 1. Typically, a 

spherical leaf angle distribution, in which leaves are assumed to be randomly oriented, is adopted 

(Chianucci and Cutini, 2013; Macfarlane et al., 2007b, 2007a; Toda and Richardson, 2017). In this 

case, k is calculated as 

𝑘 =
1

2 cos 𝜃

where 𝜃 is the solar zenith angle. An alternative to the spherical leaf angle distribution is the 

ellipsoidal leaf angle distribution, which arranges leaves so that they would cover the surface of 

an ellipsoid rather than a sphere (Jones and Vaughan, 2010). The ellipsoid may be elongated 

horizontally or vertically, enabling more planophile or erectophile canopies to be represented. For 

an ellipsoidal leaf angle distribution, k is determined as 

𝑘 =
√𝑥2 + tan 𝜃2

𝑥 + 1.744 (𝑥 + 1.182)−0.733

where 𝑥 describes the ratio of the horizontal to the vertical semi-axis (Meter Group, 2018). 

Typical values of x for various crop types are provided in Table 1.10. For a spherical leaf angle 

distribution, x = 1 (Jones and Vaughan, 2010). 

An alternative approach, which avoids the need for ancillary information on canopy leaf angle 

distribution, is to make use of measurements made when the solar zenith angle is in the hinge 

region surrounding 57.5°, at which k is almost invariant to leaf angle distribution (Figure 1.12). In 

this case, PAIe can be determined according to Warren-Wilson (1963) as 
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𝑃𝐴𝐼𝑒 =
−ln 𝜏(𝜃57.5°)

0.93

where 𝜏(𝜃57.5°) is the transmittance at 57.5°. In a similar manner, by only making use of 

measurements when the sun is near nadir, FCOVER can be determined as 

𝐹𝐶𝑂𝑉𝐸𝑅 = 1 − 𝜏(𝜃0°) 

where 𝜏(𝜃0°) is the transmittance at nadir. Nevertheless, performing measurements in such 

limited temporal windows poses clear logistical constraints, making these latter approaches 

impractical in most situations. 

Table 1.10 Typical values for the x parameter of the ellipsoidal leaf angle distribution for various 

crop types, after Meter Group (2018). 

Crop x 

Ryegrass 0.67 to 2.47 

Mazie 0.76 to 2.52 

Rye 0.80 to 1.27 

Wheat 0.96 

Barely 1.20 

Timothy 1.13 

Sorghum 1.43 

Lucerne 1.54 

Hybrid Swede 1.29 to 1.81 

Sugar Beet 1.46 to 1.88 

Rape 1.92 to 2.13 

Cucumber 2.17 

Tobacco 1.29 to 2.22 

Potato 1.70 to 2.47 

Horse Bean 1.81 to 2.17 

Sunflower 1.81 to 2.31 

White Clover 2.47 to 3.26 

Strawberry 3.03 

Jerusalem Artichoke 2.16 
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Figure 1.12 The relationship between the extinction coefficient (k) and zenith angle for various 

different leaf angle distributions. 

1.5.2.2.2 Digital cover photography 

Digital cover photography involves the use of commercially available point-and-shoot digital 

cameras equipped with standard or wide-angle lenses, offering a FOV of between 30° and 60°. By 

classifying images acquired in an upwards- or downwards-facing direction, the gap fraction near 

nadir (i.e. ± 15° to 30°)  can be determined as the proportion of background (i.e. sky or soil) pixels 

to the total number of pixels (Chianucci and Cutini, 2013; Pekin and Macfarlane, 2009). Under the 

assumption of a black (i.e. completely absorbing) canopy, the gap fraction is equivalent to 

transmittance (τ). This enables PAIe to be derived using the methods described in Section 

1.5.2.2.1. Additionally, the near-nadir FOV offered by digital cover photography also enables the 

fraction of vegetation cover (FCOVER) to be easily determined (Li et al., 2015). 

It is worth noting that, as with ceptometry, ancillary information on the leaf angle distribution of 

the canopy is required to accurately estimate PAIe (Chianucci and Cutini, 2013; Macfarlane et al., 

2007b, 2007a; Toda and Richardson, 2017). A variation on digital cover photography that removes 

this requirement is to incline the camera so it is pointing at a zenith angle of 57.5° as opposed to 

nadir. This enables gap fraction in the hinge region, at which the extinction coefficient is 

insensitive to leaf angle distribution (Figure 1.12), to be determined (Baret et al., 2010). This 

approach, along with the standard digital cover photography method, have recently been 

implemented in several smartphone-based applications, enabling estimates of PAIe and FCOVER 

to be made at lower cost than previously possible, although the quality of smartphone-based 

measurements is still under evaluation (Confalonieri et al., 2014; Fang et al., 2018; Francone et al., 

2014). 
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1.5.2.2.3 LI-COR LAI-2000, LAI-2200, and LAI-2200C 

An alternative to ceptometry and digital cover photography is the use of instruments that enable 

transmittance to be determined at multiple zenith angles, as opposed to only at the solar zenith 

angle or nadir. The LI-COR LAI-2000, LAI-2200, and LAI-2200C series of instruments adopt such an 

approach (LI-COR, 2013, 1992; Welles and Norman, 1991). The fisheye sensor used by these 

instruments measures radiation in the blue region of the electromagnetic spectrum in five angular 

rings (Figure 1.13). By taking measurements above and below the canopy, transmittance can be 

determined in the same way as described in Section 1.5.2.2.1. Unlike ceptometry, the approach 

requires diffuse illumination conditions, such as those found during uniform overcast days or at 

close to sunrise and sunset. Because measurements of transmittance are available at a range of 

zenith angles, assumptions on the leaf angle distribution of the canopy are no longer required to 

derive PAIe. Instead, a discretisation of Miller's (1967) integral can be solved, which states that 

𝑃𝐴𝐼𝑒 = 2 ∫ − ln 𝜏(𝜃) cos 𝜃 sin 𝜃 d 𝜃
𝜋/2

0

 

where 𝜏(𝜃) is the transmittance at zenith angle 𝜃 (LI-COR, 2013, 1992; Welles and Norman, 1991). 

Additionally, using the rings closest to a) nadir, b) the solar zenith angle at a given time of day, and 

c) 57.5°, the methods described in Section 1.5.2.2.1 may be adopted to estimate FCOVER, 

instantaneous FAPAR, and PAIe according to Warren-Wilson (1963), respectively (Leblanc and 

Chen, 2001; Li et al., 2015). 

 

Figure 1.13 Diagram illustrating the sensor used in the LAI-2000, LAI-2200 and LAI-2200C (LI-COR, 

2017). 

1.5.2.2.4 Digital hemispherical photography 

Digital hemispherical photography (DHP) relies on the same principles as the LI-COR LAI-2000, LAI-

2200, and LAI-2200C series of instruments, but instead makes use a fisheye lens to provide 

angular sampling over a 180° FOV. As with digital cover photography (Section 1.5.2.2.2), images 

acquired in an upwards- or downwards-facing direction are classified to estimate the gap fraction, 
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which is equivalent to transmittance under the assumption of a black (i.e. completely absorbing) 

canopy. With knowledge of the projection of the fisheye lens, the image can be divided into a 

number of angular rings (Figure 1.14), enabling the gap fraction at a range of zenith angles to be 

determined (Bréda, 2003; Chianucci and Cutini, 2012; Demarez et al., 2008; Garrigues et al., 

2008b; Jonckheere et al., 2004). As such, the methods described in Sections 1.5.2.2.1 and 

1.5.2.2.3 may be adopted to estimate PAIe, the instantaneous fraction of intercepted 

photosynthetically active radiation (FIPAR), which is a close approximation of FAPAR (Gobron et 

al., 2006; Li et al., 2021, 2015; Weiss et al., 2014), and FCOVER. Like the LI-COR LAI-2000, LAI-

2200, and LAI-2200C series of instruments, the best conditions for DHP image acquisition are 

those found during uniform overcast days or at close to sunrise and sunset (Bréda, 2003; 

Chianucci and Cutini, 2012; Jonckheere et al., 2004). Nevertheless, in a comparison of 

indirect/non-invasive techniques including ceptometry and the LAI-2000, Garrigues et al. (2008b) 

found that DHP was the most versatile technique and was least sensitive to illumination 

conditions. 

Figure 1.14 Diagram illustrating a DHP image divided into five zenith rings (LI-COR, 2017). 

Several studies have demonstrated the importance of photographic exposure when undertaking 

DHP (Beckschäfer et al., 2013; Chianucci and Cutini, 2012; Macfarlane et al., 2014, 2000; Pueschel 

et al., 2012). If images are overexposed, gaps in the canopy will appear larger, leading to an 

overestimation of gap fraction. Various procedures have been proposed for determining the 

correct exposure in the field. For example, Chen et al. (1991), Jonckheere et al. (2004) and Zhang 

et al. (2005) recommend one to two stops of overexposure relative to automatic exposure 

measured in an open sky clearing. In contrast, other authors have adopted automatic exposure, 

or one or two stops of underexposure relative to automatic exposure measured within the canopy 

(Brusa and Bunker, 2014; Demarez et al., 2008; Garrigues et al., 2008b; Kato and Komiyama, 2000; 

Macfarlane et al., 2014; Origo et al., 2017). Recently, it was shown by Macfarlane et al. (2014) 

that images acquired in raw format are much less sensitive to photographic exposure. Unlike 

images acquired in lossy compression-based formats, raw images retain their full dynamic range 

and avoid internal processing by the firmware of the digital camera (Macfarlane et al., 2014). 
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1.5.2.2.5 Correcting for foliage clumping and woody material 

The indirect/non-invasive methods described in Sections 1.5.2.2.1 to 1.5.2.2.4 assume a random 

distribution of plant material, and cannot differentiate between foliage and other material such as 

stems and branches. As such, they can only provide an estimate of PAIe as opposed to LAI. In real 

vegetation canopies, leaves are not randomly distributed, but are in fact subject to some degree 

of foliage clumping. The clumping index, Ω, describes the degree of foliage clumping: when foliage 

is randomly distributed, Ω = 1, whilst for clumped canopies, Ω < 1. Using the clumping index, PAI 

can be derived from PAIe as  

𝑃𝐴𝐼 =
𝑃𝐴𝐼𝑒

Ω
 

(Chen, 1996; Chen et al., 1997, 1991). Several methods are available to quantify Ω, including 

approaches based on gap size distribution theory (Chen and Cihlar, 1995; Leblanc, 2002; Leblanc 

et al., 2005). The gap size distribution can be measured using dedicated instruments such as the 

Tracing Radiation Architecture of Canopies (TRAC) device, as well as through derivation of TRAC-

like profiles from DHP images (Chen and Cihlar, 1995; Leblanc, 2002; Leblanc et al., 2005).  

If multiple measurements of transmittance or gap fraction are available at a given zenith angle, an 

alternative method to account for foliage clumping is described by Lang and Yueqin (1986). In this 

approach, the mean of the natural logarithm of transmittance/gap fraction values is calculated, as 

opposed to the natural logarithm of the mean transmittance/gap fraction. This enables foliage 

clumping at scales greater than that of the individual measurements to be corrected for (Weiss et 

al., 2004; Yan et al., 2019). In the case of DHP, Lang and Yueqin's (1986) approach can be 

implemented by a) splitting each zenith ring into a number of azimuth cells, and b) computing the 

mean of the natural logarithm of gap fraction values in each zenith ring over multiple images. The 

former accounts for clumping at scales greater than the selected cell size, whilst the latter 

accounts for clumping at scales greater than the image FOV (Chianucci and Cutini, 2013). 

Clumping at finer scales than the selected cell size cannot be accounted for by this method (Yan et 

al., 2019). Ryu et al. (2010a) demonstrate that, when multiple measurements are available, this 

principle also enables the LAI-2000, LAI-2200 and LAI-2200C series of instruments to partially 

correct for the effects of foliage clumping. 

Once corrected for clumping, to convert estimates of PAI to LAI, information on the contribution 

of woody material (if present) is required. If the woody-to-total ratio, α, is known, LAI can be 

derived as 

𝐿𝐴𝐼 = (1 − 𝛼) 𝑃𝐴𝐼 
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where 𝛼 is determined as 

𝛼 = 𝑊𝐴𝐼/𝑃𝐴𝐼 

(Chen, 1996; Chen et al., 1997; Woodgate et al., 2016; Yan et al., 2019). For deciduous species, 

wood area index (WAI) can be determined from measurements of leaf-off PAI during the winter 

months. In this case, LAI can be derived by simply subtracting WAI from PAI, such that 

𝐿𝐴𝐼 = 𝑃𝐴𝐼 − 𝑊𝐴𝐼 

(Fang et al., 2019a; Leblanc and Fournier, 2014; Toda and Richardson, 2017). For evergreen 

species, methods to separate leaves and woody material using digital cover photography and DHP 

have also been explored. For downwards-facing images, this can easily be achieved on the basis of 

colour (Demarez et al., 2008), but correctly exposed upward-facing images typically demonstrate 

little contrast between foliage and other canopy elements (Brown et al., 2020; Woodgate et al., 

2016). One potentially promising technique is the use of near-infrared enabled cameras to exploit 

the spectral differences between leaves and woody material (Baret et al., 1993; Konarska et al., 

2021; Kucharik et al., 1998; Milton, 2002; Osmond, 2009). 

1.5.2.2.6 Optical chlorophyll meters 

Optical chlorophyll meters, such as the Konica Minolta SPAD-502, Opti-Sciences CCM-200, and 

Apogee Instruments MC-100, rely on measuring the transmittance of a leaf at red and near-

infrared wavelengths (Figure 1.15). For example, by determining leaf transmittance at 650 nm and 

940 nm, the SPAD-502 calculates a relative value that is proportional to LCC, such that 

𝑀 = 𝑘 log
𝐼0(650) 𝐼(940)

𝐼(650) 𝐼0(940)
+ 𝐶 

where 𝐼(650), 𝐼(940), 𝐼0(650), and 𝐼0(940) are the incident and transmitted electromagnetic 

radiation at 650 nm and 940 nm, respectively, whilst 𝑘 and 𝐶 are slope and offset terms 

undisclosed by the manufacturer (Markwell et al., 1995; Parry et al., 2014; Percival et al., 2008; 

Richardson et al., 2002; Uddling et al., 2007). Whilst much less time-consuming than destructive 

LCC measurements, because the values provided by optical chlorophyll meters are relative, they 

may vary as a result of factors other than LCC, including leaf thickness and structure. As a result, 

to obtain LCC in absolute units, calibration functions are required. These calibration functions are 

developed by establishing a relationship, for a subset of leaves, against destructively determined 

LCC (Section 1.5.2.1.2). Although species-independent relationships between the values provided 

by optical chlorophyll meters and LCC have been reported, it is more commonly suggested that 

species-specific calibration functions are necessary (Dash et al., 2010; Demarez et al., 1999; 
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Markwell et al., 1995; Parry et al., 2014; Percival et al., 2008; Richardson et al., 2002; Uddling et 

al., 2007). 

 

Figure 1.15 Diagram illustrating the measurement principle adopted by the MC-100 optical 

chlorophyll meter (Apogee Instruments, 2021). 

1.5.3 Upscaling methods 

The in situ measurement techniques described in Section 1.5.2 provide the basis for validating 

satellite-derived vegetation products. However, validation of operational products is made 

challenging by their moderate spatial resolution, combined with the heterogeneity of the 

terrestrial landscape. Since in situ measurements have a much smaller footprint than these 

products, direct comparison is only possible in very homogeneous areas. Because such areas of 

homogeneity are uncommon in the majority of vegetation canopies, upscaling approaches that 

can bridge the gap between in situ measurements and satellite-derived vegetation products are 

required (Baret et al., 2005; Fernandes et al., 2014; Morisette et al., 2006; Yang et al., 2006). 

1.5.3.1 The two-stage or bottom-up approach 

The two-stage or bottom-up approach was proposed by the LPV sub-group of the CEOS WGCV to 

address the disparity in spatial scale between in situ measurements and satellite-derived 

vegetation products (Fernandes et al., 2014; Morisette et al., 2006). The approach makes use of 

an intermediate layer of high spatial resolution imagery, which is used to upscale in situ 

measurements to the spatial resolution of the satellite-derived vegetation product of interest 

(Figure 1.16). Individual in situ measurements are conducted within elementary sampling units 

(ESUs), which represent the extent of one or more pixels of the high spatial resolution imagery. 

Variability at the ESU scale is captured by conducting replicate measurements within each ESU, 

whilst the site-scale variability is captured by the high spatial resolution imagery itself (Fernandes 
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et al., 2014; Morisette et al., 2006). By relating the spectral information provided by the high 

spatial resolution imagery with the ESU-level in situ measurements, a high spatial resolution 

reference map covering the site can be derived. The final step involves aggregating the high 

spatial resolution reference map to the moderate spatial resolution (Morisette et al., 2006). 

 

Figure 1.16 Diagram illustrating a two-stage spatial sampling strategy, in which 30 to 50 ESUs are 

distributed within a 3 km x 3 km site. Each ESU is approximately 20 m x 20 m, and 

contains 12 to 15 individual in situ measurements (Baret et al., 2005). 

To characterise site-scale variability, a sufficient number of ESUs are required. The number and 

distribution of ESUs needed depends on the heterogeneity of the site itself. Typically, between 20 

and 100 ESUs are characterised (Morisette et al., 2006). Baret et al. (2005) suggest that for a 3 km 

x 3 km site, between 30 and 50 ESUs will be required, and recommend placing three to five ESUs 

within each 1 km x 1 km area of the site (Figure 1.16). At relatively homogeneous sites, a regular 

distribution of ESUs may be appropriate, whereas for more heterogeneous environments, 

stratification by land cover may be advantageous, enabling a proportionate number of ESUs to be 

sampled with respect to the area covered by each land cover class (Baret et al., 2005; Morisette et 

al., 2006).  



Chapter 1 

43 

The dimensions of each ESU are primarily determined by the spatial resolution of the high spatial 

resolution imagery, accounting for uncertainties due to positional errors and the instrument’s 

point spread function (Baret et al., 2005; Fernandes et al., 2014; Morisette et al., 2006). For 

example, Campbell et al. (1999) propose ESUs of 25 m x 25 m in extent, whilst Baret et al. (2005) 

recommend ESUs of 20 m x 20 m. Justice and Townshend (1981) suggest that when the positional 

uncertainty is known, the minimum required extent can be determined as 

𝐴 = 𝑃 (1 + 2 𝐿) 

where 𝑃 is the spatial resolution and 𝐿 is the positional uncertainty in pixels. Within the ESU itself, 

replicate in situ measurements may be conducted according to a variety of sampling schemes. For 

example, Campbell et al. (1999) propose a cross-based sampling strategy with five sampling 

points, whilst between 12 and 15 sampling points are recommended by Baret et al. (2005) and 

Majasalmi et al. (2012). It is suggested that square- or cross-based sampling schemes are suitable 

for relatively homogeneous vegetation, but that transect-based schemes involving denser 

sampling may be better suited to sparse, heterogeneous canopies (Figure 1.17) (Baret et al., 2005; 

Fernandes et al., 2014; Morisette et al., 2006). For row-structured crop canopies, transects 

arranged between rows are most appropriate (Figure 1.18) (Camacho et al., 2015; LI-COR, 2013). 

 

Figure 1.17 Diagram illustrating several possible within-ESU sampling schemes (Baret et al., 

2005). 

 

Figure 1.18 Diagram illustrating a transect-based within-ESU sampling scheme (LI-COR, 2013). 
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Once collected, the ESU-level in situ measurements are associated with the contemporaneous 

high spatial resolution imagery. The most widely used approach involves the derivation of an 

empirical transfer function using the statistical retrieval approaches described in Section 1.4.1. In 

addition to parametric regression against vegetation indices, in some cases, regression against the 

radiance or reflectance values in multiple spectral bands has been adopted (Baret et al., 2005; 

Fernandes et al., 2014). To minimise the influence of outliers resulting from measurement errors, 

some studies have made used of robust regression approaches such as the Theil-Sen estimator 

(Fernandes et al., 2014; Fernandes and Leblanc, 2005) and iteratively reweighted least squares 

regression (Martínez et al., 2009). For the empirical approaches using a single high spatial 

resolution image, atmospheric correction is not considered mandatory provided the atmospheric 

characteristics can be considered stable over the extent of the study site (Morisette et al., 2006). 

An alternative approach to relate the in situ measurements to the high spatial resolution imagery 

involves the physically-based and hybrid retrieval techniques described in Section 1.4.2 and 1.4.3. 

In this case, the primary use of the in situ measurements is in the parameterisation of the leaf and 

canopy RTMs used to develop a LUT or train the adopted hybrid retrieval algorithm, and in the 

validation of the retrievals (Baret et al., 2005; Fang et al., 2019b; Fernandes et al., 2014; Tan, 

2005; Tian et al., 2002a; Xu et al., 2018b; Yang et al., 2006). The in situ measurements may also be 

used to correct for biases in the RTM-based retrievals (Baret et al., 2005; Brown et al., 2020, 2019; 

Duveiller et al., 2011). A final approach involves the use of geostatistical methods such as kriging, 

which exploit spatial autocorrelation at the site scale (Baret et al., 2005; Fernandes et al., 2014). 

The use of geostatistical approaches has been relatively limited, and Fernandes et al. (2014) argue 

that since these approaches have only demonstrated adequate performance when incorporating 

a spatial covariate such as a vegetation index, the additional gain in performance offered may be 

relatively small. 

1.5.4 Notable validation initiatives 

1.5.4.1 BigFoot 

One of the first true validation initiatives was the BigFoot project, which was developed primarily 

in support of the MODIS series of land products, which included land cover, LAI, FAPAR, and net 

primary production (NPP) (Campbell et al., 1999). The project drew on the experience of earlier 

pilot studies such as the Jornada Prototype Validation Experiment (PROVE) (Privette et al., 2000). 

Within BigFoot, in situ measurements were collected at four sites within the United States, 

covering deciduous broadleaf forest, cropland, grassland, and evergreen needleleaf forest 

environments, respectively. All sites were also equipped with an eddy covariance flux tower, to 

enable better understanding of the links between optical satellite remote sensing and plant 
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function to be established. The project was a key milestone in the development and application of 

upscaling approaches. The sampling design was designed to capture spatial variation within 

individual ESUs of 25 m x 25 m, which themselves captured spatial variation within the flux tower 

footprint and 1 km MODIS pixel. Upscaling was achieved using Landsat ETM+ data (Cohen et al., 

2003). 

1.5.4.2 Southern African Regional Science Initiative 

Another early validation project also closely linked to the MODIS land science programme was the 

Southern African Regional Science Initiative (SAFARI-2000), which was developed to investigate 

the linkages between land and atmospheric processes in the Southern Africa region (Swap and 

Privette, 1999). Several SAFARI-2000 field sites were established along the International 

Geosphere Biosphere Programme (IGBP) Kalahri Transect, which represents a gradient of 

equatorial forest, subtropical forest, and arid scrubland. At each site, in situ measurements were 

performed over a 1 km x 1 km area, enabling comparison with MODIS data. For LAI validation, in 

situ measurements were collected along three 750 m transects every 25 m. A nested 250 m x 350 

m grid was also established, within which intensive sampling was carried out, with measurements 

every 50 m (Tian et al., 2002b). 

1.5.4.3 Validation of Land European Remote Sensing Instruments 

In the early 2000s, validation activities were also being coordinated in Europe, in particular under 

the Validation of Land European Remote Sensing Instruments (VALERI) project. The project, which 

was developed by the Centre National d'Études Spatiales (CNES) and the Institut National de 

Rechereche Agronomique (INRA), focussed on developing and applying methodologies for 

generating high spatial resolution reference maps of biophysical variables such as LAI, FAPAR, and 

FCOVER (Baret et al., 2005). It offered access to a pool of field instruments to a large network of 

international partners, enabling 53 field campaigns to be conducted over 33 sites, covering 21 

countries in Africa, Asia, Europe, North America, Oceania, and South America. The sampling 

scheme focussed on characterising a 3 km x 3 km site containing between 30 and 50 ESUs. All the 

collected in situ measurements were processed centrally by INRA to derive high spatial resolution 

reference maps over the 3 km x 3 km area (Baret et al., 2005). 

1.5.4.4 Implementation of Multiscale Agricultural Indicators Exploiting Sentinels 

Based on the success of the VALERI project, more recent validation activities have been 

conducted under the Implementation of Multiscale Agricultural Indicators Exploiting Sentinels 

(ImagineS) project, part of which focussed on the development and validation of 300 m LAI, 

FAPAR and FCOVER products from VGT data for the Copernicus Global Land Service (CGLS). 
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Following the VALERI methodology and sampling scheme, 46 campaigns were performed by a 

network of international partners over 20 sites between 2013 and 2016. In situ data collection 

protocols were followed by local teams, and as in the VALERI project, these data were processed 

centrally to derive 3 km x 3 km high spatial resolution reference maps from OLI data (Camacho et 

al., 2015). 

1.5.4.5 Ground Based Observations for Validation of Copernicus Global Land Products 

One of most recent validation initiatives is the Ground Based Observations for Validation of 

Copernicus Global Land Products (GBOV) project, which was initiated by the European 

Commission’s Joint Research Centre. Its aim is to develop and distribute robust datasets for 

validation of satellite-derived land products. The project is primarily leveraging in situ 

measurements collected through recent environmental monitoring networks such as the National 

Ecological Observatory Network (NEON) in the United States, the Terrestrial Ecosystem Research 

Network (TERN) in Australia, and the Integrated Carbon Observation System (ICOS) in Europe, 

though it also plans to establish additional sites in underrepresented areas such as the tropics and 

semi-arid regions (Brown et al., 2020). In addition to LAI, FAPAR and FCOVER, other parameters, 

including soil moisture, albedo, and land surface temperature are also considered within the 

project. 

1.5.4.6 DIRECT 2.0 

In addition to these centrally coordinated activities, many ad-hoc field campaigns have been 

conducted by various groups and teams for the purposes of satellite-derived vegetation product 

validation over the last two decades. To bring together the datasets collected through these 

activities, the LPV sub-group of the CEOS WGCV developed the DIRECT database. In its second 

release, the DIRECT 2.0 database contains data from 242 individual field campaigns over 140 sites, 

spanning from 2000 to 2017. In addition to campaigns carried out in the previously described 

projects, DIRECT 2.0 contains datasets from campaigns conducted by Boston University, the 

University of Alberta, the Canada Centre for Remote Sensing (CCRS), the Earth Observation 

Laboratory (EOLAB), the Environmental Protection Agency (EPA), and ESA (CEOS WGCV LPV, 

2017). 

1.5.5 Validation status of current operational satellite-derived vegetation products 

Work carried out through the initiatives and activities described in Section 1.5.4 has enabled 

operational satellite-derived vegetation products providing estimates of biophysical and 

biochemical variables to reach Stage 2 of the validation hierarchy proposed by the CEOS WCGV 
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LPV sub-group (Brown et al., 2020; Camacho et al., 2013; Fang et al., 2019a, 2012; Fuster et al., 

2020; Tao et al., 2015; Weiss et al., 2014; Yan et al., 2016b). However, progress towards Stage 3 

has been restricted by the availability of reference data, which are spatially and temporally 

limited. Since the majority of field campaigns have occurred during the summer months due to 

logistical constraints, there are little data available throughout the growing season or over a 

period of multiple years. This severely limits our ability to understand variations in the 

performance of satellite-derived vegetation products over time (Camacho et al., 2013; Fang et al., 

2019a; Garrigues et al., 2008a; Weiss et al., 2014; Yan et al., 2016b), and introduces uncertainty 

into the outputs of temporally dynamic models (such as those of crop yield, carbon exchange, and 

the weather and climate systems), since vegetation seasonality is a key driver of these processes, 

representing an important feedback to the climate system (Richardson et al., 2013). 

1.5.6 Emerging in situ techniques for validation 

To address the need for better temporal characterisation of biophysical and biochemical 

variables, a number of techniques are emerging to enable temporally continuous in situ data to 

be collected in an automated way, overcoming the logistical challenges associated with traditional 

in situ measurement approaches. An overview of these techniques is provided in the following 

sub-sections. 

1.5.6.1 Above-canopy digital repeat photography for deriving colour indices 

Over the last decade, above-canopy digital repeat photography has emerged as an inexpensive 

form of near-surface remote sensing for capturing seasonal changes in vegetation condition. The 

approach relies on the above-canopy digital cameras with an oblique FOV, whose visible bands 

are used to track canopy colour throughout the season (Figure 1.19) (Richardson et al., 2009, 

2007; Sonnentag et al., 2012). By combining information in the red, green and blue bands 

provided by commercially-available digital time-lapse cameras, measures of greenness such as the 

green chromatic coordinate (GCC) can be computed at very high temporal resolution. More 

importantly, because a digital camera’s FOV can incorporate an entire vegetation canopy, the 

approach provides a greater degree of spatial integration than traditional in situ measurement 

techniques, better reflecting the moderate spatial resolution of satellite-derived vegetation 

products, and potentially relaxing the requirement for upscaling methods (Hufkens et al., 2012; 

Richardson et al., 2009, 2007). 

Above-canopy digital repeat photography has proven to be a popular technique within the 

phenological research community, offering an alternative to manual observations of phenological 

events such as bud-burst and leaf opening, which are, by nature, spatially limited. Instead, 
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phenological transition dates can be objectively and automatically determined from time-series of 

colour indices such as the GCC. The PhenoCam network is the largest initiative, which, as of 2020, 

incorporates 616 sites equipped with digital time-lapse cameras (Richardson et al., 2018a). Whilst 

most of the PhenoCam sites are located in the United States, similar initiatives have also been 

established in Europe and Japan (Nagai et al., 2018; Wingate et al., 2015). 

 

Figure 1.19 Diagram illustrating above-canopy digital repeat photography (PHYS.ORG, 2018). 

Using above-canopy digital repeat photography, several studies have focussed on the evaluation 

of satellite-derived phenological transition dates from a variety of instruments including AVHRR, 

MODIS, VIIRS and OLI (Baumann et al., 2017; Coops et al., 2012; Hufkens et al., 2012; Klosterman 

et al., 2014; Liu et al., 2017; Melaas et al., 2016; Nijland et al., 2016; Richardson et al., 2018b; 

Zhang et al., 2018). However, by considering only phenological transition dates, these studies 

neglected the shape and magnitude of the underlying time-series. Recently, several authors have 

reported features in colour indices that appear unrelated to vegetation dynamics, including a 

spring peak, summer decline, and saturation of the greenness signal (Keenan et al., 2014; Toomey 

et al., 2015; Wingate et al., 2015; Yang et al., 2014). As a result, it is still unclear how colour 

indices derived from above-canopy digital repeat photography are related to specific biophysical 

and biochemical variables, and whether they can be leveraged to evaluate satellite-derived 

retrievals of these quantities. As such, it is apparent that increased understanding of the observed 

discrepancies is required. 
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1.5.6.2 Automated techniques for measuring biophysical variables 

In addition to colour indices from above-canopy digital repeat photography, in recent years, 

several techniques have been developed to explicitly quantify biophysical variables such as 

LAI/PAI, FAPAR, and FCOVER. These include automated digital cover photography, radiometric 

sensors, and terrestrial laser scanning. An overview of these techniques and their respective 

strengths and weaknesses is provided in the following sub-sections. 

1.5.6.2.1 Digital cover photography 

Making use of commercially available point-and-shoot digital cameras, Ryu et al. (2012) 

developed an automated system for estimating PAI using digital cover photography (Figure 1.20). 

As discussed in Section 1.5.2.2.2, digital cover photography uses a standard or wide-angle lens, 

with a FOV of between 30° and 60°. By classifying the resulting images, the gap fraction near nadir 

can be determined, from which PAI can be calculated by inverting the Beer-Lambert law. The 

approach has been applied in several subsequent studies (Ryu et al., 2014; Toda and Richardson, 

2017).  Its main advantage is its low cost, making use of commodity hardware. However, in 

contrast to approaches that make use of gap fraction measurements at multiple zenith angles, 

such as DHP, estimating LAI/PAI from near-nadir gap fraction measurements requires 

assumptions on the leaf angle distribution of the canopy (Section 1.5.2.2.1). 

 

Figure 1.20 Example of an automated digital cover photography system (a) and acquired image 

(b) (Ryu et al., 2012). 

Because measuring canopy leaf angle distribution is challenging, a typical strategy is to assume a 

spherical leaf angle distribution (Chianucci and Cutini, 2013; Macfarlane et al., 2007b, 2007a; Toda 

and Richardson, 2017). However, Pisek et al. (2013) investigated this assumption for 58 broadleaf 

species, and found that only five could be characterised by a spherical leaf angle distribution. As 

such, if accurate estimates of LAI/PAI are to be obtained using digital cover photography, ancillary 

data on the leaf angle distribution of the canopy is a necessity (Ryu et al., 2012, 2010c, 2010b). In 

addition to this requirement, the automated digital cover photography approach also faces 
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another limitation, which is that its narrow FOV results in a relatively small measurement 

footprint (Ryu et al., 2012, 2010c; Toda and Richardson, 2017). This means a single system is less 

likely to be spatially representative of an ESU, potentially requiring multiple systems to achieve a 

useful measurement footprint for satellite-derived vegetation product validation. 

1.5.6.2.2 Radiometric sensors 

In recent years, a range of studies have deployed networks of radiometric sensors with 

automated data logging capabilities to characterise canopy transmittance and derive biophysical 

variables. For example, a wireless quantum sensor network is described by Putzenlechner et al. 

(2019), which has been used for the derivation and validation of satellite-derived estimates of 

FAPAR (Putzenlechner et al., 2020, 2019a). Similarly, a radiometric sensor system for monitoring 

PAIe based on inversion of the Beer-Lambert law was developed by Qu et al. (2014a) for forest 

environments (Figure 1.21), and has since been modified and deployed over cropland (Qu et al., 

2014b), whilst a similar system was also described by Toda and Richardson (2017). An alternative 

approach is adopted by the PAI Autonomous System from Transmittance Sensors at 57° (PASTIS-

57) instrument, which uses radiometric sensors with a narrow (± 20°) FOV, which are set at 57.5° 

to reduce sensitivity to canopy leaf angle distribution. The PASTIS-57 instrument has been used to 

derive time-series of PAI over cropland and forest environments (Brede et al., 2018; Fang et al., 

2018). 

 

Figure 1.21 Diagram illustrating the LAINet system (Qu et al., 2014a). 

Although the systems based on radiometric sensors have proven useful for low-cost automated 

monitoring of vegetation biophysical variables, they are subject to some limitations. Firstly, 

careful calibration of above- and below-canopy sensors is required to ensure accurate estimates 

of transmittance are acquired, and regular recalibration may be necessary due to sensor 

degradation, which could occur at different rates (particularly since the above-canopy sensors are 
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subject to increased solar radiation). Additionally, variable and/or direct illumination can lead to 

substantial artefacts in the derived time-series (Brede et al., 2018; Fang et al., 2018). Finally, with 

the exception of the PASTIS-57 system, for deriving LAI/PAI, there is again a need to specify the 

leaf angle distribution of the canopy (Section 1.5.2.2.1). As with digital cover photography, this 

makes ancillary data a necessity. 

1.5.6.2.3 Terrestrial laser scanning 

Within the last decade, terrestrial laser scanning has received increasing attention as means of 

characterising canopy structural properties (Calders et al., 2018b; Vaccari et al., 2013), because by 

using an active sensor, the sensitivity to illumination conditions suffered by other techniques is 

overcome. Nevertheless, terrestrial laser scanners are high-cost precision instruments unsuitable 

for permanent field deployment. Recently, a low-cost in situ monitoring terrestrial laser scanning 

system, known as VEGNET, was developed by Culvenor et al. (2014), which is capable of 

automated measurements at daily temporal resolution. The system is based on a commercially 

available laser rangefinder, which is set at a zenith angle of 57.5° to reduce sensitivity to canopy 

leaf angle distribution (Figure 1.22). By mounting the rangefinder on a stepper motor, the 

instrument is able to perform a 360° scan of the surrounding environment, and by taking the ratio 

of the total number of laser shots to the number of valid returns, estimates of gap fraction can be 

obtained. The VEGNET system has been deployed at several field sites to obtain time-series of PAI 

(Culvenor et al., 2014; Griebel et al., 2015; Portillo-Quintero et al., 2014). 

 

Figure 1.22 The VEGNET terrestrial laser scanning system (Culvenor et al., 2014). 
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Despite its potential, evaluation of the VEGNET system has revealed some challenges. Firstly, the 

red laser used by the system is not ideally suited to vegetation monitoring, due to the strong 

absorption at red wavelengths by photosynthetic pigments. As such, to gain a sufficient return 

signal, the instrument must be operated at night (Culvenor et al., 2014). Challenges are also 

related to the slow scanning speed, since a single scan takes approximately 40 minutes to acquire, 

enabling the influence of wind on the vegetation canopy to introduce noise into the derived point 

cloud. Moist weather conditions have also been found to lead to similar artefacts, making careful 

data screening necessary and potentially limiting the utility of the instrument in some 

environments (Culvenor et al., 2014; Griebel et al., 2015). 

1.5.6.2.4 Upscaling temporally continuous in situ data 

Although the upscaling methods described in Section 1.5.3 are well-established, they were 

designed for traditional field campaigns, whereby a considerable number of ESUs are sampled. 

This enables a robust transfer function to be established between the in situ measurements and a 

single high spatial resolution image obtained at the time of the campaign. In contrast, the 

automated in situ measurement techniques described in Section 1.5.6.2 provide dense 

characterisation of the temporal dynamics of vegetation, but only cover a small number of 

locations within a site (Brede et al., 2018; Culvenor et al., 2014; Qu et al., 2014a; Ryu et al., 2012). 

This makes it difficult to derive a robust transfer function from the data acquired on a single date. 

Since the lack of mature upscaling approaches is a key impediment to the use of temporally 

continuous in situ data for validating moderate spatial resolution satellite-derived vegetation 

products, there is a need to advance existing upscaling methodologies in this respect. 

One potential solution to upscaling spatially limited, but temporally continuous in situ data, is the 

use of multitemporal transfer functions. This approach, in which in situ measurements and high 

spatial resolution images from multiple dates are used to derive a single relationship, which is 

then applied to all images, was recently proposed by Campos-Taberner et al. (2016) and Yin et al. 

(2017). However, multitemporal transfer functions have not yet been evaluated against 

independent reference data, as only cross-validation results were presented by Campos-Taberner 

et al. (2016) and Yin et al. (2017). Additionally, comparison to RTM-based upscaling approaches 

has not been made. Since RTM-based upscaling approaches can incorporate physical knowledge, 

they are known to be less sensitive to the spatial representativeness of the in situ measurements 

used in their parametrisation when compared to statistical methods (Baret et al., 2005).  

Additionally, by accounting for variations in non-canopy factors such as sun-sensor geometry 

(Fang et al., 2012; Xu et al., 2018a), they could potentially provide more robust results. Further 

evaluation is, therefore, required. 
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1.6 Summary, gaps and challenges 

Estimates of biophysical and biochemical variables are a key input to crop yield, carbon exchange, 

climate, and numerical weather prediction models, and are fundamentally important for 

environmental management. Making use of space-borne optical instruments capable of resolving 

the spectral characteristics of vegetation, a number of operational satellite-derived vegetation 

products are now providing such estimates to users. To ensure their fitness-for-purpose, 

validation is required. Although considerable efforts in product validation have been made, 

progress from Stage 2 to Stage 3 of the CEOS WGCV LPV hierarchy has been restricted by periodic 

reference data that fail to adequately characterise vegetation temporal dynamics. It is clear that 

new approaches to facilitate routine and continuous quality assessment are required. The 

emerging techniques detailed in Section 1.5.6 represent an important development in this 

respect, however, several challenges have yet to be overcome: 

 In terms of above-canopy digital repeat photography, it is clear that the relationship between 

colour indices and specific biophysical/biochemical variables requires further investigation 

before its suitability for evaluating satellite-derived vegetation products can be confirmed; 

 Meanwhile, in terms of the existing automated techniques for measuring specific biophysical 

variables, questions related to data processing methods, measurement assumptions and 

spatial representativeness remain; 

 Finally, upscaling methods appropriate to the data provided by these systems are not well-

established, and additional investigation is required to determine which will provide the most 

robust reference data for validating satellite-derived vegetation products.
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Chapter 2 Research objectives and chapter overview 

2.1 Research aim and objectives 

The overall aim of this thesis is to advance new and emerging techniques needed for routine 

quality assessment of satellite-derived vegetation products (including temporally continuous in 

situ measurement approaches and associated upscaling methods). To address the gaps and 

challenges identified in Chapter 1, the specific research objectives are to: 

1. Assess the potential of colour indices derived from above-canopy digital repeat photography 

for the routine evaluation of satellite-derived vegetation products and understand reasons for 

observed discrepancies; 

2. Design and demonstrate an alternative automated in situ measurement approach capable of 

tracking forest biophysical properties at high temporal resolution, which is suitable for 

validating decametric retrievals such as those from Sentinel-2; 

3. Develop and evaluate new and existing RTM-based algorithms for the retrieval of forest 

biophysical and biochemical variables from Sentinel-2 data (precise retrievals being a 

prerequisite for upscaling); 

4. Establish an upscaling framework, based on Sentinel-2 data, to enable the validation of 

moderate spatial resolution satellite-derived vegetation products using temporally continuous 

in situ data. 

2.2 Chapter overview 

An outline of the original research chapters of the thesis is provided in the following paragraphs: 

Chapter 3 addresses Objective 1, and investigates the potential of above-canopy digital repeat 

photography for evaluating satellite-derived vegetation products. It involves an extensive 

comparison of PhenoCam and MERIS data at 14 study sites over multiple years to characterise the 

relationship between colour indices derived using above-canopy digital repeat photography and 

various satellite-derived vegetation products. RTM experiments are then used to explore reasons 

for observed discrepancies. 

Chapter 4 addresses Objectives 1 and 2, and proposes an alternative automated in situ 

measurement approach to overcome the limitations of above-canopy digital repeat photography 

(as identified in Chapter 3). The approach, based on automated DHP, is deployed at a deciduous 

broadleaf forest site over 13 months and evaluated against manual DHP acquisitions, confirming it 
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provides data of comparable quality to traditional in situ measurements at the ESU scale. The 

automated DHP data are then compared with above-canopy digital repeat photography, providing 

an increased understanding of the relationship between colour indices and biophysical variables 

such as LAI. 

Chapter 5 addresses Objective 3, and evaluates two algorithms for retrieving vegetation 

biophysical and biochemical variables from Sentinel-2 data. The first is an existing and widely-

used algorithm that is not optimised for forest environments but is designed to provide 

reasonable performance over all vegetation types. However, since precise retrievals are a 

prerequisite for upscaling in situ measurements, an alternative retrieval algorithm specifically 

optimised for forest environments is also developed. Both retrieval algorithms are validated 

against in situ measurements collected throughout the growing season at a deciduous broadleaf 

forest site. 

Chapter 6 addresses Objective 4, and compares approaches for upscaling the temporally 

continuous in situ data derived in Chapter 4 using Sentinel-2. The investigated upscaling methods 

include vegetation index-based multi-temporal transfer functions and an RTM-based approach 

(utilising the retrieval algorithm developed and presented in Chapter 5). 

Chapter 7 provides a synthesis of the research presented within the thesis, including perspectives 

for future work.
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Chapter 3 On the relationship between continuous 

measures of canopy greenness derived using near-

surface remote sensing and satellite-derived 

vegetation products 

This chapter is published as: Brown, L.A., Dash, J., Ogutu, B.O. and Richardson, A.D. 2017, On the 

relationship between continuous measures of canopy greenness derived using near-surface 

remote sensing and satellite-derived vegetation products, Agricultural and Forest Meteorology, 

247, pp. 280-292, https://doi.org/10.1016/j.agrformet.2017.08.012  

Author contributions: conceptualisation, Brown, L.A., Dash, J. and Ogutu, B.O., methodology, 

Brown, L.A.; software, Brown, L.A.; validation, Brown, L.A., Dash, J., Ogutu, B.O. and Richardson, 

A.D.; formal analysis, Brown, L.A.; investigation, Brown, L.A.; resources, Brown, L.A., Dash, J. and 

Richardson, A.D.; data curation, Brown, L.A. and Richardson, A.D.; writing – original draft 

preparation, Brown, L.A.; writing – review and editing, Brown, L.A., Dash, J., Ogutu, B.O. and 

Richardson, A.D.; visualisation, Brown, L.A.; supervision, Dash, J. and Ogutu, B.O.; project 

administration, Brown, L.A.; funding acquisition, Dash, J. and Richardson, A.D. 

3.1 Abstract 

Over the last two decades, satellite-derived estimates of biophysical variables have been 

increasingly used in operational services, requiring quantification of their accuracy and 

uncertainty. Evaluating satellite-derived vegetation products is challenging due to their moderate 

spatial resolution, the heterogeneity of the terrestrial landscape, and difficulties in adequately 

characterising spatial and temporal vegetation dynamics. In recent years, near-surface remote 

sensing has emerged as a potential source of data against which satellite-derived vegetation 

products can be evaluated. Several studies have focussed on the evaluation of satellite-derived 

phenological transition dates, however in most cases the shape and magnitude of the underlying 

time-series are neglected. In this paper, we investigated the relationship between the green 

chromatic coordinate (GCC) derived using near-surface remote sensing and a range of vegetation 

products derived from the Medium Resolution Imaging Spectrometer (MERIS) throughout the 

growing season. Moderate to strong relationships between the GCC and vegetation products 

derived from MERIS were observed at deciduous forest sites. Weak relationships were observed 

over evergreen forest sites as a result of their subtle seasonality, which is likely masked by 

https://doi.org/10.1016/j.agrformet.2017.08.012
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atmospheric, bidirectional reflectance distribution function (BRDF), and shadowing effects. 

Temporal inconsistencies were attributed to the oblique viewing geometry of the digital cameras 

and differences in the incorporated spectral bands. In addition, the commonly observed summer 

decline in GCC values was found to be primarily associated with seasonal variations in brown 

pigment concentration, and to a lesser extent illumination geometry. At deciduous sites, 

increased sensitivity to initial increases in canopy greenness was demonstrated by the GCC, 

making it particularly well-suited to identifying the start of season when compared to satellite-

derived vegetation products. Nevertheless, in some cases, the relationship between the GCC and 

vegetation products derived from MERIS was found to saturate asymptotically. This limits the 

potential of the approach for evaluation of the vegetation products that underlie satellite-derived 

phenological transition dates, and for the continuous monitoring of vegetation during the growing 

season, particularly at medium to high biomass study sites. 

3.2 Introduction 

Vegetation is a major component of the biosphere, and the amount and dynamics of vegetation 

influence a range of biogeochemical processes. Systematic estimates of the biophysical variables 

that describe vegetation condition are therefore required by the numerical models that enhance 

our understanding of the environment and climate system (Myneni et al., 2002; Sellers et al., 

1997). Such understanding is fundamental to the development of successful environmental policy, 

and plays a critical role in informing effective climate change mitigation strategy. Estimates of 

biophysical variables are also essential in the monitoring of forest resources, of which a net loss of 

13 million ha per year is estimated to have occurred globally between 2000 and 2010 (FAO, 2010). 

Similarly, these estimates are highly valuable in the management of agricultural practices, a 

particularly important consideration in the context of an increasing global population (Foley et al., 

2011; Godfray et al., 2010).  As a result, parameters such as the fraction of absorbed 

photosynthetically active radiation (FAPAR) and leaf area index (LAI) have been designated 

essential climate variables (ECVs) (GCOS, 2012). 

The consistent monitoring of vegetation at regional to global scales was first facilitated by the 

Advanced Very High Resolution Radiometer (AVHRR), which records coarse spectral resolution 

data at red and near-infrared wavelengths. Over the last two decades, instruments such as the 

Moderate Resolution Imaging Spectroradiometer (MODIS), Medium Resolution Imaging 

Spectrometer (MERIS) and VEGETATION (VGT) have provided improvements in radiometry, 

spectral, and spatial resolution (Barnes et al., 1998; Maisongrande et al., 2004; Rast et al., 1999). 

From these data, a range of satellite-derived vegetation products have emerged, providing users 

with spatially explicit estimates of various biophysical variables. Examples include the CYCLOPES 
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and MOD15 products, which provide estimates of FAPAR and LAI derived from VGT and MODIS 

respectively (Baret et al., 2007; Myneni et al., 1999), in addition to the MERIS global vegetation 

index (MGVI), which corresponds to FAPAR (Gobron et al., 1999), and the MERIS terrestrial 

chlorophyll index (MTCI), a surrogate of canopy chlorophyll content (Dash and Curran, 2004). 

Over the coming years, the continuity of these products will be ensured by new instruments such 

as the Ocean and Land Colour Instrument (OLCI), Sea and Land Surface Temperature Radiometer 

(SLSTR), and Visible Infrared Radiometer Suite (VIIRS) (Donlon et al., 2012; Justice et al., 2013). 

To be of real use in environmental decision making, it is vital to ensure that satellite-derived 

vegetation products are of high quality and consistency. This is a particularly important 

consideration as we enter the era of operational use, in which an increasing number of products 

will be routinely made available through initiatives such as the European Commission’s 

Copernicus programme (European Commission, 2005). Scientists, decision makers, and service 

providers will be provided with an unprecedented volume of data from which to choose, 

supporting activities such as agricultural monitoring and food security, forest management, 

numerical weather prediction, and climate modelling. By quantifying the uncertainties associated 

with satellite-derived vegetation products, their performance can be better understood, enabling 

users to assess their fitness-for-purpose and select those data that are most appropriate for their 

needs (Baret et al., 2005; Justice et al., 2000; Morisette et al., 2006, 2002). The importance of 

product evaluation is increasingly well recognised, and in recent years initiatives such as the 

Quality Assurance Framework for Earth Observation (QA4EO) have been established with the 

endorsement of the Committee on Earth Observation Satellites (CEOS), providing a formal 

structure for these activities (QA4EO, 2010). 

Despite its importance, the evaluation of operational satellite-derived vegetation products is 

particularly challenging as a result of their moderate spatial resolution, which typically ranges 

from 300 m to 1 km. The in situ observations that act as reference data are point-based, making 

direct comparison possible only in areas of high homogeneity (Fernandes et al., 2014; Morisette 

et al., 2002). Because such homogeneity is uncommon in the terrestrial landscape, particularly at 

the spatial resolutions of instruments such as MODIS and MERIS, logistically challenging field 

campaigns are required to adequately characterise spatial variability over a study site. 

Unfortunately, these activities are constrained by financial resources, reducing their frequency to, 

at best, a handful of dates per year, thus limiting the extent to which seasonal vegetation 

dynamics can be characterised. 

In recent years, near-surface remote sensing has emerged as a potential source of data against 

which satellite-derived vegetation products can be evaluated, providing potentially valuable 
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information about their performance. Digital cameras provide an inexpensive means by which the 

greenness of a vegetation canopy can be characterised at a high temporal resolution (Keenan et 

al., 2014; Richardson et al., 2009, 2007; Sonnentag et al., 2012). By making use of the red, green 

and blue bands of the image, vegetation indices such as the excess green index (EGI) and green 

chromatic coordinate (GCC) can be calculated, providing a measure of canopy greenness. 

Importantly, because the field-of-view (FOV) of a digital camera can incorporate an entire canopy, 

near-surface remote sensing can provide a greater degree of spatial integration than traditional in 

situ techniques, better reflecting the moderate spatial resolution of the satellite-derived 

vegetation products themselves (Hufkens et al., 2012; Keenan et al., 2014; Richardson et al., 2009, 

2007). 

The phenological research community have adopted near-surface remote sensing as an 

alternative to traditional in situ observations of events such as bud-burst and leaf opening, which 

are limited in terms of their spatial extent and species diversity. By analysing time-series of near-

surface remote sensing data, phenological transition dates can be determined (Ide and Oguma, 

2010; Richardson et al., 2009, 2007; Sonnentag et al., 2012). Recently, near-surface remote 

sensing has been used in the continuous monitoring of vegetation condition, and has formed the 

basis of models of plant function (Hufkens et al., 2012; Migliavacca et al., 2011; Toomey et al., 

2015). The Phenological Camera (PhenoCam) network is the largest near-surface remote sensing 

initiative, and is comprised of 340 sites, each equipped with a digital camera that is mounted 

above or within a vegetation canopy (Richardson et al., 2009, 2007). Of these 340 sites, 230 

adhere to a common protocol, whilst 200 record data at both visible and near-infrared 

wavelengths. Although the majority of PhenoCam sites are located in North America, similar 

initiatives have more recently been established in other parts of the world (Morra di Cella et al., 

2009; Wingate et al., 2015). 

Making use of near-surface remote sensing data provided by initiatives such as the PhenoCam 

network, several studies have focussed on the evaluation of satellite-derived phenological 

transition dates (Baumann et al., 2017; Coops et al., 2012; Hufkens et al., 2012; Keenan et al., 

2014; Klosterman et al., 2014; Nijland et al., 2016). In these studies, it is only the timing of 

phenological transition dates that is considered in most cases, whilst the shape and magnitude of 

the underlying time-series are largely neglected. By focusing on phenological transition dates, 

rates of change, which can be affected by a range of meteorological and biogeochemical factors, 

are overlooked. Accurately capturing and representing these dynamics is vital for the continuous 

monitoring of vegetation condition, and for the modelling of plant function. Recently, several 

authors have observed features in near-surface remote sensing data that appear unrelated to 

vegetation dynamics, including a spring peak and summer decline (Keenan et al., 2014; Toomey et 
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al., 2015; Yang et al., 2014). Although previous work has attributed the spring peak to the non-

linear relationship between leaf chlorophyll concentration and the GCC (Wingate et al., 2015), the 

factors responsible for the summer decline remain unclear. If the entire time-series is to be 

successfully made use of, an increased understanding of these discrepancies is required. 

In this paper, we examine the relationship between continuous measures of canopy greenness 

derived from PhenoCam data and a range of vegetation products derived from MERIS, an 

instrument with similar characteristics to OLCI on-board the European Space Agency’s (ESA’s) 

recently launched Sentinel-3 mission (Donlon et al., 2012; ESA, 2012). In doing so, we hope to 

answer the following questions: 

1. How do continuous measures of canopy greenness derived using near-surface remote sensing 

relate to satellite-derived vegetation products, and what factors are responsible for observed 

discrepancies? 

2. Can near-surface remote sensing be used as a means to operationally and systematically 

evaluate these satellite-derived vegetation products? 

3.3 Materials and methods 

3.3.1 Study sites 

Fourteen study sites were selected based on the availability of at least one year of near-surface 

remote sensing data within the time period that MERIS was operational (17/05/2002 to 

08/04/2012). Only Type 1 PhenoCam sites were considered, as at these sites a standard 

installation protocol is adhered to, using a single digital camera model (NetCam SC IR, StarDot 

Technologies). The study sites meeting these criteria were dominated by deciduous forest, but 

also incorporated evergreen forest and grassland vegetation. All study sites were located within 

the United States, lying at a low or moderate elevation (Table 3.1). With the exception of Vaira 

Ranch and Wind River, which experience a Mediterranean climate, all study sites were 

characterised by a temperate climate. 

3.3.2 Near-surface remote sensing data 

At each study site, near-surface remote sensing data were obtained from the PhenoCam network. 

Images acquired between the start of PhenoCam operations and the end of the MERIS archive 

were selected. At the investigated study sites, images are acquired during daylight hours every 30 

minutes. To minimise shadowing and bidirectional reflectance distribution function (BRDF) effects 

caused by variations in illumination geometry, only near-noon images acquired between the 
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hours of 11:00 and 13:00 local time were considered, providing, on average, 6 images per day 

(Migliavacca et al., 2011; Richardson et al., 2009). Because the FOV of the digital camera often 

contained non-canopy features, analysis was restricted to manually defined regions of interest 

(ROIs) incorporating only the vegetation canopy of interest (Figure 3.1). To minimise the effects of 

atmospheric aerosols and low-lying cloud, ROIs were restricted to the foreground of the image 

(Richardson et al., 2009). For each ROI, the GCC was then calculated as 

𝐺𝐶𝐶 =
𝐷𝑁𝑔𝑟𝑒𝑒𝑛

𝐷𝑁𝑟𝑒𝑑 + 𝐷𝑁𝑔𝑟𝑒𝑒𝑛 + 𝐷𝑁𝑏𝑙𝑢𝑒
 

where 𝐷𝑁𝑔𝑟𝑒𝑒𝑛, 𝐷𝑁𝑟𝑒𝑑 and 𝐷𝑁𝑏𝑙𝑢𝑒 are mean digital number (DN) values in the green, red and 

blue bands of the image. The GCC is widely used as a measure of canopy greenness, and when 

compared to alternatives such as the EGI, it is thought to be more effective at suppressing the 

effects of variations in scene illumination (Richardson et al., 2007; Sonnentag et al., 2012). As very 

few sites were acquiring near-infrared data before the end of the MERIS archive, near-infrared 

capabilities were not investigated in this study. 

Table 3.1 Selected study sites and their characteristics. 

Study site Latitude Longitude 
Elevation 

(m) 
Dominant land cover 

Arbutus Lake 43.9821 -74.2332 535 Deciduous forest 

Bartlett Experimental Forest (IR) 44.0646 -71.2881 268 Deciduous forest 

Cary Institute of Ecosystem 
Studies 

41.7839 -73.7341 127 Deciduous forest 

Coweeta Hydrologic Laboratory 35.0596 -83.4280 680 Deciduous forest 

Harvard Forest 42.5378 -72.1715 340 Deciduous forest 

Harvard Forest Hemlock 42.5394 -72.1780 355 Deciduous forest 

Little Prospect Hill 42.5420 -72.1850 380 Deciduous forest 

Howland Experimental Forest 45.2041 -68.7403 80 Evergreen forest 

Hubbard Brook Experimental 
Forest 

43.9439 -71.7019 253 Deciduous forest 

Morgan Monroe State Forest 39.3231 -86.4131 275 Deciduous forest 

Proctor Maple Research Center 44.5250 -72.8660 403 Deciduous forest 

University of Michigan Biological 
Station 

45.5598 -84.7138 230 Deciduous forest 

Vaira Ranch 38.4133 -120.9506 129 Grassland 

Wind River Experimental Forest 45.8213 -121.9521 371 Evergreen forest 
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Figure 3.1 Example of an ROI incorporating only the vegetation canopy of interest at Coweeta 

Hydrologic Laboratory (black box). 

Because of the comparatively short atmospheric path associated with near-surface remote 

sensing data, they are typically subject to minimal atmospheric effects when compared with 

satellite remote sensing data. Nevertheless, noise may be introduced by external conditions such 

as rain, fog, and condensation, in addition to variations in scene illumination. To suppress such 

noise, the moving window approach described by Sonnentag et al. (2012) was adopted, in which 

the 90th percentile of all GCC values acquired within a three-day window was assigned to the 

central day. To eliminate residual noise, a simple outlier removal procedure was adopted, in 

which GCC values lying further than two standard deviations from the mean of the time-series 

were excluded from further analysis. 

3.3.3 Satellite remote sensing data 

MERIS level 2 full-resolution full-swath (MER_FRS_2P) data were obtained for a 3 x 3 window (900 

m x 900 m) centred on the location of each study site. Over land surfaces, MER_FRS_2P data 

incorporate two operational vegetation products: the MGVI and MTCI, in addition to bottom-of-

atmosphere (BOA) reflectance values in 13 spectral bands. These BOA reflectance values are the 

result of a partial atmospheric correction for gaseous absorption and Rayleigh scattering (Santer 

et al., 1999). The 3 x 3 window was selected to minimise uncertainties associated with positional 

errors and the instrument’s point spread function. For each acquisition, the mean value of each 

measurement data set (MDS) within the window was calculated, except where cloud or relevant 

product confidence flags were present. These initial data processing steps were carried out 

remotely using ESA’s Grid Processing on Demand (G-POD) environment. By making use of 

computing resources close to the MERIS archive itself, we could overcome the challenges 

associated with processing such a large number of acquisitions. 
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Further data processing was carried out locally using a series of Interactive Data Language (IDL) 

routines. As a result of known deficiencies in the MERIS cloud-screening algorithm (ESA, 2006; 

Gómez-Chova et al., 2007), an additional means of quality control was adopted. Because large 

variations within the 3 x 3 window were only likely under conditions such as partial cloud cover, 

the coefficient of variation was calculated, and only acquisitions with a coefficient of variation of < 

0.50 were retained for further analysis. Such an approach has been previously applied to MERIS 

data acquired over the marine environment using an arbitrarily determined coefficient of 

variation of between 0.15 and 0.25 (Barker et al., 2008; Mélin et al., 2011; Sá et al., 2015). As a 

greater degree of heterogeneity is likely to be experienced over the terrestrial environment, we 

selected an increased coefficient of variation for the purposes of this study. 

Two operational vegetation products were examined: the MGVI and the MTCI. In addition to 

these products, two alternative vegetation indices were calculated. The normalised difference 

vegetation index (NDVI), which demonstrates strong relationships with FAPAR and LAI, was 

selected as a result of its widespread use (Carlson and Ripley, 1997; Myneni and Williams, 1994; 

Rouse et al., 1974), whilst the MERIS GCC (hereafter referred to as the MGCC) was selected to 

provide a more direct spectral comparison to the GCC derived using near-surface remote sensing 

data. The NDVI was calculated as 

𝑁𝐷𝑉𝐼 =
𝑅𝑏𝑎𝑛𝑑 13 − 𝑅𝑏𝑎𝑛𝑑 8

𝑅𝑏𝑎𝑛𝑑 13 + 𝑅𝑏𝑎𝑛𝑑 8
 

where 𝑅𝑏𝑎𝑛𝑑 13 and 𝑅𝑏𝑎𝑛𝑑 8 are reflectance values in MERIS bands 13 and 8, centred at 865 nm 

and 681.25 nm respectively, whilst the MGCC was calculated as 

𝑀𝐺𝐶𝐶 =
𝑅𝑏𝑎𝑛𝑑 5

𝑅𝑏𝑎𝑛𝑑 2 + 𝑅𝑏𝑎𝑛𝑑 5 + 𝑅𝑏𝑎𝑛𝑑 8
 

where 𝑅𝑏𝑎𝑛𝑑 2 and 𝑅𝑏𝑎𝑛𝑑 5 are reflectance values in MERIS bands 2 and 5, centred at 442.5 nm 

and 560 nm respectively. Once calculated, the outlier removal procedure described in Section 

3.3.2 was again adopted to eliminate residual noise. 

3.3.4 Analysis of paired data 

MERIS acquisitions were paired to the GCC value representing the three-day time period within 

which they fell. To enable the agreement of the two data sets to be assessed, time-series of the 

GCC and each satellite-derived vegetation product were plotted for each study site. As the data 

from most study sites demonstrated a strong two-phase seasonal pattern, measures of linear 

correlation were ill-suited to characterising these relationships. We therefore adopted the non-

parametric Spearman’s rank correlation coefficient, providing a means to quantify the strength of 
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monotonic relationships between the two variables. To investigate seasonal variations in these 

relationships, analysis was also carried out on spring, summer, autumn and winter subsets, which 

were defined according to meteorological definitions for the northern hemisphere. 

3.3.5 Land cover data 

To support interpretation of the results, high spatial resolution (30 m) land cover data were 

obtained from the 2011 National Land Cover Database (NLCD 2011), which consists of 20 land 

cover classes covering 8 broad categories (Homer et al., 2015) (Table 3.2). To enable the effects of 

land cover heterogeneity and the influence of different land cover mixtures to be assessed, the 

percentage of each land cover class was calculated for a 31 x 31 (930 m x 930 m) window centred 

on the location of each study site. 

3.3.6 Radiative transfer modelling 

To explore factors that could be responsible for the previously observed summer decline, several 

experiments were carried out using the Leaf Optical Properties Spectra (PROSPECT) and Scattering 

by Arbitrarily Inclined Leaved (SAIL) radiative transfer models (Jacquemoud et al., 2009; 

Jacquemoud and Baret, 1990; Verhoef, 1984). Coupled, these models provide a physically-based 

means of investigating how the combined interaction of various biophysical and non-canopy 

variables might influence the GCC, and are particularly useful given the absence of appropriate 

and contemporaneous ancillary data. To this end, we extended the analysis of Wingate et al. 

(2015), who simulated GCC values over the course of a year, making use of input parameters that 

reflect empirical observations at the oak-dominated Alice Holt Research Forest in Southern 

England (Appendix A). The site is representative of temperate deciduous forest, having similar 

characteristics to many of the deciduous forest sites investigated in this study. To investigate 

whether variations in illumination geometry could contribute to the summer decline, we 

simulated the GCC using both a fixed solar zenith angle (SZA) of 30°, and a varying SZA calculated 

at noon for each day of year (DOY) (Figure 3.2). We also carried out simulations using an 

alternative parameterisation of brown pigment concentration (Figure 3.3), as although Wingate et 

al. (2015) note that the GCC is sensitive to this variable, their parameterisation poorly reflects 

seasonal variations typically observed in oak, with increases beginning to occur only at DOY 275. 

In contrast, previous research has demonstrated that increases in the concentration of brown 

pigments such as tannins instead begin to occur as early as DOY 150 (Feeny and Bostock, 1968). 
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Table 3.2 Classification system adopted by the NLCD 2011 (Homer et al., 2015). 

Category Classes 

Water 
Open water 

Perennial ice/snow 

Developed 

Developed (open space) 
Developed (low intensity) 

Developed (medium intensity) 
Developed (high intensity) 

Barren Barren land (rock/sand/clay) 

Forest 

Deciduous forest 
Evergreen forest 

Mixed forest 

Shrubland 
Dwarf scrub 

Shrub/scrub 

Herbaceous 

Grassland/herbaceous 

Sedge/herbaceous 
Lichens 
Moss 

Planted/cultivated 
Pasture/hay 

Cultivated crops 

Wetlands 
Woody wetlands 

Emergent herbaceous wetlands 

 

Figure 3.2 Noon SZA at Alice Holt Research Forest for each DOY simulated. 

 

Figure 3.3 Alternative brown pigment concentration parameterisation adopted to better reflect 

seasonal variations typically observed in oak, after Feeny and Bostock (1968). 
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3.4 Results 

3.4.1 Seasonal patterns in the GCC and vegetation products derived from MERIS 

Clear seasonal patterns were observed in the GCC at the majority of study sites investigated. They 

were best resolved at deciduous forest sites, in which the start of the growing season occurred 

between April and May and the end of the growing season occurred between October and 

November, depending on the study site. These seasonal patterns were broadly consistent with 

those observed in the vegetation products derived from MERIS, with the exception of the MGCC, 

which was subject to a substantial degree of noise (Figure 3.4). At evergreen forest sites such as 

Howland Experimental Forest and Wind River, the GCC was subject to a greater degree of noise 

(Figure 3.5). Despite this, seasonal patterns were more clearly resolved by GCC than by the 

vegetation products derived from MERIS. Similar results were also observed at Vaira Ranch, a 

grassland site. 

 

Figure 3.4 Seasonal patterns in the GCC and MGCC (a), MGVI (b), MTCI (c), and NDVI (d) at 

Harvard Forest, a deciduous forest site. 
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Figure 3.5 Seasonal patterns in the GCC and MGCC (a), MGVI (b), MTCI (c), and NDVI (d) at Wind 

River, an evergreen forest site. 

Although similar temporal patterns were observed between vegetation products derived from 

MERIS and GCC, they were subject to substantial differences in timing. At the start of the growing 

season, increases in the GCC occurred by up to one month prior to those in the vegetation 

products derived from MERIS. Conversely, at the end of the growing season, decreases in the 

vegetation products derived from MERIS occurred by up to one month earlier to those in the GCC. 

Thus, the length of the growing season observed in the vegetation products derived from MERIS 

was substantially shorter than in the GCC. These differences in timing were most pronounced in 

the case of the MGVI and MTCI (Figure 3.4). Additionally, at the majority of deciduous forest sites, 

an asymmetric pattern was observed, in which peak GCC values occurred in late spring, before an 

intermediate state of more gradual decline throughout the summer (Figure 3.4). This pattern was 

observed on an annual basis, but was not evident in the vegetation products derived from MERIS, 

in which peak values occurred later in the growing season. 
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3.4.2 Relationships between the GCC and vegetation products derived from MERIS 

A substantial degree of variability was observed in the strength of the relationships between the 

GCC and each vegetation product derived from MERIS (Table 3.3). Moderate relationships were 

demonstrated by the MGVI, MTCI, and NDVI. In contrast, comparatively weak relationships were 

demonstrated by the MGCC. The relationships between the GCC and vegetation products derived 

from MERIS were also subject to a substantial degree of variability between study sites (Table 

3.3). Moderate to strong relationships were demonstrated at study sites dominated by deciduous 

forest, with the exception of Hubbard Brook Experimental Forest, at which weaker relationships 

were demonstrated. At some study sites in which several juxtaposing land cover types dominated, 

such as Cary Institute of Ecosystem Studies, weaker relationships were too observed. However, 

this was not the case at others, such as Harvard Forest, Harvard Forest Hemlock, and Little 

Prospect Hill. Particularly weak relationships were demonstrated at study sites dominated by 

evergreen forest, such as Howland Experimental Forest and Wind River. Similarly weak 

relationships were observed at the grassland Vaira Ranch. In terms of seasonal differences, 

significant relationships between the GCC and vegetation products derived from MERIS were 

observed at 10 study sites during spring and 13 study sites during autumn. In contrast, significant 

relationships were observed at only one study site during the summer and two study sites during 

the winter (Appendix B). 

Table 3.3 Spearman’s rank correlation coefficient (rs) values associated with each satellite-

derived vegetation product at each study site. Values marked with * indicate that the 

relationship with the GCC was statistically significant (p < 0.01). For clarity, only land 

cover classes accounting for > 1% are shown. 

Study site Land cover classes (%) MGCC MGVI MTCI NDVI 

Arbutus Lake 

Deciduous forest (79.9) 

Open water (7.8) 

Evergreen forest (6.3) 

Mixed forest (4.1) 

Developed open (1.9) 

0.59* 0.70* 0.55* 0.72* 

Bartlett Experimental Forest (IR) 

Deciduous forest (59.0) 

Mixed forest (36.4) 

Shrub/scrub (2.0) 

Developed open (1.7) 

0.33* 0.78* 0.58* 0.41* 

Cary Institute of Ecosystem Studies 

Deciduous forest (44.3) 

Pasture/hay (16.4) 

Evergreen forest (14.8) 

Developed open (9.5) 

Shrub/scrub (4.7) 

Developed low (3.6) 

Mixed forest (3.6) 

Woody wetlands (2.7) 

0.35* 0.53* 0.58* 0.44* 
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Coweeta Hydrologic Laboratory 

Deciduous forest (80.6) 

Developed open (12.5) 

Pasture/hay (2.7) 

Evergreen forest (1.7) 

Shrub/scrub (1.7) 

0.39* 0.75* 0.80* 0.76* 

Harvard Forest 

Deciduous forest (46.2) 

Evergreen forest (18.7) 

Woody wetlands (14.9) 

Mixed forest (14.2) 

Developed open (4.4) 

Shrub/scrub (1.7) 

0.58* 0.78* 0.64* 0.77* 

Harvard Forest Hemlock 

Deciduous forest (45.5) 

Evergreen forest (26.5) 
Woody wetlands (24.9) 

Mixed forest (2.6) 

0.55* 0.76* 0.63* 0.73* 

Little Prospect Hill 

Deciduous forest (43.8) 

Mixed forest (25.2) 

Evergreen forest (18.1) 

Developed open (7.5) 

Woody wetlands (5.4) 

0.65* 0.86* 0.76* 0.85* 

Howland Experimental Forest 

Evergreen forest (90.8) 

Woody wetlands (5.1) 

Mixed forest (4.0) 

0.42* 0.54* 0.35* 0.50* 

Hubbard Brook Experimental Forest 

Deciduous forest (54.8) 

Mixed forest (31.7) 

Evergreen forest (6.7) 

Developed open (3.3) 

Cultivated crops (2.0) 

0.40* 0.57* 0.48* 0.35* 

Morgan Monroe State Forest 
Deciduous forest (92.4) 

Shrub/scrub (7.6) 
0.53* 0.70* 0.71* 0.59* 

Proctor Maple Research Center 

Deciduous forest (95.8) 
Evergreen forest (1.8) 

Woody wetlands (2.4) 

0.67* 0.73* 0.62* 0.79* 

University of Michigan Biological Station 

Deciduous forest (85.38) 
Mixed forest (5.2) 

Grassland/herbaceous (4.3) 
Developed open (2.0) 

Evergreen forest (1.4) 

0.40* 0.70* 0.81* 0.78* 

Vaira Ranch 

Grassland/herbaceous (79.0) 
Deciduous forest (11.7) 
Developed open (6.7) 

Shrub/scrub (2.6) 

-0.56* -0.71* 0.48* -0.71* 

Wind River Experimental Forest 

Evergreen forest (89.2) 
Woody wetlands (6.0) 

Developed low (3.1) 

Shrub/scrub (1.4) 

0.26* 0.50* -0.08 0.41* 

 

3.4.3 Characteristics of the GCC 

Although the range of the vegetation products derived from MERIS was relatively consistent 

between study sites, a greater degree of variability was observed in the range of GCC values. 

Additionally, the relationships between the GCC and vegetation products derived from MERIS 



Chapter 3 

71 

demonstrated distinct non-linearity at some study sites, taking an exponential form (Figure 3.6). 

The GCC was observed to saturate asymptotically at medium to high MGCC, MGVI, MTCI, and 

NDVI values, whilst demonstrating increased sensitivity to low levels of canopy greenness when 

compared to these satellite-derived vegetation products. These saturation effects were most 

pronounced at Morgan Monroe State Forest and Little Prospect Hill. 

 

Figure 3.6 Relationships between the GCC and MGCC (a), MGVI (b), MTCI (c), and NDVI (d) at 

Morgan Monroe State Forest, where rs is the Spearman’s rank correlation coefficient, 

p is the two-tailed p-value and n is the number of data points. 

3.4.4 Factors responsible for the summer decline 

The GCC values simulated using input parameters reflecting empirical observations at Alice Holt 

Research Forest were broadly consistent with those observed at other deciduous forest sites, 

taking on a similar range and seasonal pattern (Figure 3.7). These simulated values were 

characterised by an evident spring peak, although a clear summer decline was not observed when 

a fixed SZA was adopted (Figure 3.7). A distinct decline was observed throughout the summer 

months when a varying SZA was adopted as in Wingate et al. (2015), although this decline was of 

a relatively small magnitude compared to that observed at other deciduous forest sites 

investigated in this study (Figure 3.7). When run with our alternative parameterisation of brown 
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pigment concentration, the magnitude of the decline in simulated GCC values was greatly 

increased, better reflecting observations over these deciduous forest sites (Figure 3.8). 

 

Figure 3.7 GCC values simulated using a fixed SZA of 30°, in addition to a varying SZA as in 

Wingate et al. (2015). 

 

Figure 3.8 GCC values simulated using the brown pigment concentration parameterisation 

based on that of Wingate et al. (2015), in addition to those simulated using our 

alternative parameterisation (Figure 3.3). 

3.5 Discussion 

3.5.1 Differences in seasonal patterns observed in the GCC and satellite-derived 

vegetation products 

The temporal inconsistencies observed between the GCC and vegetation products derived from 

MERIS at the start of the growing season are consistent with the results of previous studies. 

Similar results have been reported when the GCC has been compared with estimates of gross 

primary productivity (GPP) derived from eddy covariance data, in addition to a range of 

biophysical variables observed at both the leaf and canopy scale (Keenan et al., 2014; Toomey et 

al., 2015; Yang et al., 2014). It is suggested by Keenan et al. (2014) that due to the oblique angle at 

which the digital cameras are mounted, the effective LAI incorporated within their FOV is greater 

than that observed from a near-nadir viewing geometry, from which only the tops of trees are 

visible. Changes in canopy greenness are therefore accentuated at the start of the growing 

season, leading to a more rapid increase in the GCC. In addition to differences in viewing 

geometry, temporal inconsistencies are also to be expected because of differences in the 
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incorporated spectral bands, which provide sensitivity to different biophysical variables. These 

biophysical variables have independent but related seasonal trajectories (Yang et al., 2014). 

The spring peak and summer decline observed at deciduous forest sites (Figure 3.4) have both 

been noted in previous work (Keenan et al., 2014; Toomey et al., 2015; Yang et al., 2014), and a 

number of explanations have been proposed in the literature. For example, using a series of 

radiative transfer model experiments, Wingate et al. (2015) attributed the spring peak to the non-

linear relationship between leaf chlorophyll concentration and the GCC. In early spring, increases 

in leaf chlorophyll concentration are initially met with increases in the GCC. Peak GCC values are 

reached at a leaf chlorophyll concentration of approximately 30 µg cm-2 during late spring, and 

with further increases in leaf chlorophyll concentration, a reduction in the GCC is observed. We 

suggest the reason for this reduction is the broadening of the chlorophyll absorption feature, 

which acts to reduce reflectance at green wavelengths (Gates et al., 1965; Lichtenthaler et al., 

1998; Richardson et al., 2002). In terms of the summer decline, several authors have pointed to 

the role of leaf ageing and associated changes in pigmentation (Keenan et al., 2014; Sonnentag et 

al., 2012). Despite this, previous work has demonstrated that at deciduous forest sites, leaf 

chlorophyll concentration remains relatively constant throughout the growing season, and 

pronounced asymmetry is rarely observed (Demarez et al., 1999; Gond et al., 1999; Koike, 1990; 

Yang et al., 2014). The results of our radiative transfer modelling suggest that seasonal variations 

in brown pigment concentration are the major contributor to the summer decline, whilst other 

factors, such as seasonal variations in illumination geometry, also play a minor role. 

3.5.2 Differences in relationships between the GCC and satellite-derived vegetation 

products 

The moderate to strong relationships demonstrated between the GCC and MGVI, MTCI, and NDVI 

at deciduous forest sites reflect the results of previous studies. For example, moderate to strong 

relationships between the GCC and estimates of GPP derived from eddy covariance data (r2 = 0.50 

to 0.82) are presented by Toomey et al. (2015). At evergreen forest sites, weaker relationships 

were demonstrated as a result of the comparatively subtle seasonality of these species, which 

was poorly resolved by the vegetation products derived from MERIS. It is likely that this relatively 

weak signal is masked by atmospheric, BRDF, and shadowing effects in the satellite-derived 

vegetation products, leading to substantial variability within the growing season that is unrelated 

to vegetation dynamics. Because these effects are less pronounced in the near-surface remote 

sensing data, this weak signal can be more easily resolved by the GCC. This result indicates that if 

MERIS and future OLCI data are to prove useful in monitoring evergreen forest sites, more 

rigorous atmospheric and BRDF correction schemes will be required. The weak relationships 
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demonstrated at Vaira Ranch differ from those presented in previous studies, in which clear 

seasonal patterns were observed (Liu et al., 2017). In previous work over grassland sites, strong 

relationships between the GCC and vegetation indices derived from in situ spectroradiometric 

observations have been reported (r2 = 0.69 to 0.82), as have strong relationships between the 

GCC and estimates of GPP derived from eddy covariance data (r2 = 0.55 to 0.92) (Migliavacca et 

al., 2011; Toomey et al., 2015). This result should therefore be treated with caution, particularly in 

light of the fact that only a single grassland site was investigated. 

When comparing phenological transition dates derived from PhenoCam data and vegetation 

products derived from MODIS, Klosterman et al. (2014) report a strong relationship between 

fractional forest cover and bias in the end of spring date (r2 = 0.73). Nevertheless, significant 

relationships (p < 0.05) were not reported for any other investigated phenological transition 

dates. Similarly, in this study, observed patterns between land cover heterogeneity and the 

strength of the relationships between the GCC and vegetation products derived from MERIS were 

varied. Weak relationships were demonstrated at some study sites dominated by several 

juxtaposing land cover types such as Cary Institute of Ecosystem Studies, although this was not 

universally the case. Others were characterised by strong relationships, reflecting the mixed 

nature of the findings of Klosterman et al. (2014). The observed seasonal differences in the 

strength and significance of these relationships are to be expected, as the degree of variation that 

can be explained by the GCC is substantially reduced in the summer and winter, during which the 

condition of vegetation remains relatively static. 

An unexpected result of this study was the fact that weak relationships were demonstrated 

between the GCC and MGCC, as the MGCC was calculated to provide a more direct spectral 

comparison to the near-surface remote sensing data itself. Nevertheless, similar results were 

obtained by Klosterman et al. (2014), who report that when calculated from MODIS data, the GCC 

is subject to a substantial degree of noise, poorly representing seasonal patterns when compared 

to other vegetation products such as the Enhanced Vegetation Index (EVI) and NDVI. The noise 

observed in the MGCC is likely due to the fact that unlike the other vegetation products derived 

from MERIS, it incorporates a band at blue wavelengths (band 2, centred at 442.5 nm). In the 

optical domain, it is these shorter wavelengths that are most strongly influenced by atmospheric 

effects, a fact reflected by the greater degree of variation observed at all study sites in band 2 

when compared to band 13 (centred at 865 nm) (Figure 3.9). Because the MERIS L2 FRS data are 

subject only to partial atmospheric correction, residual contamination of the blue band is more 

likely. 
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Figure 3.9 Coefficient of variation associated with reflectance values in MERIS bands 2 and 13 

(centred at 442.5 nm and 865 nm respectively) at each study site during the summer. 

3.5.3 Potential of near-surface remote sensing for evaluating satellite-derived vegetation 

products 

As discussed in Section 3.2, near-surface remote sensing has been adopted by the phenological 

research community as an alternative to in situ observations of events such as bud-burst and leaf 

opening. It is a particularly promising technique for the evaluation of satellite-derived 

phenological transition dates, enabling the phenological characteristics of an entire canopy to be 

characterised as opposed to those of a single plant (Hufkens et al., 2012; Keenan et al., 2014; 

Klosterman et al., 2014). Additionally, as the same algorithms used to derive phenological 

transition dates from satellite-derived vegetation products can be applied to near-surface remote 

sensing data, their results can be more easily compared. Consistent with the results of previous 

studies, clear seasonal patterns in the GCC were observed at deciduous forest sites from which it 

would be straightforward to derive phenological transition dates. In light of the noise observed at 

evergreen forest and grassland sites, another foreseeable application of near-surface remote 

sensing data is the evaluation of cloud-screening algorithms. By analysing the DN values of an ROI 

covering the sky, it might be possible to automatically determine the presence or absence of 

cloud cover. This could provide particularly useful information in the case of instruments such as 

MERIS and OLCI, whose cloud-screening algorithms are constrained by the absence of bands at 

shortwave- and thermal-infrared wavelengths. 

Despite the advantages of the technique, the results of this study reveal several issues associated 

with near-surface remote sensing that limit its potential for evaluation of the vegetation products 

that underlie satellite-derived phenological transition dates. Our analysis indicates that the 
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relationship between the GCC and vegetation products derived from MERIS is in some cases 

distinctly non-linear, saturating asymptotically at medium to high MGCC, MGVI, MTCI, and NDVI 

values. This is an important consideration for those attempting to model variables related to plant 

function such as GPP, particularly in the case of study sites characterised by medium to high 

biomass. Keenan et al. (2014) note a similar non-linear relationship between the GCC and in situ 

observations of LAI, suggesting that increases in the GCC occur as a result of green leaves filling 

gaps within the canopy. Above an LAI of approximately 2.5, few gaps remain in the canopy, and 

because additional leaves overlap one another, the greenness of the canopy, as observed by the 

digital camera, does not increase (Keenan et al., 2014). We note that the majority of satellite-

derived vegetation products remain sensitive to increases in LAI, as a result of a) their near-nadir 

viewing geometry, and b) the fact that they incorporate bands at near-infrared wavelengths, 

where the reflectance of leaves is governed more strongly by structural characteristics as opposed 

to pigmentation. As such, the exploitation of near-infrared capabilities, as demonstrated by 

Petach et al. (2014) and now available at 200 PhenoCam sites, would likely enable the issue of 

asymptotic saturation to be at least partially overcome in future investigations. 

3.6 Conclusions 

Although near-surface remote sensing has been used to evaluate satellite-derived phenological 

transition dates, few studies have considered the shape and magnitude of the underlying time-

series. In this study, for the first time, we investigated the relationship between continuous 

measures of canopy greenness derived using near-surface remote sensing and satellite-derived 

vegetation products. Temporal inconsistencies were observed between the GCC and vegetation 

products derived from MERIS, reflecting the results of previous work. Although temporal 

inconsistencies have previously been attributed to the oblique viewing geometry of the digital 

cameras, they are also to be expected due to differences in the incorporated spectral bands, 

which provide sensitivity to different biophysical variables. As in other studies, a spring peak and 

summer decline were observed in the GCC at deciduous forest sites. Whilst the spring peak has 

previously been attributed to the non-linear relationship between leaf chlorophyll concentration 

and the GCC, the results of our radiative transfer modelling suggest that seasonal variations in 

brown pigment concentration, and to a lesser extent illumination geometry, contribute to the 

summer decline. 

Moderate to strong relationships between the GCC and vegetation products derived from MERIS 

were demonstrated at deciduous forest sites. Weak relationships were demonstrated at 

evergreen forest sites as a result of their comparatively subtle seasonality, which is likely masked 

by atmospheric, BRDF, and shadowing effects in the vegetation products derived from MERIS. At 
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these sites, seasonal patterns were better resolved by the GCC, highlighting the need for more 

rigorous atmospheric and BRDF correction schemes. 

As a result of its increased sensitivity to initial increases in canopy greenness when compared to 

the vegetation products derived from MERIS, the GCC is particularly well-suited to identifying the 

start of season, making near-surface remote sensing a valuable source of data for evaluating 

satellite-derived phenological transition dates. Despite this, the results of this study reveal that in 

some cases, the relationship between the GCC and vegetation products derived from MERIS 

saturates asymptotically at medium to high MGCC, MGVI, MTCI, and NDVI values. At present, this 

limits the potential of the approach for evaluation of vegetation products that underlie satellite-

derived phenological transition dates, and for the continuous monitoring of vegetation during the 

growing season, particularly at medium to high biomass study sites. Nevertheless, if coupled with 

near-infrared capabilities, we suggest that near-surface remote sensing has the potential to serve 

as a useful tool for the operational and systematic evaluation of satellite-derived vegetation 

products. 
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4.1 Abstract 

In recent years, digital repeat photography has received increasing attention as an inexpensive 

means by which seasonal changes in vegetation canopies can be monitored. Offering automation 

and an increased measurement frequency, colour indices derived from above-canopy digital 

repeat photography have proven a popular alternative to traditional observations of forest 

phenology. Nevertheless, previous work has demonstrated several features in time-series of 

colour indices that are unrelated to canopy structure, limiting their utility to track specific 

biophysical properties such as leaf area index (LAI). Whilst techniques such as digital cover 

photography and the use of radiometric sensors are better suited to this task, they are restricted 

by the need for careful calibration of above- and below-canopy reference sensors, ancillary 

information on canopy leaf angle distribution, and smaller measurement footprints. Using data 

collected at a deciduous broadleaf forest site in Southern England, we investigated a new method 

to derive continuous measurements of LAI, making use of automated digital hemispherical 

photography (DHP) from below the canopy. After applying simple data screening procedures, the 

LAI observations derived from our automated DHP system demonstrated very close agreement 

with those obtained from manually acquired DHP images, which were collected under optimal 

https://doi.org/10.1016/j.agrformet.2020.107944
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illumination conditions over the surrounding forest plot (r2 = 0.99, RMSE = 0.20, NRMSE = 13%). 

By combining our automated DHP system with an above-canopy time-lapse digital camera, we 

then investigated the relationship between the green chromatic coordinate (GCC) and LAI. 

Distinct hysteresis effects were observed, as were substantial differences between phenological 

transition dates derived from the GCC and LAI, particularly in the case of the onset of senescence. 

Our results indicate that phenological transition dates derived from colour indices cannot easily 

be linked to any one biophysical property. We recommend further investigation of the automated 

DHP approach, which provides time-series of LAI whose physical interpretation is straightforward, 

as an alternative to above-canopy digital repeat photography. 

4.2 Introduction 

Forests cover approximately 30% of the Earth’s land surface (FAO, 2015). They are a major carbon 

sink, and account for approximately 50% of terrestrial gross primary productivity (Beer et al., 

2010). Monitoring forest biophysical properties such as leaf area index (LAI), which determines 

light interception and the size of the interface between the biosphere and atmosphere, is crucial 

in understanding drivers of carbon fixation, responses to climate change, and feedbacks to the 

climate system (Richardson et al., 2013; Sellers et al., 1997). Unfortunately, the in situ 

measurement of biophysical variables such as LAI is a time-consuming and laborious process, and 

whilst advances in non-destructive, indirect techniques have been made (Bréda, 2003; Jonckheere 

et al., 2004; Weiss et al., 2004), in situ measurements are still restricted by resource constraints. 

Because in situ measurements typically involve spatial replicate sampling, they are able to capture 

variability at the plot (and site) scale useful to forest managers and ecologists, but their periodic 

nature means they cannot adequately characterise temporal dynamics. Improved information on 

these dynamics is required by models of vegetation productivity, biosphere-atmosphere 

interactions, and the surface energy balance. Therefore, there is a clear need to develop cost-

effective techniques for the continuous monitoring of forest biophysical properties over time. 

In recent years, digital repeat photography has received increasing attention as an inexpensive 

form of near-surface remote sensing by which seasonal changes in vegetation canopies can be 

monitored.  The term digital repeat photography refers to several techniques, including the use of 

above-canopy digital cameras with an oblique field-of-view (FOV) to characterise canopy colour 

(hereafter referred to as above-canopy digital repeat photography), and more recently, the use of 

below-canopy digital cameras facing upwards to estimate canopy cover (hereafter referred to as 

digital cover photography). These techniques make use of standard or wide-angle lenses, 

providing a FOV of approximately 30° to 60° (Chianucci and Cutini, 2013; Pekin and Macfarlane, 

2009; Richardson et al., 2007). 
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From time-series of images acquired using above-canopy digital repeat photography, colour 

indices can be extracted, enabling seasonal changes in greenness to be captured (Richardson et 

al., 2009, 2007; Sonnentag et al., 2012). The technique has proven a popular alternative to 

traditional observations of forest phenology, enabling phenological transition dates to be 

determined from the time-series as opposed to manual observations of events such as bud-burst 

and leaf opening. The largest initiative, the PhenoCam network, currently incorporates 616 sites 

(mostly based in North America) equipped with digital time-lapse cameras (Richardson et al., 

2018a). Other notable networks include the European Phenology Network (Wingate et al., 2015), 

and the Phenological Eyes Network (Nagai et al., 2018). Above-canopy digital repeat photography 

is particularly promising in the context of validating satellite-derived land surface phenology 

products, as its wide FOV (i.e. 60°) provides an increased measurement footprint when compared 

to traditional observations of individual trees, helping to overcome spatial scaling issues (Hufkens 

et al., 2012; Richardson et al., 2009, 2007). Using above-canopy digital repeat photography, 

several studies have evaluated the quality of satellite-derived phenological transition dates, 

including those from the Advanced Very High Resolution Radiometer (AVHRR), Moderate 

Resolution Imaging Spectroradiometer (MODIS), Operational Land Imager (OLI) and Visible and 

Infrared Radiometer Suite (VIIRS) (Baumann et al., 2017; Hufkens et al., 2012; Klosterman et al., 

2014; Liu et al., 2017; Melaas et al., 2016; Richardson et al., 2018b; Zhang et al., 2018).  

Nevertheless, in addition to phenological transition dates, there is a need to monitor specific 

biophysical variables such as LAI and provide improved information on their temporal dynamics. 

Above-canopy digital repeat photography is not optimised for this task. Previous analysis has 

indicated that over deciduous broadleaf forest, time-series of colour indices derived from above-

canopy digital repeat photography incorporate several features unrelated to canopy structure. 

These include a spring peak, which is caused by the non-linear relationship between greenness 

and leaf chlorophyll concentration (Wingate et al., 2015), a summer decline, which appears to be 

related to increases in brown pigments and seasonal changes in solar illumination geometry 

(Chapter 3), and saturation of the greenness signal at an LAI of approximately 2 to 2.5 (Keenan et 

al., 2014; Wingate et al., 2015). In addition, colour indices derived from above-canopy digital 

repeat photography represent a relative radiometric quantity, confounding physical 

interpretation were they to be used to derive biophysical properties, and preventing direct 

comparison between sites (Sonnentag et al., 2012). 

In light of the limitations of above-canopy digital repeat photography, it is worth noting that 

several alternative approaches to the continuous monitoring of forest biophysical properties have 

been investigated. For monitoring LAI, these have included automated digital cover photography 

(Ryu et al., 2014, 2012; Toda and Richardson, 2017) and the use of radiometric sensors to 
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estimate transmittance (Brede et al., 2018; Qu et al., 2014a; Ryu et al., 2014; Toda and 

Richardson, 2017). Despite their potential, several challenges are yet to be resolved. In the case of 

the radiometric methods, careful calibration is required to ensure that pairs of above- and below-

canopy sensors can be used to derive accurate measurements of transmittance, whilst variable 

and/or direct illumination can lead to substantial artefacts (Fang et al., 2018; Qu et al., 2014a). In 

the case of digital cover photography (and several of the radiometric approaches), there is a need 

to specify the canopy leaf angle distribution, which is challenging to determine directly due to 

limited angular sampling. For this reason, a spherical leaf angle distribution is typically assumed 

(Chianucci and Cutini, 2013; Macfarlane et al., 2007b, 2007a; Toda and Richardson, 2017). 

Nevertheless, Pisek et al. (2013) found this assumption to be valid for only five out of 58 

investigated broadleaf species, and so if robust estimates of LAI are to be obtained using digital 

cover photography, ancillary data on the leaf angle distribution of the canopy in question are 

required (Ryu et al., 2014, 2012, 2010c). Finally, issues related to the spatial representativeness of 

LAI estimates derived using digital cover photography result from its narrow FOV (Ryu et al., 2012, 

2010c; Toda and Richardson, 2017). 

In this study, we investigate a new method to derive continuous measurements of LAI, making 

use of automated digital hemispherical photography (DHP) from below the canopy. Unlike the 

previously described methods, DHP relies on the use of a fisheye lens to provide increased 

angular sampling, and can be used to estimate canopy leaf angle distribution, removing the 

requirement for ancillary information. It also avoids the need for above-canopy sensors, whilst its 

wide FOV (up to 180°) provides a substantial measurement footprint. When compared to other 

techniques such as ceptometry and the LI-COR LAI-2000 instrument, Garrigues et al. (2008) 

suggested DHP was the most robust and least sensitive to illumination conditions. Importantly, 

advances in processing DHP images with minimal user involvement have been made in recent 

years (Jonckheere et al., 2005; Macfarlane et al., 2014; Pueschel et al., 2012). Using 13 months of 

data collected at Wytham Woods, a deciduous broadleaf forest site in Southern England, we 

assess the ability of automated DHP acquisition and data processing methods to track forest LAI. 

We then compare the technique with above-canopy digital repeat photography using colour 

indices. In doing so, we attempt to answer the following questions: 

1. Can robust estimates of LAI be derived from continuous time-series of automated DHP 

images? 

2. How are colour indices derived using above-canopy digital repeat photography related to LAI? 

3. Are there substantial differences between phenological transition dates derived from time-

series of LAI and colour indices? 
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4.3 Materials and methods 

4.3.1 Study site 

The study took place at Wytham Woods (51.7734° N, 1.3384° W), an established 400 ha research 

forest comprised of ancient semi-natural woodland in Oxfordshire, United Kingdom (UK) (Figure 

4.1). The site is characterised by clay soils, whilst the primary species are sycamore (Acer 

pseudoplatanus), ash (Fraxinus excelsior), and hazel (Corylus avellana).  Managed by the 

University of Oxford, the site forms part of the UK Environmental Change Network (ECN), and 

features an 18 ha long-term monitoring area associated with the Forest Global Earth Observatory 

(ForestGEO) network of inventory sites. Within the south-west corner of the 18 ha monitoring 

area, a canopy walkway provides access to the top of the tree crowns. The dominant species 

surrounding the canopy walkway are sycamore (Acer pseudoplatanus), oak (Quercus robur), and 

beech (Fagus sylvatica). Previous studies at the site have carried out detailed characterisation of 

canopy structure during leaf-on and leaf-off conditions, using terrestrial laser scanning (TLS), DHP, 

and LI-COR LAI-2200 measurements (Calders et al., 2018a, 2018b; Origo et al., 2017). 

4.3.2 Deploying time-lapse digital cameras 

In April 2018, two Harbortronics Cyclapse time-lapse digital camera systems were deployed on 

the canopy walkway. Both consisted of a waterproof housing containing a Harbortronics DigiSnap 

Pro intervalometer and full-frame Canon EOS 6D digital single lens reflex (DSLR) camera. Each was 

powered by a 14.8 V 6.2 Ah lithium-ion battery and 10 W photovoltaic panel. The first system, 

which was used for DHP, was mounted below the canopy at approximately 2 m above the ground, 

facing directly upwards (Figure 4.1). The housing was fitted with an acrylic dome, whilst the 

camera was equipped with a Sigma 8 mm F3.5 EX DG fisheye lens. The second system, which was 

used for deriving colour indices, was mounted at the top of the walkway at approximately 15 m 

above the ground, facing north north-west at an angle just below horizontal (Richardson et al., 

2009; Sonnentag et al., 2012) (Figure 4.1). In this case, the camera was equipped with a Canon 28-

135 mm F3.5-5.6 IS USM lens, which was set to its minimum focal length. To prevent the build-up 

of internal condensation, a bag of silica gel desiccant was placed within each housing. 

The location of the cameras was designed to maximise their common FOV. Both were configured 

to acquire raw images (CR2 format) every 30 minutes between 05:00 and 21:00 local time, 

providing a total of 34 images per day. Following the recommendations of Macfarlane et al. 

(2014), the below-canopy camera was set to underexpose images by one stop relative to 

automatic exposure. In the case of the above-canopy camera, a fixed white balance setting of 
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‘daylight’ was selected, according to the recommendations of Richardson et al. (2009). Because of 

its upward facing nature, it was assumed that the below-canopy camera was more likely to 

require periodic cleaning. For this reason, it was equipped with a cellular modem, enabling the 

transmission of images via file transfer protocol (FTP) to enable its condition to be monitored 

remotely. In practice, little to no cleaning was required throughout the study period. 

 

Figure 4.1 Plan view of the experimental setup (a), schematic diagram of the installation (not to 

scale) (b), and images of the above- (c) and below-canopy cameras (d). Note that 

whilst part of the below-canopy camera’s FOV is obstructed by the lid of the housing, 

this portion of the image (𝜃 > 60°) is not analysed (Section 4.3.3). 

4.3.3 Deriving time-series of LAI and colour indices 

Before analysis, raw images were pre-processed in order to avoid internal processing by the 

camera firmware, which has been shown to increase sensitivity to photographic exposure. As 

recommended by Macfarlane et al. (2014), we performed gamma correction and contrast 

stretching to saturate 1% of pixels at the high and low ends of the histogram, before storing the 

result in 8-bit form for further analysis. 
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To calculate LAI from each below-canopy image, pixels were first classified as belonging to the sky 

or vegetation canopy, enabling the gap fraction to be calculated. We adopted Ridler and Calvard's 

(1978) clustering algorithm to objectively classify each image without user involvement. When 

compared to 34 alternative unsupervised classification algorithms over a range of canopy 

conditions, Jonckheere et al. (2005) concluded that Ridler and Calvard's (1978) method provided 

the most accurate estimates of gap fraction. To minimise the effects of chromatic aberration and 

multiple scattering within the canopy, we restricted analysis to the blue band (Leblanc et al., 

2005; Macfarlane et al., 2014, 2007a; Zhang et al., 2005).  

Once classified, each image was divided into six zenith rings, and each zenith ring was divided into 

a further 36 azimuth cells. Zenith angles greater than 60° were not analysed due to the increased 

occurrence of mixed pixels at the extremes of the image (Jonckheere et al., 2004; Weiss and 

Baret, 2017). From the estimates of gap fraction in each ring and cell, plant area index (PAI) was 

derived as a discretisation of Miller's (1967) integral, accounting for the effects of foliage clumping 

using the method of Lang and Yueqin (1986), such that 

𝑃𝐴𝐼 = 2 ∑ − ln 𝑃(𝜃𝑖) cos 𝜃𝑖 𝑤𝑖

6

𝑖=1

 

where 𝑃(𝜃𝑖) is the gap fraction in ring 𝑖, 𝜃𝑖 is its central zenith angle, and 𝑤𝑖 is its weight. Weights 

were calculated to sum to one accounting for the restricted range of sampled zenith angles, such 

that 

𝑤𝑖 =
sin 𝜃𝑖 d 𝜃𝑖

∑ sin 𝜃𝑖 d 𝜃𝑖
6
𝑖=1

 

(LI-COR, 2013). Unlike in the LAI-2000 (Welles and Norman, 1991), the last ring was not weighted 

as if it extended down to the horizon, as Leblanc and Chen (2001) suggest this leads to 

underestimation of PAI. PAI values were converted to LAI by subtracting wood area index (WAI), 

which was estimated as the mean PAI observed during leaf-off conditions (Toda and Richardson, 

2017) (defined here as December to March, PAI = 1.35). This also enabled the contribution of the 

canopy walkway, which could not be distinguished from the forest canopy by the classification, to 

be accounted for. 

To derive colour indices from the above-canopy images, a region-of-interest (ROI) was defined to 

exclude non-canopy features within the camera’s FOV, such as the sky. Within this ROI, we 

calculated the green chromatic coordinate (GCC), which is a widely used measure of canopy 

greenness in above-canopy digital repeat photography (Keenan et al., 2014; Richardson et al., 

2009, 2007; Sonnentag et al., 2012; Toomey et al., 2015). The GCC was calculated as 
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𝐺𝐶𝐶 =  
𝐷𝑁𝑔𝑟𝑒𝑒𝑛

𝐷𝑁𝑟𝑒𝑑 + 𝐷𝑁𝑔𝑟𝑒𝑒𝑛 + 𝐷𝑁𝑏𝑙𝑢𝑒
 

where 𝐷𝑁𝑟𝑒𝑑, 𝐷𝑁𝑔𝑟𝑒𝑒𝑛, and 𝐷𝑁𝑏𝑙𝑢𝑒 are mean digital number values in the red, green, and blue 

bands of the image, respectively. 

Once LAI and the GCC were calculated, data screening was carried out to remove spurious values 

and suppress noise. In the case of digital cover photography, current approaches to screen poor 

quality images are not well established, with some studies relying on manual inspection (Toda and 

Richardson, 2017). Ryu et al. (2012) were able to automatically identify images with water 

droplets on the camera housing by their smaller file size (presumably due to the use of lossy 

compression). Because we recorded raw images with no compression, we could not apply this 

method to our data, as no appreciable difference in file size was observed between images. 

Instead, we implemented an alternative data screening approach. This was based on the 

observation that most sources of noise (including water droplets on the camera housing, 

overexposure, and suboptimal illumination conditions) were negatively biased (i.e. they led to a 

reduction in derived values). As such, the upper envelope of the data could be considered to 

represent the best quality observations. To exploit this fact, the maximum LAI and GCC values 

were selected from the 34 available observations in each day, providing a time-series with daily 

temporal resolution. To assess the ability of the data screening method to suppress high 

frequency noise, a lag = 1 autocorrelation analysis was carried out on both the screened and 

unscreened time-series. 

4.3.4 Benchmarking automated LAI data against manual DHP acquisitions 

Additional field data collection was carried out in the vicinity of the canopy walkway to assess the 

robustness of the automated data processing and screening methods described in Section 4.3.3. 

This involved the manual acquisition of optimal, user-operated DHP images, which were collected 

on 14 dates under best-case illumination conditions (i.e. uniform overcast skies or close to 

sunrise/sunset) (Bréda, 2003; Chianucci and Cutini, 2012; Jonckheere et al., 2004). In this case, 

images were acquired using a Nikon Coolpix 4500 digital camera equipped with an FC-E8 fisheye 

lens, which was stabilised using a monopod and bubble level. Thirteen images were acquired 

within the surrounding 40 m x 40 m area on each date. Based on the recommendations of 

Majasalmi et al. (2012), a cross-based sampling scheme similar to that proposed in the Validation 

of European Land Remote Sensing Instruments (VALERI) project (Baret et al., 2005) was adopted 

(Figure 4.1). Images were processed to derive LAI as described in Section 4.3.3. As a means of 

verifying the processing method, estimates of PAI were also compared with those derived 
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according to Warren-Wilson (1963) (i.e. making use of the gap fraction in the hinge region 

surrounding 57.5° only) (Appendix C). When model assumptions are met, the two estimates 

should demonstrate close agreement (Canisius et al., 2010; Leblanc and Chen, 2001). 

Agreement between screened and manually acquired observations was assessed using the 

coefficient of determination (r2) and root mean square error (RMSE). A normalised RMSE (NRMSE) 

was calculated by dividing the RMSE by the mean of the manually acquired observations, whilst 

bias and precision were quantified as the mean and standard deviation of differences, 

respectively. 

4.3.5 Deriving phenological transition dates and evaluating their consistency 

To derive phenological transition dates from the data provided by the time-lapse digital camera 

systems, double logistic functions were fit to the associated time-series of LAI and the GCC. The 

double logistic function is widely used to represent forest phenology (Atkinson et al., 2012; Beck 

et al., 2006; Richardson et al., 2009; Zhang et al., 2003), and takes the form 

𝑔(𝑥) = 𝑎 + 𝑏 [
1

1 + exp(𝑐 − 𝑑𝑥)
−

1

1 + exp(𝑒 − 𝑓𝑥)
] 

where 𝑔(𝑥) is the LAI or GCC value at a given date, 𝑎 is the base level, 𝑏 is the seasonal 

amplitude, 𝑐 and 𝑑 control the timing and rate of the start of season, and 𝑒 and 𝑓 control the 

timing and rate of the end of season. Once fit, the onset of greenness was determined as the date 

at which the ascending limb reached 50% of the seasonal amplitude, whilst the onset of 

senescence was determined when the descending limb reached 50% of the seasonal amplitude 

(Bater et al., 2011; Coops et al., 2012; Melaas et al., 2016; Nijland et al., 2016). To account for the 

fact that annual time-series of colour indices often demonstrate asymmetry, transition dates were 

also calculated using the modified double logistic function proposed by Elmore et al. (2012), 

which introduces an additional term (ℎ) to account for summer decline, such that 

𝑔(𝑥) = 𝑎 + (𝑏 − ℎ𝑥) [
1

1 + exp (
𝑐 − 𝑥

𝑑
)

−
1

1 + exp (
𝑒 − 𝑥

𝑓
)

] 

Transition dates were calculated using the double logistic and modified double logistic functions 

for both LAI and the GCC, enabling us to evaluate their sensitivity to the choice of function in the 

case of each variable. 
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4.4 Results 

4.4.1 Time-series of LAI and the GCC 

At a temporal resolution of 30 minutes (between 05:00 and 21:00 local time), the unscreened 

data were subject to a considerable degree of noise, which was expressed as high frequency 

variation in LAI and GCC values unrelated to changes in forest biophysical properties (Figure 4.2a 

and Figure 4.3a). Within a given day, a difference between minimum and maximum LAI values of 

up to 3.73 could be observed, although the mean difference was 1.26 (Figure 4.2a). In the case of 

the GCC, the greatest difference between minimum and maximum values in a given day was 0.08, 

whilst the mean difference was 0.03 (Figure 4.3a). The screened data, which represented daily 

maximum LAI and GCC values, were characterised by greatly reduced variability and more 

plausible temporal sequences (Figure 4.2a and Figure 4.3a). For LAI, the smoother nature of the 

screened data was reflected by increased lag = 1 autocorrelation (Table 4.1). 

 

Figure 4.2 LAI values throughout the study period (a), in addition to the relationship between 

screened LAI values and LAI derived from DHP images manually acquired within the 

surrounding 40 m x 40 m area under optimal illumination conditions (b). 

 

 

Figure 4.3 GCC values throughout the study period (a), in addition to the relationship between 

LAI and the GCC when considering screened observations of both variables (b). 
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Table 4.1 Lag = 1 autocorrelation of screened and unscreened LAI and GCC time-series. 

Time-series LAI GCC 

Screened 0.99 0.98 

Unscreened 0.97 0.98 

 

The time-series of the GCC was characterised by pronounced asymmetry (Figure 4.3a). A spring 

peak was observed in the middle of May (GCC = 0.52), whilst a subsequent decline in GCC values 

occurred over the summer, between the start of June and the end of October (GCC = 0.47 to 

0.40). In contrast, the time-series of LAI was characterised by increased symmetry, demonstrating 

comparative stability during peak greenness over the course of the summer months (Figure 4.2a). 

For LAI, the onset of greenness was approximately 30% more rapid than senescence (Figure 4.2a). 

4.4.2 Evaluation of screened LAI data against manually acquired DHP 

In terms of LAI derived from the automated DHP system, the screened data demonstrated very 

close agreement with manually acquired DHP data (collected under best-case illumination 

conditions at 13 points within the surrounding 40 m x 40 m area). This was reflected by a strong 

linear relationship (r2 = 0.99), high accuracy (RMSE = 0.20, NRMSE = 12.60%), low bias (-0.13) and 

high precision (0.16). Minimal scatter was observed at all LAI values, with points lying close to the 

1:1 line regardless of their magnitude (Figure 4.2b). These results were reflected by good 

temporal consistency in the time-series of screened and manually acquired DHP data (Figure 

4.2a). 

4.4.3 Relationship between the GCC and LAI 

The observed relationship between the GCC and LAI was non-linear, highly dependent on 

phenological stage, and characterised by hysteresis effects. This was most distinctly demonstrated 

when comparing interpolated values provided by the phenological functions fit to the GCC and LAI 

(Figure 4.4b), but was also clearly apparent in the screened GCC and LAI observations (Figure 

4.3b). During the onset of greenness (Figure 4.4b, Phase 1), the GCC increased exponentially with 

increases in LAI, ranging from 0.36 (LAI = 0.00) to 0.47 (LAI = 3.68). Throughout peak greenness, a 

reduction in the GCC from 0.47 to 0.43 occurred independently of any changes in LAI (Figure 4.4b, 

Phase 2). A near-linear decrease in the GCC was then observed during senescence (from 0.43 to 

0.40), until an LAI of 0.70 (Figure 4.4b, Phase 3). At this point, large decreases in the GCC (0.40 to 

0.36) were observed despite relatively small decreases in LAI (0.70 to 0.50) (Figure 4.4b, Phase 4). 
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The GCC then remained constant with further decreases in LAI (0.50 to 0.00) (Figure 4.4b, Phase 

5). 

4.4.4 Consistency of phenological transition dates 

The transition dates derived from LAI were least sensitive to the choice of phenological function, 

demonstrating an identical onset of greenness and 4 days difference in the onset of senescence 

according to the double logistic and modified double logistic functions (Table 4.2). Transition 

dates derived from the GCC were considerably more sensitive to the choice of function, 

demonstrating a later onset of greenness (2 days) and onset of senescence (7 days) according to 

the modified double logistic function (Table 4.2). In all cases, substantial differences between 

transition dates derived from LAI and the GCC were observed. When derived from the GCC, the 

onset of senescence occurred between 12 and 23 days earlier than when derived from LAI, 

depending on the adopted function. Reduced differences were observed in terms of the onset of 

greenness, which occurred between 5 and 7 days earlier when derived from the GCC as opposed 

to LAI (Table 4.2). 

 

Figure 4.4 Interpolated LAI and GCC values provided by the phenological functions throughout 

the study period (a), in addition to the relationship between LAI and the GCC when 

considering interpolated observations of both variables (b). Hypothesised phases of 

the relationship are indicated in grey. 

 

Table 4.2 Phenological transition dates (day of year) derived from the double logistic and 

modified double logistic functions fit to the time-series of LAI and the GCC. 

 Double logistic function  Modified double logistic function 

Variable 
Onset of 

greenness 
Onset of 

senescence  
Onset of 

greenness 
Onset of 

senescence 

LAI 126 289  126 293 

GCC 119 270  121 277 
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4.5 Discussion 

4.5.1 Utility of automated DHP for tracking forest LAI 

Information on the temporal dynamics of forest biophysical properties is required by models of 

vegetation productivity, biosphere-atmosphere interactions, and the surface energy balance. 

Because in situ measurements are restricted by resource constraints, there is a need for cost-

effective techniques to continuously monitor forest biophysical properties over time. Previously 

investigated techniques for the continuous monitoring of biophysical variables such as LAI have 

been subject to a number of challenges, including the need for calibration of above- and below-

canopy sensors, ancillary information on canopy leaf angle distribution, and limited measurement 

footprints (Fang et al., 2018; Qu et al., 2014a; Ryu et al., 2012; Toda and Richardson, 2017). To 

overcome these challenges, we investigated a new approach based on automated DHP. Using 

established and automated analysis methods, a time-series of LAI was successfully derived from 

the acquired imagery. Whilst this time-series was subject to a considerable degree of variability, 

our simple data screening approach was able to suppress much of the observed noise, providing a 

good description of LAI dynamics at a daily temporal resolution without requiring manual 

inspection. 

Importantly, the screened observations derived from our automated DHP system were in very 

close agreement with LAI obtained from DHP images that were manually acquired under optimal 

illumination conditions. This finding lends support to the basis of our data screening approach, 

which assumes that most sources of noise are negatively biased. By selecting the daily maximum 

LAI value and ensuring that the automated DHP system was configured to acquire images close to 

sunrise and sunset, the effects of suboptimal illumination conditions could largely be suppressed. 

Additionally, the same data screening approach proved effective in suppressing noise in the GCC. 

Although they require different illumination conditions, previous studies have demonstrated that 

the upper envelope can also be considered to represent the best quality observations in the case 

of colour indices derived from above-canopy digital repeat photography (Sonnentag et al., 2012). 

4.5.2 Relationship between the GCC and LAI and implications for phenological research 

In recent years, several studies have provided insight into the relationship between colour indices 

derived from above-canopy digital repeat photography and forest biophysical properties (Chapter 

3; Keenan et al., 2014; Wingate et al., 2015; Yang et al., 2014). By combining our automated DHP 

system with an above-canopy time-lapse digital camera, we were able to investigate this 

relationship in greater detail than previously possible. Whilst the non-linear nature of the GCC-LAI 
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relationship is well-known (Keenan et al., 2014), little attention has been paid to the role of 

seasonal dependencies. To our knowledge, this study is the first to explicitly explore this 

relationship using continuous measurements of LAI throughout the phenological cycle. Our results 

indicate that the GCC-LAI relationship is characterised by distinct hysteresis effects, and that its 

form is governed by phenological stage. Five distinct hypothesised phases can be identified 

(Figure 4.4b): 

1. During the onset of greenness, the GCC is initially sensitive to increases in LAI, until gaps in the 

canopy (as viewed obliquely) are filled (Keenan et al., 2014). Further increases in the GCC are 

caused by increases leaf chlorophyll concentration until the spring peak in GCC values 

(Wingate et al., 2015); 

2. During peak greenness, changes in the GCC occur independently of changes in LAI (Yang et al., 

2014), and are due to the summer decline in GCC values, which is likely caused by increases in 

the concentration of brown pigments, in addition to seasonal changes in illumination 

geometry (Chapter 3); 

3. During senescence, we hypothesise that decreases in the GCC are the result of changes in 

pigmentation, until gaps in the canopy re-emerge. This provides an explanation for the earlier 

onset of senescence identified in the case of the GCC, since changes in pigmentation begin 

before any reduction in LAI. Once gaps re-emerge, further decreases in the GCC are driven by 

a combination of changes in pigmentation and decreases in LAI; 

4. Towards the end of senescence, the remaining leaves turn from yellow to brown, leading to 

large decreases in the GCC despite relatively small decreases in LAI; 

5. Once the remaining leaves are completely brown, the GCC is insensitive to further decreases 

in LAI. 

It is as a result of this complex relationship that substantial differences between phenological 

transition dates derived from the GCC and LAI are observed, particularly in the case of the onset 

of senescence. These findings have important implications for phenological research utilising 

above-canopy digital repeat photography, and indicate that transition dates derived from colour 

indices cannot be easily linked to any one biophysical property. In this respect, the GCC may be 

described as a cryptic or ambiguous measure of phenology (Albert et al., 2019), as its seasonality 

is driven by multiple processes that may at times be compensatory, making physical 

interpretation challenging. In particular, caution should be exercised when evaluating the quality 

of satellite-derived phenological transition dates, as the underlying vegetation indices are typically 

most sensitive to structural properties such as LAI. As such, substantial discrepancies may be 

observed, not necessarily because of a deficiency in the satellite product itself, but because of the 

sensitivity of above-canopy digital repeat photography to different characteristics.  
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As the greatest differences in phenological transition dates derived from the GCC and LAI were 

observed in case of the onset of senescence, it is worth noting that other colour indices including 

the red chromatic coordinate (RCC) have been shown to provide more robust estimates of 

autumn phenology than the GCC (Sonnentag et al., 2012; Yang et al., 2014). Similarly, the 

adoption of near-infrared enabled digital cameras, which are now installed at over 400 PhenoCam 

sites, may alleviate the issues associated with the GCC to some extent, enabling the calculation of 

vegetation indices more sensitive to canopy structure such as the normalised difference 

vegetation index (NDVI). Indeed, Petach et al. (2014) note such an approach provides different 

information on canopy status when compared to colour indices such as the GCC. Nevertheless, 

the radiometric quantities provided by the technique are relative, and Filippa et al. (2018) 

demonstrate that site-specific scaling factors are required to make data comparable to satellite-

derived NDVI, reducing the universal applicability of the approach. 

4.5.3 Potential of automated DHP in forest research 

In contrast to above-canopy digital repeat photography, the automated DHP approach presented 

in this study provides time-series of LAI, whose physical interpretation is straightforward, and 

whose transition dates are comparatively insensitive to the choice of phenological function. 

Whilst previous work has highlighted the increased measurement footprint associated with 

above-canopy digital repeat photography (Hufkens et al., 2012; Richardson et al., 2009, 2007), we 

suggest that a substantial measurement footprint can also be achieved using automated DHP, 

particularly when compared to digital cover photography (Table 4.3). In addition to providing data 

at a spatial scale useful to forest managers and ecologists, this is particularly relevant for 

applications in the validation of decametric satellite-derived biophysical variables (such as those 

from the Sentinel-2 missions) (Chapter 5). In this context, an additional advantage of automated 

DHP is the ability to derive other relevant biophysical parameters such at the fraction of 

intercepted photosynthetically active radiation (FIPAR) and the fraction of vegetation cover 

(FCOVER) (Li et al., 2015; Weiss et al., 2014). Future work could also investigate the feasibility of 

estimating green LAI, which is more directly related to canopy-scale photosynthesis (Delegido et 

al., 2015; Haboudane et al., 2004; Weiss et al., 2004), by exploiting the colour information from 

above-canopy digital repeat photography in synergy with automated DHP. 

Notwithstanding its advantages, we acknowledge that the deployment of a below-canopy DHP 

system poses several practical challenges. At sites without a mains supply, power will typically be 

provided by a photovoltaic panel, necessitating either a) access to a clearing or tower, or b) a 

large array of photovoltaic panels to make up for their reduced efficiency under shade. 

Additionally, any system installed below the canopy (including radiometric sensors and digital 
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cover photography systems) may be susceptible to the accumulation of debris. In areas with 

cellular coverage, automated file transmission could be adopted, as in this study, enabling the 

condition of the system to be visually assessed remotely. Such an approach also enables 

monitoring of battery status, remaining storage capacity, and within-housing 

humidity/temperature levels, both reducing the required frequency of maintenance visits, and 

enabling system downtime to be minimised. In addition to the desiccant used to prevent internal 

condensation in this study, the adoption of a low-wattage heating element to prevent lens 

fogging could also be envisaged, although the associated power requirements might restrict this 

solution to established sites with a mains supply. 

Table 4.3 Approximate measurement footprint achieved by automated DHP and digital cover 

photography for different canopy heights. 

Technique 
Camera height 

(m) 
Effective FOV 

(°) 
Canopy height 

(m) 
Footprint 

(m) 

Automated DHP 2a 120a 

10 28 

15 45 

20 62 

Digital cover 
photography 

2a 30b 

10 5 

15 8 

20 10 

aThis study 

bChianucci and Cutini (2013); Pekin and Macfarlane (2009) 

Since many of the practical considerations pertinent to automated DHP apply to other near-

surface remote sensing techniques, it is important to note that the cost of an automated DHP 

system is comparable to that of a standard digital time-lapse camera (and substantially less 

expensive than the man-hours and operator training required for manual DHP data collection). 

Additionally, less expensive hardware could be adopted in future work without necessarily 

compromising data quality, particularly given the declining cost and continued increase in 

resolution of commercially available digital cameras. For example, Ryu et al. (2014, 2010a) and 

Kim et al. (2019) describe near-surface remote sensing systems developed using commodity 

hardware, and it is foreseeable that a similar approach could be applied to develop an automated 

DHP system at lower cost. In light of its advantages, we recommend further investigation of 

automated DHP as an alternative to above-canopy digital repeat photography in forest research. 

Having tested the approach at a deciduous broadleaf forest site, there is now a need to confirm 

its applicability to other forest types that present additional measurement challenges. 
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4.6 Conclusions 

Although techniques such as the use of radiometric sensors and digital cover photography have 

been used for the continuous monitoring of forest biophysical properties such as LAI, several 

challenges are yet to be resolved. In this study, we investigated the use of automated DHP to 

overcome these challenges. Our results indicate that automated DHP can accurately track forest 

LAI at a daily temporal resolution, and that simple data screening approaches can successfully 

suppress noise without manual inspection. When compared to colour indices derived from above-

canopy digital repeat photography, automated DHP is advantageous in that it provides time-series 

of LAI itself, making physical interpretation straightforward, whilst also offering a substantial 

measurement footprint. Additionally, unlike radiometric sensors and digital cover photography, 

above-canopy sensors or ancillary data on canopy leaf angle distribution are not required. Using 

our automated DHP system, we were able to investigate the relationship between colour indices 

derived from above-canopy digital repeat photography and LAI in greater detail than previously 

possible. Our results reveal that this relationship is characterised by hysteresis effects and is 

highly dependent on phenological stage. The complexity of this relationship makes it challenging 

to link transition dates derived from colour indices to any one biophysical property. Given its 

advantages and comparable cost, we recommend the automated DHP approach is further 

investigated as an alternative to above-canopy digital repeat photography in forest research. 
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Chapter 5 Estimating forest leaf area index and canopy 

chlorophyll content with Sentinel-2: an evaluation of 

two hybrid retrieval algorithms 

This chapter is published as: Brown, L.A., Ogutu, B.O. and Dash, J. 2019, Estimating forest leaf 

area index and canopy chlorophyll content with Sentinel-2: an evaluation of two hybrid retrieval 

algorithms, Remote Sensing, 11 (15), 1752, https://doi.org/10.3390/rs11151752 
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Brown, L.A.; software, Brown, L.A.; validation, Brown, L.A., Ogutu B.O. and Dash, J.; formal 

analysis, Brown, L.A.; investigation, Brown, L.A.; resources, Brown, L.A. and Dash, J.; data curation, 
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L.A., Ogutu, B.O. and Dash, J.; visualisation, Brown, L.A.; supervision, Ogutu, B.O. and Dash, J.; 

project administration, Brown, L.A.; funding acquisition, Dash, J. 

5.1 Abstract 

Estimates of biophysical and biochemical variables such as leaf area index (LAI) and canopy 

chlorophyll content (CCC) are a fundamental requirement for effectively monitoring and 

managing forest environments. With its red-edge bands and high spatial resolution, the 

Multispectral Instrument (MSI) on board the Sentinel-2 missions is particularly well-suited to LAI 

and CCC retrieval. Using field data collected throughout the growing season at a deciduous 

broadleaf forest site in Southern England, we evaluated the performance of two hybrid retrieval 

algorithms for estimating LAI and CCC from MSI data: the Scattering by Arbitrarily Inclined Leaves 

(SAIL)-based L2B retrieval algorithm made available to users in the Sentinel Application Platform 

(SNAP), and an alternative retrieval algorithm optimised for forest environments, trained using 

the Invertible Forest Reflectance Model (INFORM). Moderate performance was associated with 

the SNAP L2B retrieval algorithm for both LAI (r2 = 0.54, RMSE = 1.55, NRMSE = 43%) and CCC (r2 = 

0.52, RMSE = 0.79 g m−2, NRMSE = 45%), whilst improvements were obtained using the INFORM-

based retrieval algorithm, particularly in the case of LAI (r2 = 0.79, RMSE = 0.47, NRMSE = 13%), 

but also in the case of CCC (r2 = 0.69, RMSE = 0.52 g m−2, NRMSE = 29%). Forward modelling 

experiments confirmed INFORM was better able to reproduce observed MSI spectra than SAIL. 

Based on our results, for forest-related applications using MSI data, we recommend users seek 

retrieval algorithms optimised for forest environments. 

https://doi.org/10.3390/rs11151752
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5.2 Introduction 

Estimates of biophysical and biochemical variables such as leaf area index (LAI) and canopy 

chlorophyll content (CCC) provide vital information on the condition, structure and function of 

vegetation canopies. They are a key input into climate and numerical weather prediction models, 

and characterising their spatial and temporal dynamics is crucial in understanding biogeochemical 

fluxes between the biosphere and atmosphere (Running et al., 2004; Sellers et al., 1997, 1996). Of 

particular importance for modelling terrestrial carbon exchange are forest environments, which 

cover approximately 30% of the terrestrial surface and account for approximately 50% of its gross 

primary productivity (Beer et al., 2010; FAO, 2015). In addition to carbon sequestration, forests 

provide a range of ecosystem services, acting as a source of food, fibre, fuel and timber (Barredo 

et al., 2015). If we are to effectively monitor and manage these resources, estimates of the 

biophysical and biochemical variables that describe their status are a fundamental requirement. 

Estimating LAI and CCC in the field is a time-consuming and labour-intensive process that is often 

constrained by logistical challenges and financial resources. Advances in indirect, non-destructive 

field-based techniques have provided increases in efficiency (Bréda, 2003; Jonckheere et al., 2004; 

Markwell et al., 1995), but nevertheless, field observations are insufficient to characterise spatial 

and temporal variability in LAI and CCC at regional to global scales. Satellite remote sensing data 

are particularly advantageous in this respect, offering consistent, repeat observations with global 

coverage. Over the last two decades, methods of retrieving vegetation biophysical and 

biochemical variables from optical satellite remote sensing have been established, typically 

making use of radiative transfer models (RTMs) that simulate canopy reflectance as a function of 

biophysical and biochemical properties (Liang, 2007; Richter et al., 2012; Verrelst et al., 2015a). 

Retrieval approaches that have proven popular for generating operational products include the 

inversion of RTMs using look-up-tables (LUTs) (Knyazikhin et al., 1998; Myneni et al., 2002), in 

addition to hybrid methods, which use RTM outputs to train machine learning algorithms such as 

artificial neural networks (ANNs) (Baret et al., 2013, 2007; Lacaze et al., 2015). When compared to 

LUT inversion, hybrid methods are typically more computationally efficient (Verrelst et al., 2015b, 

2015a, 2012; Vuolo et al., 2010). This is because large LUTs are required to achieve high retrieval 

accuracies, slowing inversion, which involves searching the LUT on a per-pixel basis (Bacour et al., 

2006; Liang, 2007; Verrelst et al., 2015a). In contrast, hybrid methods such as ANNs are able to 

accurately represent complex non-linear relationships, and provide an input to output mapping 

that can be applied almost instantly (Bacour et al., 2006; Kimes et al., 2000; Verger et al., 2011). 

Thus, they can be quickly and automatically applied to large data sets, whilst providing 

comparable retrieval accuracies (Richter et al., 2012; Verrelst et al., 2015b; Vuolo et al., 2010). 
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The principle drawbacks of ANNs are their ‘black box’ nature, the need to specify and tune the 

network architecture, and their tendency to perform unpredictably when inputs strongly deviate 

from their training data (Verrelst et al., 2015a, 2012). 

With its red-edge bands and high spatial resolution (10 m to 60 m), the Multispectral Instrument 

(MSI) on-board the Sentinel-2 missions is well-suited to vegetation biophysical and biochemical 

variable retrieval (Drusch et al., 2012). In particular, its spectral sampling opens up opportunities 

for the retrieval of CCC, to which the position of the red-edge is highly sensitive (Clevers et al., 

2017; Clevers and Gitelson, 2013; Darvishzadeh et al., 2019; Frampton et al., 2013; Inoue et al., 

2016). A considerable body of work related to the retrieval of vegetation biophysical and 

biochemical variables using MSI data has been published in recent years, although the majority of 

studies have been restricted to agricultural environments containing crop canopies. Despite the 

importance of forest environments, few studies have focussed on forest biophysical and 

biochemical variable retrieval from MSI data (Darvishzadeh et al., 2019; Gholizadeh et al., 2016; 

Korhonen et al., 2017; Majasalmi and Rautiainen, 2016). Of these, the majority have relied on 

simulated MSI data that cannot fully represent the observational characteristics of the instrument 

in orbit (i.e. they make use of resampled airborne, field spectroradiometer or RTM data, with 

different viewing/illumination geometries and atmospheric characteristics). 

Although estimates of LAI and CCC are not produced operationally by the Sentinel-2 ground 

segment, a retrieval algorithm is provided in the freely available Sentinel Application Platform 

(SNAP), enabling users to generate so-called ‘L2B’ products. Developed by Weiss and Baret (2016), 

the algorithm is based on the hybrid retrieval approach, making use of a series of ANNs. Each is 

pre-trained using the coupled Scattering by Arbitrarily Inclined Leaves (SAIL) and Leaf Optical 

Properties Spectra (PROSPECT) RTMs (Feret et al., 2008; Verhoef et al., 2007). Whilst the SNAP 

L2B retrieval algorithm is described as generic, providing reasonable retrieval accuracies over all 

vegetation types (Weiss and Baret, 2016), previous work has demonstrated poor performance 

when RTMs such as SAIL, which describe the canopy as a turbid medium, are applied over forest 

environments (Verger et al., 2011). Because of its ease of use and integration within the image 

processing software, it is expected that many users will adopt the SNAP L2B retrieval algorithm as 

a first port of call. Although good performance has been demonstrated over crop canopies 

(Djamai et al., 2019; Vanino et al., 2018; Vuolo et al., 2016; Xie et al., 2019), evaluation of its 

performance over forest canopies would enable users to more explicitly assess its fitness-for-

purpose for non-agricultural applications, particularly when compared to retrieval algorithms 

specifically optimised for forest environments. 
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Using data collected throughout the first full year of the Sentinel-2 mission during a series of field 

campaigns, we assess the performance of the SNAP L2B retrieval algorithm for estimating LAI and 

CCC over a deciduous broadleaf forest site in Southern England. We also develop and evaluate an 

alternative hybrid retrieval algorithm optimised for forest environments, trained using the 

Invertible Forest Reflectance Model (INFORM) (Schlerf and Atzberger, 2006). The objectives of the 

paper are to: 

1. Determine the retrieval accuracy that can be expected when the SNAP L2B retrieval algorithm 

(which is based on SAIL and not optimised for forest environments) is used for LAI and CCC 

retrieval over deciduous broadleaf forest; 

2. Evaluate the extent to which a retrieval algorithm trained using INFORM (and thus optimised 

for forest environments) will improve LAI and CCC retrieval accuracy. 

5.3 Materials and methods 

5.3.1 Study site 

The study site (50.8498°N, 1.5741°W) covers a 1 km × 1 km area in the New Forest National Park, 

Hampshire, United Kingdom, and is comprised of deciduous broadleaf forest (Figure 5.1). Lying 

approximately 40 m above sea level, the site is a unique example of ancient and ornamental 

woodland, dating back to the 17th century. The dominant species are beech (Fagus sylvatica) 

(45%), oak (Quercus robur) (40%) and silver birch (Betula pendula) (5%), whilst the dominant soil 

type is a dark-grey clay loam. Statistics of key stand attributes are listed in Table 5.1. The site has 

previously been used in the validation of a range of satellite-derived vegetation biophysical and 

biochemical variables (Dash et al., 2008; Ogutu et al., 2012). 

Table 5.1 Statistics of key stand attributes after Cantarello and Newton (2008) and Mountford 

et al. (1999). 

Stand attribute Minimum Maximum Mean Standard deviation 

Canopy height (m) 10 34 - - 

Diameter at breast height (cm) 25.9 80.5 43.4 12.9 

Crown diameter (m) 5.76 14.29 8.49 3.73 

Stem density (ha−1) 72 536 256 106 

5.3.2 Field data collection and processing 

Field data were collected on 16 dates throughout 2016, enabling the phenological cycle to be 

captured between day of year (DOY) 101 and 307 (Figure 5.2). A total of nine elementary sampling 

units (ESUs) of 40 m × 40 m were established over the study site in a regular grid pattern, enabling 
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spatial variability in LAI and CCC to be characterised (Figure 5.1). All nine ESUs were sampled on 

each measurement date. The ESU dimensions were selected according to Justice and Townshend 

(1981), to enable the known 10 m positional uncertainty in the investigated 20 m MSI data to be 

accounted for (Gascon et al., 2017). The location of each ESU was determined using a handheld 

Garmin eTrex H global positioning system (GPS) device, which has a reported positional error of 

less than 10 m (Garmin, 2007). Within each ESU, sampling was carried out at five points arranged 

in a cross pattern, following the approach adopted in the BigFoot project (Campbell et al., 1999). 

The four peripheral points were located approximately 20 m from the central point. Despite the 

fact that several species are present in the forest, all selected ESUs were dominated by a single 

species. 

 

Figure 5.1 Location of the study site within the United Kingdom. The background image is an 

MSI false colour composite acquired on 19th July 2016. 

LAI was derived using digital hemispherical photography (DHP). Images were acquired using a 

Nikon Coolpix 4500 digital camera equipped with an FC-E8 fisheye lens, calibrated using the 

procedures described by Weiss and Baret (2017). To calculate LAI from each image, pixels were 

first classified as belonging to the vegetation canopy or its background, enabling the gap fraction 

to be calculated. Each image was then divided into 10 zenith rings of 7.5°, and each zenith ring 

further divided into 48 azimuth cells of 7.5°. Only zenith angles of less than 75° were considered 

to minimise the influence of mixed pixels at the extremes of the image (Jonckheere et al., 2004; 

Weiss and Baret, 2017). Finally, LAI was derived as a discretisation of Miller's (1967) integral, such 

that 

𝐿𝐴𝐼 = 2 ∑ − ln 𝑃(𝜃𝑖) cos 𝜃𝑖 sin 𝜃𝑖 d 𝜃𝑖

10

𝑖=1
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where 𝑃(𝜃𝑖) is the gap fraction in ring 𝑖 and 𝜃𝑖 is its central zenith angle. The effects of foliage 

clumping were accounted for according to Lang and Yueqin (1986) by calculating the mean of the 

natural logarithm of gap fraction values over all azimuth cells in each zenith ring. Note that 

because the classification could not distinguish between foliage and other canopy elements, the 

resulting estimates also contained some contribution from other plant material such as stems and 

branches (Bréda, 2003; Jonckheere et al., 2004; Weiss et al., 2004). 

 

Figure 5.2 Field data collection of LAI and leaf chlorophyll concentration (LCC), in addition to 

MSI data availability throughout the study period. 

CCC was calculated as the product of LAI and leaf chlorophyll concentration (LCC) in g m−2. 

Estimates of LCC were typically obtained within several days of LAI measurements (Figure 5.2) 

using a Konica Minolta SPAD-502 optical chlorophyll meter, which determines a relative value 

proportional to LCC based on the ratio of incident and transmitted radiation at 650 nm and 940 

nm. Relative values were converted to absolute units using species-specific calibration functions 

(Demarez et al., 1999; Uddling et al., 2007). Three leaves were removed from the tree closest to 

each sampling point, and each tree was marked using coloured rope to enable re-identification 

during subsequent surveys. For each leaf, three replicates were performed to account for 

variations in LCC across its surface, yielding a total of nine measurements per sampling location, 

and 45 per ESU. Care was taken to avoid major veins within the leaf (Markwell et al., 1995; 

Uddling et al., 2007). 

5.3.3 Interpolation of field data 

When evaluating biophysical and biochemical variables derived from high spatial resolution 

instruments such as MSI, temporal scaling issues are of increased importance, particularly in areas 

of high cloud cover such as our study site. Whilst spatial scaling issues have received considerable 

attention in the context of validating operational biophysical and biochemical products (Brown et 

al., 2019; Fernandes et al., 2014; Morisette et al., 2006; Vuolo et al., 2012), approaches for dealing 

with the temporal mismatch between field and satellite observations are less mature (Djamai et 
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al., 2019). Traditionally, field observations have been matched to the closest satellite acquisition, 

often within the bounds of an arbitrary period such as one week (Baret et al., 2005; De Kauwe et 

al., 2011). Such an approach assumes that there is little variation in vegetation condition within 

this period – an assumption that may be violated at the onset of greenness and senescence, 

during which rapid changes in biophysical and biochemical properties can occur. 

In light of these issues, we adopted an interpolation-based approach that can be applied if field 

data are collected on multiple dates throughout the year. By interpolating multi-temporal field 

observations, variations in vegetation condition can better be accounted for, particularly if a 

parametric function is selected that encodes prior knowledge about expected vegetation 

dynamics. Importantly, the approach maximises the amount of cloud-free satellite data that can 

be used for comparison, whilst also enabling LAI and LCC data collected on different dates to be 

more easily integrated for the estimation of CCC. To facilitate interpolation, we fit double logistic 

functions to the LAI and LCC data collected at each ESU. The double logistic function is widely 

used to represent vegetation phenology (Atkinson et al., 2012; Beck et al., 2006; Zhang et al., 

2003), and takes the form 

𝑔(𝑥) = 𝑎 + 𝑏 [
1

1 + exp(𝑐 − 𝑑𝑥)
−

1

1 + exp(𝑒 − 𝑓𝑥)
] 

where 𝑔(𝑥) is the LAI or LCC value at a given DOY, 𝑎 is the base level, 𝑏 is the seasonal amplitude, 

𝑐 and 𝑑 control the timing and rate of the onset of greenness, and 𝑒 and 𝑓 control the timing and 

rate of the onset of senescence. To assess their ability to accurately represent seasonal 

trajectories of the variables of interest throughout the study period, leave-one-out cross-

validation was carried out on double logistic functions fit to the mean values of LAI and LCC at 

each DOY. Each data point was sequentially removed before fitting, and its value predicted and 

compared to that observed. The absolute error was used to investigate the relative importance of 

each observation date, whilst overall accuracy was quantified using the root mean square error 

(RMSE). 

5.3.4 MSI data pre-processing 

Ten L1C MSI products covering the growing season from DOY 111 to 300 were obtained over the 

study site and processed to L2A bottom-of-atmosphere (BOA) reflectance with Sen2Cor 2.5.5 

(Müller-Wilm, 2016), which performs atmospheric, cirrus, and terrain correction. It also provides a 

scene classification, in addition to estimates of aerosol optical thickness and water vapour. To 

restrict our analysis to high-quality, cloud-free data, pixels identified as cloud by the scene 

classification were discarded (three pixels from a total of 90). 
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5.3.5 Hybrid LAI and CCC retrieval 

From L2A BOA reflectance values, we first estimated LAI and CCC using the SNAP L2B retrieval 

algorithm as implemented in SNAP 6.0 (ESA, n.d.). In addition to cloud-contaminated pixels, 

retrievals flagged by the algorithm as having an out of range input or output were discarded (a 

further six pixels). Because the SNAP L2B retrieval algorithm is not optimised for forest 

environments, we also developed an alternative hybrid retrieval algorithm, trained using INFORM. 

As in the SNAP L2B retrieval algorithm, leaf reflectance spectra were simulated by PROSPECT. 

50,000 simulations were carried out, in which input parameters were drawn randomly from a 

combination of fixed, uniform, and truncated Gaussian distributions (Table 5.2). Retrieval 

algorithms trained with 50,000 simulations were shown to provide comparable retrieval 

accuracies to those utilising over 100,000 simulations by Weiss et al. (2000), whilst additional 

simulations may not be beneficial in the case of machine learning algorithms such as ANNs, which 

are prone to overfitting (Combal et al., 2003; Schlerf and Atzberger, 2006). It is worth noting that 

a similar number of simulations (41,472) was used by Weiss and Baret (2016) to train the SNAP 

L2B retrieval algorithm. Soil background spectra were computed by selecting randomly from a 

spectral library containing 25 soils (Baldridge et al., 2009) and applying a multiplicative soil 

brightness coefficient (Table 5.2). INFORM output spectra were convolved with the MSI spectral 

response functions (ESA, 2017) to generate simulated reflectance values in MSI’s spectral bands. 

To reflect uncertainties in the radiometric calibration and atmospheric correction of MSI data, 

simulated reflectance values were contaminated with wavelength-dependent and -independent 

Gaussian white noise (Verger et al., 2011). This consisted of both additive (0.01) and multiplicative 

(2%) components (Li et al., 2015; Upreti et al., 2019; Weiss and Baret, 2016), such that 

𝑅𝑐𝑜𝑛𝑡(λ) = 𝑅𝑠𝑖𝑚(λ) (1 + 𝜀[0, 𝜎𝑚𝑢𝑙𝑡𝑖(λ)] + 𝜀[0, 𝜎𝑚𝑢𝑙𝑡𝑖(𝑎𝑙𝑙)]) + 𝜀[0, 𝜎𝑎𝑑𝑑(λ)] + 𝜀[0, 𝜎𝑎𝑑𝑑(𝑎𝑙𝑙)] 

where 𝑅𝑐𝑜𝑛𝑡(λ) and 𝑅𝑠𝑖𝑚(λ) are the contaminated and simulated reflectance values in the band 

centered at λ, 𝜀[0, 𝜎] is a Gaussian distribution with a mean of zero, whilst 𝜎𝑎𝑑𝑑(λ), 𝜎𝑚𝑢𝑙𝑡𝑖(λ), 

𝜎𝑎𝑑𝑑(𝑎𝑙𝑙), and 𝜎𝑚𝑢𝑙𝑡𝑖(𝑎𝑙𝑙) are the additive and multiplicative components of wavelength 

dependent and independent Gaussian white noise respectively. 

As in the SNAP L2B retrieval algorithm, an ANN-based retrieval approach was adopted. Each ANN 

was trained using the Levenberg-Marquardt minimisation algorithm, and comprised one hidden 

layer with five tangent sigmoid neurons, in addition to one output layer with a single linear 

neuron. Given sufficient training data, this architecture (which is also adopted by the SNAP L2B 

retrieval algorithm) has been found to perform as well as more complex ones (Baret et al., 2007; 

Richter et al., 2012; Verger et al., 2011; Weiss and Baret, 2016). A random subset of 50% of the 
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simulations were used for training, whilst 25% were used for regularisation, and 25% were used 

for testing. To prevent overfitting, the regularisation subset was used to enable early stopping (i.e. 

training was halted when the error, as assessed using the regularisation subset, stopped 

continuing to decrease). The testing subset, which was not used in training or early stopping, was 

used to evaluate theoretical performance. Ten ANNs were trained, and the one with the best 

theoretical performance was selected for further analysis (Appendix D). 

Table 5.2 Distributions from which INFORM input parameters were randomly drawn. 

Parameter Minimum Maximum Mean 
Standard 
deviation 

Distribution Reference 

Structural 
parameter (N) 

1.5 1.7 - - Uniform 
Schlerf and Atzberger 

(2012); Yuan et al. (2015) 

Chlorophyll a + b 
(µg cm−2) 

10 60 50 20 Gaussian This study 

Dry matter (g cm−2) 0.004 0.02 - - Uniform 
Schlerf and Atzberger 

(2012); Yuan et al. (2015) 

Equivalent water 
thickness (g cm−2) 

0.01 0.02 - - Uniform 
Schlerf and Atzberger 

(2012); Yuan et al. (2015) 

Average leaf angle 
(°) 

55 55 - - Fixed 
Schlerf and Atzberger 

(2012); Yuan et al. (2015) 

Single tree LAI 1.0 5.0 4.0 0.5 Gaussian This study 

Understory LAI 0.5 0.5 - - Fixed 
Schlerf and Atzberger 

(2012); Yuan et al. (2015) 

Stem density (ha−1) 72 536 256 106 Gaussian 
Cantarello and Newton 

(2008) 

Canopy height (m) 10 34 - - Uniform Mountford et al. (1999) 

Crown diameter (m) 6 14 8 4 Gaussian 
Cantarello and Newton 

(2008) 

Solar zenith angle 
(°) 

29 64 - - Uniform This study 

Observer zenith 
angle (°) 

3 11 - - Uniform This study 

Relative azimuth 
angle (°) 

20 136 - - Uniform This study 

Soil brightness 
coefficient 

0.5 0.5 - - Fixed 
Schlerf and Atzberger 

(2012) 

Fraction of diffuse 
radiation 

0.1 0.1 - - Fixed 
Schlerf and Atzberger 

(2012, 2006); Yuan et al. 
(2015) 

Because using a single ANN to estimate multiple biophysical variables can lead to comparatively 

poor performance (Baret et al., 2007; Verger et al., 2011), individual ANNs were trained to 

estimate LAI and CCC (as is also the case in the SNAP L2B retrieval algorithm). In addition to the 

simulated BOA reflectance in the eight MSI bands used by the SNAP L2B retrieval algorithm (Table 

5.3), ANN input variables included the cosine of the observer zenith angle (OZA), relative azimuth 

angle (RAA), and solar zenith angle (SZA), enabling variations in viewing and illumination 

geometry to be accounted for (Bacour et al., 2006; Li et al., 2015; Weiss and Baret, 2016). MSI 
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band 2 was excluded because of the likelihood of residual atmospheric contamination (Weiss and 

Baret, 2016). All bands were resampled to a common spatial resolution of 20 m, in order to take 

advantage of MSI’s three red-edge bands (B5, B6 and B7). 

Table 5.3 MSI bands adopted by the SNAP L2B and INFORM-based retrieval algorithms. 

Band Central wavelength (nm) Bandwidth (nm) Native spatial resolution (m) 

B3 550 35 10 

B4 665 30 10 

B5 705 15 20 

B6 740 15 20 

B7 783 20 20 

B8A 865 20 20 

B11 1610 90 20 

B12 2190 180 20 

5.3.6 Forward modelling experiments 

A prerequisite to accurate biophysical and biochemical variable retrieval is that the underlying 

RTMs must be able to reproduce observed spectra in a satisfactory manner. To investigate the 

ability of SAIL and INFORM to reproduce observed MSI spectra over our study site, forward 

modelling experiments were carried out (Atzberger et al., 2013; Darvishzadeh et al., 2011). To 

simulate the MSI spectrum for each date and ESU, the interpolated field measurements of LAI and 

LCC were used in model parameterisation, as were the viewing and illumination geometries of the 

associated MSI scenes. Because the remaining input parameters were not measured in the field, 

they were instead randomly drawn from the distributions described in Section 5.3.5. For each 

date, ESU, and RTM, a database of 5,000 simulations was established. This number of simulations 

was considered appropriate given that nine input parameters were fixed, resulting in a 

substantially constrained parameter space. The reflectance mismatch was evaluated between the 

observed MSI spectrum and the best fitting simulation, which was itself determined as the 

simulation with the minimum RMSE (Atzberger et al., 2013; Darvishzadeh et al., 2011). 

5.3.7 Performance metrics 

To evaluate the performance of each retrieval algorithm, LAI and CCC retrievals were compared 

with values provided by the double logistic functions for the DOY in question. Agreement 

between the interpolated field data and LAI and CCC retrievals was assessed using the coefficient 

of determination (r2), whilst retrieval accuracy was quantified using the RMSE. A normalised RMSE 

(NRMSE) was calculated by dividing the RMSE by the mean of observed values. Bias was 

determined as the mean difference, whilst precision was quantified as the standard deviation of 
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differences. In addition to calculating these statistics using all available data, statistics were also 

computed on three subsets to evaluate phenological variations in retrieval accuracy. These 

represented the onset of greenness (DOY 100 to 149), peak greenness (DOY 150 to 249), and the 

onset of senescence (DOY 250 to 300). The same performance metrics were adopted in the 

forward modelling experiments. 

5.4 Results 

5.4.1 Field data and interpolation 

Throughout the study period, LAI ranged from a minimum of 0.81 on DOY 101 to a maximum of 

4.60 on DOY 155, whilst LCC ranged from a minimum of 0.09 g m−2 on DOY 120 to a maximum of 

0.65 g m−2 on DOY 259. It should be noted that the minimum LAI values corresponded mainly to 

stems and branches, which could not be distinguished from other canopy elements using DHP. At 

the start of the growing season, the rate of increase in LCC was slower than that of LAI (Figure 

5.3). Unlike LCC observations, which became more variable towards the end of the growing 

season, the degree of variability associated with LAI observations remained relatively consistent 

between measurement dates (Figure 5.3). The double logistic functions fit to the field data were 

able to successfully represent seasonal trajectories of LAI and LCC throughout the study period 

(Figure 5.3). The results of leave-one-out cross-validation revealed an RMSE of 0.10 for LAI and 

0.11 g m−2 for LCC. The largest absolute errors were observed when those observations during the 

onset of greenness and senescence were removed (Table 5.4). 

 

Figure 5.3 Time-series of mean and interpolated LAI (a) and LCC (b) values calculated over all 

ESUs. Error bars and dashed lines represent ± 1 standard deviation. 

 

     
(a)      (b) 
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Table 5.4 Leave-one-out cross-validation results indicating the absolute error associated with 

interpolated LAI and LCC values on each sampling date (i.e. the error that would 

occur if that observation were not used in function fitting). 

LAI  LCC 

DOY Absolute error  DOY Absolute error (g m−2) 

101 0.02  120 0.21 

112 0.00  147 0.01 

126 0.10  160 0.03 

140 0.16  176 0.03 

155 0.04  208 0.04 

197 0.05  259 0.04 

278 0.04  281 0.05 

307 0.18  300 0.22 

 

 

Figure 5.4 Comparison between interpolated field data and LAI (a-b) and CCC (c-d) retrievals 

from the SNAP L2B (left) and INFORM-based (right) retrieval algorithms. Points 

represent measurements at the ESU level, dashed lines represent a 1:1 relationship. 

     
(a)     (b) 

 

(c)     (d) 
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5.4.2 Overall performance of the retrieval algorithms 

Overall, the SNAP L2B retrieval algorithm was characterised by underestimation of LAI, leading to 

a moderate relationship and retrieval accuracy (r2 = 0.54, RMSE = 1.55, NRMSE = 43%) (Figure 

5.4a). Like LAI, SNAP L2B CCC retrievals were also characterised by a moderate relationship and 

retrieval accuracy (r2 = 0.52, RMSE = 0.79 g m−2, NRMSE = 45%) (Figure 5.4c). In contrast, a greater 

degree of consistency between the interpolated field data and INFORM-based LAI retrievals was 

observed, leading to a stronger relationship and increased retrieval accuracy (r2 = 0.79, RMSE = 

0.47, NRMSE = 13%) (Figure 5.4b). Improvements in overall performance were also evident for 

CCC (r2 = 0.69, RMSE = 0.52, NRMSE = 29%) (Figure 5.4d). 

 

Figure 5.5 Time-series of mean LAI (a) and CCC (b) retrievals calculated over all ESUs. Error bars 

and dashed lines represent ± 1 standard deviation. 

5.4.3 Phenological variations in performance 

When the phenological subsets were examined, the strongest relationships with the interpolated 

field data were observed for the onset of greenness (DOY 100 to 149, r2 = 0.66 to 0.77) (Table 

5.5). In contrast, weaker relationships occurred during peak greenness (DOY 150 to 250) and the 

onset of senescence (DOY 249 to 300) (r2 = 0.04 to 0.26). In agreement with the overall 

performance results, the INFORM-based retrieval algorithm demonstrated the best retrieval 

accuracies in the majority of phenological subsets (as indicated by lower RMSE and NRMSE values 

when compared to the SNAP L2B retrievals). Although slightly higher r2 values were typically 

achieved by the SNAP L2B retrieval algorithm when analysed by phenological stage, its retrievals 

were characterised by larger biases (and therefore higher RMSE and NRMSE values) than the 

INFORM-based retrieval algorithm (Table 5.5). The fact that these biases were not consistent 

across each phenological stage may have led to the lower r2 values achieved when all 

phenological subsets were analysed together (Figure 5.4). Contrary to the other phenological 

stages, it is worth noting that the INFORM-based CCC retrievals were subject to overestimation 

during the onset of greenness (Figure 5.5b). Although the INFORM-based retrieval algorithm 

     
(a)      (b) 
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reduced the underestimation associated with CCC during peak greenness (Figure 5.5b), some 

degree of underestimation remained, reflected by the negative bias observed (Table 5.5). 

Table 5.5 Performance statistics for the SNAP L2B and INFORM-based retrieval algorithms 

when evaluated against interpolated field data, by phenological subset. 

SNAP L2B INFORM 

DOY r2 RMSE 
(NRMSE) 

Bias Precision n r2 RMSE 
(NRMSE) 

Bias Precision n 

LA
I 

100 to 149 0.77 
1.22 

(60.28%) 
-1.03 0.68 17 0.74 

0.51 
(25.05%) 

0.09 0.51 18 

150 to 249 0.07 
1.34 

(32.06%) 
-1.17 0.66 39 0.11 

0.40 
(9.61%) 

-0.19 0.36 43 

250 to 300 0.14 
2.00 

(52.76%) 
-1.94 0.49 25 0.02 

0.55 
(14.47%) 

-0.18 0.53 26 

C
C

C
 

100 to 149 0.70 
0.12 

(36.78%) 
0.06 0.11 17 0.66 

0.41 
(126.32%) 

0.39 0.15 18 

150 to 249 0.10 
0.72 

(30.89%) 
-0.45 0.57 39 0.04 

0.49 
(20.94%) 

-0.30 0.39 43 

250 to 300 0.26 
1.11 

(59.92%) 
-0.94 0.59 25 0.17 

0.62 
(33.56%) 

-0.04 0.63 26 

Table 5.6 Performance statistics for modelled SAIL and INFORM reflectance values when 

evaluated against observed MSI spectra, by band (n = 87). 

SAIL INFORM 

Band r2 RMSE 
(NRMSE) 

Bias Precision r2 RMSE 
(NRMSE) 

Bias Precision 

B3 0.06 0.03 (56.15%) −0.01 0.03 0.23 0.02 (39.68%) −0.01 0.02 

B4 0.15 0.03 (72.92%) −0.02 0.02 0.12 0.02 (58.91%) −0.01 0.02 

B5 0.21 0.04 (38.68%) −0.02 0.03 0.43 0.03 (32.60%) −0.02 0.02 

B6 0.84 0.04 (16.95%) 0.02 0.04 0.96 0.02 (6.86%) 0.00 0.02 

B7 0.92 0.04 (13.60%) 0.03 0.03 0.99 0.01 (4.72%) 0.01 0.01 

B8A 0.93 0.04 (10.31%) 0.00 0.04 0.99 0.01 (3.68%) −0.01 0.01 

B11 0.73 0.02 (11.36%) −0.01 0.02 0.78 0.02 (11.68%) −0.01 0.02 

B12 0.55 0.03 (37.65%) −0.03 0.02 0.63 0.02 (25.88%) −0.01 0.02 

5.4.4 Reproduction of observed MSI spectra by SAIL and INFORM 

When evaluated against the observed MSI spectra, the SAIL reflectance simulations were 

characterised by greater bias and less precision than the INFORM simulations (Table 5.6), 

resulting in higher RMSE and NRMSE values for all bands except B11 (where the difference was 

marginal). In the case of both RTMs, the best-modelled band was B8A, and the worst-modelled 
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band was B4. A mean absolute error of 0.02, which was used by Atzberger et al. (2013) and 

Darvishzadeh et al. (2019, 2011, 2008) as a threshold to identify badly modelled bands, was 

exceeded only by B5 in the case of the INFORM simulations (Table 5.6). On the other hand, five 

out of eight bands exceeded this threshold in the case of the SAIL simulations (B4, B5, B6, B7, and 

B12). 

5.5 Discussion 

5.5.1 Utility of interpolating field data 

When compared to the standard approach of matching field and satellite observations, our 

interpolation-based approach enabled all available cloud-free MSI scenes to be utilised, as 

opposed to only those acquired within one week of field data collection. Thus, a substantially 

greater number of observations were available against which the investigated retrieval algorithms 

could be assessed. The results of leave-one-out cross-validation indicated that the error 

associated with this interpolation-based approach was small. The largest absolute errors were 

observed when observations during the onset of senescence were removed, although similar 

errors occurred when observations during the onset of greenness were left out in the case of LCC. 

This has important implications for the timing of field campaigns. It is during these periods, when 

rates of change in LAI and LCC are highest, that the collection of field data is of most importance. 

Thus, future efforts should place particular focus on these phenological stages. 

5.5.2 Choice of retrieval algorithm for forest-related applications 

Previous evaluations of the SNAP L2B retrieval algorithm over crop canopies have demonstrated 

good performance. For example, Vuolo et al. (2016) reported a strong relationship and high 

retrieval accuracy for SNAP L2B retrievals of LAI over an agricultural site comprised of maize, 

onion, potato, sugarbeet, and winter wheat (r2 = 0.83, RMSE = 0.32, NRMSE = 12%), whilst Vanino 

et al. (2018) reported comparable results over a tomato crop (r2 = 0.69, RMSE = 0.56, NRMSE = 

25%). Similarly, an overall RMSE of 0.98 was reported by Djamai et al. (2019) in a recent 

evaluation over alfalfa, black bean, canola, corn, oat, soybean, and wheat. Nevertheless, previous 

work has demonstrated poor performance when retrieval algorithms based on one-dimensional 

RTMs such as SAIL are applied over forest environments (Verger et al., 2011). The moderate 

relationships and retrieval accuracies demonstrated by the SNAP L2B retrieval algorithm in our 

study support these findings, as do the results of our forward modelling experiments. 

When compared to our deciduous broadleaf forest site, the crop canopies investigated in 

previous studies better conform to the turbid medium assumption adopted by SAIL (Richter et al., 
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2009; Verger et al., 2011). Due to their dense, leafy, and homogeneous nature, a one-dimensional 

RTM such as SAIL can provide a good approximation of these canopies, enabling high retrieval 

accuracies to be achieved by SAIL-based retrieval algorithms. In contrast, deciduous broadleaf 

forest canopies are more heterogeneous, contain a greater number of woody elements, and are 

subject to increased crown transmission, foliage clumping, and shadowing. As SAIL does not 

account for these factors, underestimation of LAI and CCC occurs when the SNAP L2B retrieval 

algorithm is applied over deciduous broadleaf forest. The issue may be compounded by the ANN-

based design of the retrieval algorithm, as ANNs are known to perform unpredictably when inputs 

strongly deviate from their training data (Verrelst et al., 2015a). 

Given that five out of eight bands were considered to be badly modelled by SAIL, it is possible that 

improved retrieval accuracies could be obtained using a SAIL-based retrieval algorithm trained on 

a subset of the best modelled bands. As our objective was to evaluate the SNAP L2B retrieval 

algorithm available to users, which makes use of all considered bands, such an approach was not 

explicitly investigated in this study. However, methods to determine and select optimal subsets of 

bands have successfully been applied to improve retrieval accuracies in previous work (Atzberger 

et al., 2013; Darvishzadeh et al., 2019, 2011, 2008; Verger et al., 2011; Verrelst et al., 2016). For 

example, in a recent study using INFORM to retrieve LCC from MSI data, Darvishzadeh et al. 

(2019) demonstrated increased retrieval accuracies when using a spectral subset of only MSI’s 

red-edge bands as opposed to the full band set. Similarly, Inoue et al. (2016) observed that 

models utilising a large number of spectral bands did not improve the retrieval of CCC from 

hyperspectral data when compared to those incorporating just two optimally selected bands. It is 

worth noting that, unlike Darvishzadeh et al. (2019), we did not observe large discrepancies 

between modelled and observed MSI spectra in the near-infrared shoulder. In contrast, B8A 

(centred at 865 nm) was the band best modelled by both investigated RTMs in our study. 

The INFORM-based retrieval algorithm was characterised by increased overall retrieval accuracies, 

better reflecting previous studies that have successfully applied MSI and its red-edge bands for 

forest biophysical and biochemical variable retrieval. For example, using a statistical approach to 

retrieve LAI from MSI data over a boreal forest site, Korhonen et al. (2017) reported a comparable 

relationship and retrieval accuracy (r2 = 0.73, RMSE = 0.60, NRMSE = 20%). Similarly, Darvishzadeh 

et al. (2019) obtained an NRMSE of 33% when using LUT inversion of INFORM to retrieve LCC from 

MSI data over spruce stands. Beyond MSI, our results reflect those of Schlerf and Atzberger 

(2006), who trained an ANN for retrieval of spruce LAI from airborne hyperspectral data using 

INFORM, achieving a similar relationship and retrieval accuracy (r2 = 0.73, RMSE = 0.58, NRMSE = 

18%). Comparable results were reported by Heiskanen et al. (2011), who adopted the semi-

physical forest reflectance model PARAS to retrieve LAI from High-Resolution Visible and Infrared 
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(HRVIR) and Enhanced Thematic Mapper (ETM+) data over a boreal forest site. Using ANNs, 

Heiskanen et al. (2011) obtained an RMSE of 0.59 (NRMSE = 25%). In a later study, Schlerf and 

Atzberger (2012) applied LUT inversion of INFORM to retrieve LAI from multi-angular Compact 

High-Resolution Imaging Spectrometer (CHRIS) data, reporting similar results over beech (r2 = 

0.57, RMSE = 0.94, NRMSE = 26%) and spruce (r2 = 0.51, RMSE = 0.74, NRMSE = 18%). 

In terms of phenological variations in the relationship between MSI derived retrievals and field 

data, the results of our study reflect those reported by Heiskanen et al. (2012), who used a 

statistical approach to retrieve LAI from HRVIR and Hyperion data over boreal forest throughout 

several seasons. As in our study, Heiskanen et al. (2012) reported strong relationships with LAI 

during the onset of greenness (DOY 116 to 153, r2 = 0.69 to 0.74). These were followed by weaker 

relationships during peak greenness and, in particular, the onset of senescence (DOY 273 to 279, 

r2 = 0.29 to 0.40). An explanation for this pattern is that during the onset of greenness, a wide 

range of LAI values are experienced, whereas during peak greenness, this range is substantially 

reduced. The weaker relationships during the onset of senescence may be related to changes in 

leaf biochemistry, to which the MSI derived LAI retrievals are sensitive, but to which the field 

estimates of LAI (which do not discriminate between green and senescent leaves) are not. 

Although improved overall retrieval accuracy was obtained by the INFORM-based retrieval 

algorithm in the case of CCC, overestimation occurred during the onset of greenness, whilst some 

degree of underestimation persisted throughout peak greenness. In terms of the apparent 

overestimation during the onset of greenness, a small bias was also observed in the INFORM LAI 

retrievals. Being the product of LAI and LCC, this may have translated into a larger bias in terms of 

CCC. One explanation for the apparent underestimation observed during peak greenness could be

related to the field measurements of LCC themselves, which, due to the height of the forest, could 

only be performed on leaves from middle or bottom of the tree crown. The sunlit leaves at the 

top of the crown may have been characterised by reduced LCC when compared to the measured 

leaves, as LCC commonly decreases with increased light availability (Baltzer and Thomas, 2005). 

As such, the observed discrepancies may have resulted from sampling biases in the field data. 

Finally, whilst our study analysed the performance of the two retrieval algorithms throughout the 

growing season, it is important to note that it was restricted to a single site. Further work is 

required to confirm the applicability of our results over additional sites, including those 

characterised by different forest types. 
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5.6 Conclusions 

Although it is not optimised for forest environments, because of its ease of use and integration 

within the image processing software, it is expected that many users will adopt the SNAP L2B 

retrieval algorithm for forest LAI and CCC retrieval as a first port of call. Using field data collected 

throughout the growing season at a deciduous broadleaf forest site in Southern England, we 

evaluated its performance and that of an alternative retrieval algorithm optimised for forest 

environments, trained using INFORM. We also developed and successfully applied an 

interpolation approach to address the temporal mismatch between field and satellite 

observations. When compared to previously investigated crop canopies, the SNAP L2B retrieval 

algorithm appears less well-suited to LAI and CCC retrieval over forest environments. Its moderate 

retrieval accuracies highlight the importance of selecting an RTM that can accurately describe the 

structure of the canopy of interest, as do the improvements associated with the INFORM-based 

retrieval algorithm. This finding is corroborated by the results of our forward modelling 

experiments: over forest environments such as our study site, SAIL appears less able to reproduce 

observed spectra than INFORM. Based on these results, for forest-related applications using MSI 

data, we recommend users seek retrieval algorithms optimised for forest environments. 
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Chapter 6 Deriving leaf area index reference maps using 

temporally continuous in situ data: a comparison of 

upscaling approaches 
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Deriving leaf area index reference maps using temporally continuous in situ data: a comparison of 
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project administration, Brown, L.A.; funding acquisition, Brown, L.A., Camacho, F. and Dash, J. 

6.1 Abstract 

To further progress the validation of global leaf area index (LAI) products, temporally continuous 

reference data is a key requirement, as periodic field campaigns fail to adequately characterise 

temporal dynamics. Progress in cost-effective automated measurement techniques has been 

made in recent years, but appropriate upscaling methodologies are less mature. Recently, the use 

of multitemporal transfer functions has been proposed as a potential solution. Using data 

collected during an independent field campaign, we evaluated the performance of both 

vegetation index-based multitemporal transfer functions and a radiative transfer model (RTM)-

based upscaling approach. Whether assessed using cross-validation or data from the independent 

field campaign, the RTM-based approach provided the best performance (r2 ≥ 0.88, RMSE ≤ 0.41, 

NRMSE < 13%). For upscaling temporally continuous in situ data, the ability of RTM-based 

approaches to account for seasonal changes in sun-sensor geometry is a key advantage over 

vegetation index-based multitemporal transfer functions. 

https://doi.org/10.1109/JSTARS.2020.3040080
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6.2 Introduction 

Leaf area index (LAI), defined as half the total leaf area per unit horizontal ground area (Chen and 

Black, 1991), is a key parameter describing the structure of vegetation canopies and controlling 

processes including photosynthesis and respiration. Estimates of LAI are required in agricultural 

and forest monitoring, climate modelling, and numerical weather prediction, and are critical to 

understanding biosphere-atmosphere interactions (GCOS, 2019). To ensure satellite-derived LAI 

products are fit for purpose, validation using in situ measurements is required. Because field 

campaigns are time-consuming and labour intensive, they are relatively infrequent, and for 

logistical reasons are typically conducted during the peak of the growing season (Fang et al., 

2019a). Their periodic nature is a key factor limiting progress towards the third stage of the 

hierarchy proposed by the Land Product Validation (LPV) sub-group of the Committee on Earth 

Observation Satellites (CEOS) Working Group on Calibration and Validation (WGCV). As such, the 

validation community has highlighted the need for temporally continuous LAI reference data 

(Fang et al., 2019a; Fernandes et al., 2014). In response, a variety of automated in situ 

measurement techniques have been developed in recent years. These include systems based on 

digital hemispherical photography (DHP) (Chapter 4), digital cover photography, radiometric 

sensors, and terrestrial laser scanning (Brede et al., 2018; Culvenor et al., 2014; Qu et al., 2014a; 

Ryu et al., 2012).  

Due to landscape heterogeneity, direct comparison of moderate spatial resolution (i.e. ≥ 300 m) 

LAI products and in situ measurements is impractical, necessitating upscaling approaches. Existing 

methods involve the use of an intermediate high spatial resolution image, which provides 

increased consistency with the spatial support of the in situ measurements (Fernandes et al., 

2014; Morisette et al., 2006). The radiometric information is related to the in situ measurements, 

enabling a high spatial resolution reference map covering multiple product pixels to be produced. 

The most widely applied upscaling protocols involve empirical transfer functions relating in situ 

measurements to, for example, vegetation indices, although radiative transfer model (RTM)-

based retrievals can also be utilised (Fernandes et al., 2014; Morisette et al., 2006). 

Although well-established, existing upscaling methods are designed for traditional field 

campaigns, in which replicate sampling of multiple (i.e. 20 to 100) elementary sampling units 

(ESUs) occurs. In this way, a robust transfer function can be derived using a single near-

contemporaneous high spatial resolution image, describing the variation of LAI with spectral 

characteristics at the time of the campaign (Fernandes et al., 2014; Morisette et al., 2006). In 

contrast, whilst automated in situ measurement techniques offer dense (i.e. ≤ daily) temporal 

characterisation of canopy dynamics, they are typically only available for a small number of 



Chapter 6 

117 

locations (i.e. 1 to 5) within a site, preventing the derivation of a robust transfer function on any 

single date (Brede et al., 2018; Culvenor et al., 2014; Qu et al., 2014a; Ryu et al., 2012). This is a 

key impediment to the use of temporally continuous in situ data for validating moderate spatial 

resolution LAI products, and there is a need to advance existing upscaling methodologies in this 

respect. 

Recently, the use of multitemporal transfer functions has been proposed as a potential solution, 

in which in situ measurements and high spatial resolution images from multiple dates are used to 

derive a single relationship, which is then applied to all images (Campos-Taberner et al., 2016; Yin 

et al., 2017). However, the method has not been explicitly evaluated against independent 

reference data, whilst direct comparison of multitemporal transfer functions to RTM-based 

approaches, which have the potential to provide more robust results by accounting for variations 

in sun-sensor geometry (Brown et al., 2020; Fang et al., 2012; Xu et al., 2018a), have not been 

made in the case of upscaling temporally continuous in situ data. Using temporally continuous in 

situ data collected at a deciduous broadleaf forest site in Southern England, we compare both 

vegetation index-based multitemporal transfer functions and RTM-based methods for the 

generation of high spatial resolution LAI reference maps. We then evaluate the performance of 

each approach using data collected during an independent field campaign.  

6.3 Materials and methods 

6.3.1 Study site and in situ data 

The study was undertaken at Wytham Woods (51.7734°N, 1.3384°W), a deciduous broadleaf 

forest site in Oxfordshire, United Kingdom (Figure 6.1), featuring an automated DHP system that 

provides daily estimates of LAI (Chapter 4). As an example of ancient semi-natural woodland, the 

main species are sycamore (Acer pseudoplatanus), ash (Fraxinus excelsior), and hazel (Corylus 

avellana), whilst the site is dominated by clay soils. Further details on the site, automated DHP 

system, and processing of automated DHP data are provided in Chapter 4, which demonstrates 

that the LAI estimates derived from the automated DHP system are in agreement with manual 

observations made under optimal illumination conditions over a surrounding 40 m x 40 m forest 

plot. Automated DHP data were available on a daily basis from April 2018 to May 2019 (n = 394). 

6.3.2 MSI data processing and quality control 

In total, 28 Sentinel-2 Multispectral Instrument (MSI) L2A bottom-of-atmosphere reflectance 

scenes were obtained over the study site during 2018. Data were obtained from the Copernicus 

Open Access Hub (https://scihub.copernicus.eu/), which, since March 2018, has systematically 

https://scihub.copernicus.eu/
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provided L2A products generated from L1C MSI data over Europe using the Sen2Cor atmospheric 

correction algorithm (Müller-Wilm, 2018). Before further processing, each scene was resampled 

to a common spatial resolution of 20 m, using mean value downsampling for the 10 m bands. 

Pixels flagged as saturated/defective, dark, cloud/cloud shadow, water, thin cirrus, or snow were 

discarded from further analysis, as were unclassified pixels. 

 

Figure 6.1 Map indicating the position of the automated DHP system and independent in situ 

measurements from the FRM4VEG campaign. The background image is an MSI true 

colour composite from 6th July 2018. 

6.3.3 Upscaling in situ LAI 

To upscale in situ estimates of LAI using multitemporal transfer functions, relationships with 11 

vegetation indices were established, using the daily maximum in situ LAI estimates corresponding 

to the acquisition dates of each available MSI scene. Two categories of vegetation indices were 

investigated: the first consisted of traditional broadband indices used to estimate LAI, whilst the 

remaining indices were selected to investigate whether the incorporation of MSI’s red-edge bands 

could provide additional information on LAI (Table 6.1). Data from all cloud-free acquisition dates 

(n = 28) were used to derive the transfer functions through ordinary least squares regression 

(Table 6.2). Once established, transfer functions were applied to each MSI scene to obtain a series 

of high spatial resolution reference maps. 
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Table 6.1 Vegetation indices adopted to upscale in situ estimates of LAI, where 𝐵8𝐴, 𝐵7, 𝐵6, 

𝐵5, 𝐵4 and 𝐵3 are MSI bands centred at 865 nm, 783 nm, 740 nm, 705 nm, 665 nm 

and 550 nm, respectively. 

 Index Formula Reference 
B

ro
ad

b
an

d
 in

d
ic

es
 

Normalised difference vegetation 
index (NDVI) 

𝐵8𝐴 − 𝐵4

𝐵8𝐴 + 𝐵4
 

Rouse et al. 
(1974) 

Green normalised difference 
vegetation index (GNDVI) 

𝐵8𝐴 − 𝐵3

𝐵8𝐴 + 𝐵3
 

Gitelson et al. 
(1996) 

Soil adjusted vegetation index (SAVI) 
𝐵8𝐴 − 𝐵4

𝐵8𝐴 + 𝐵4 + 0.5
(1 + 0.5) Huete (1988) 

Optimised soil adjusted vegetation 
index (OSAVI) 

𝐵8𝐴 − 𝐵4

𝐵8𝐴 + 𝐵4 + 0.16
 

Rondeaux et al. 
(1996) 

Green chlorophyll index (CIgreen) 
𝐵7

𝐵3
− 1 

Gitelson et al. 
(2003) 

R
e

d
-e

d
ge

 in
d

ic
e

s 

Sentinel-2 terrestrial chlorophyll index 
(S2TCI) 

𝐵6 − 𝐵5

𝐵5 − 𝐵4
 

Frampton et al. 
(2013) 

Inverted red-edge chlorophyll index 
(IRECI) 

𝐵7 − 𝐵4

𝐵5 𝐵6⁄
 

Frampton et al. 
(2013) 

Sentinel-2 LAI index (SeLI) 
𝐵8𝐴 − 𝐵5

𝐵8𝐴 + 𝐵5
 

Pasqualotto et al. 
(2019) 

Red-edge chlorophyll index (CIred-edge) 
𝐵7

𝐵3
− 1 

Gitelson et al. 
(2003) 

Red-edge position (REP) 
705

+ 35
(𝐵4 − 𝐵7) 2 − 𝐵5⁄

𝐵6 − 𝐵5
 

Guyot et al. 
(1988) 

Modified chlorophyll absorption ratio 
index (MCARI) 

(𝐵5 − 𝐵4) − 0.2 (𝐵5 − 𝐵3)

𝐵5 − 𝐵4
 

Daughtry et al. 
(2000) 

 

To upscale in situ estimates of LAI using an RTM-based approach, a hybrid retrieval algorithm 

making use of leaf/canopy RTMs and machine learning techniques was applied. We adopted the 

Invertible Forest Reflectance Model (INFORM)-based retrieval algorithm presented in Chapter 5, 

as it was shown to provide improved retrieval accuracy over forest environments when compared 

to methods involving one-dimensional RTMs. The algorithm consists of an artificial neural 

network (ANN) trained with INFORM simulations designed to reflect the deciduous broadleaf 

forest site it was developed for. 50,000 simulations were carried out to establish the ANN training 

database by randomly drawing from pre-defined distributions of model parameters (Chapter 5). 

The inputs of the trained ANN were the bottom-of-atmosphere reflectance in eight MSI bands 

(B3, B4, B5, B6, B7, B8A, B11 and B12), in addition to the cosine of the associated viewing and 
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illumination geometries. In addition to the standard algorithm, we also trained a further ANN 

using a subset of bands (B3, B4, B8A, B11 and B12) to assess whether a reduction in performance 

would occur if MSI’s red-edge bands were not used as inputs (hereafter referred to as 

INFORMbroadband). For further information on the ANN training database and procedure, we refer 

the reader to Chapter 5. Because the ANN training data were optimised for a different study site, 

some degree of bias in the INFORM-based LAI retrievals was expected. To address this issue, 

calibration functions were derived through ordinary least squares regression using the daily 

maximum LAI estimates from the automated DHP system. The calibration functions were 

subsequently applied to the INFORM- and INFORMbroadband-based LAI retrievals. As with the 

multitemporal transfer functions based on vegetation indices, the calibration functions (Table 6.2) 

were based on data from all cloud-free acquisition dates (n = 28). 

Table 6.2 Calibration and multitemporal transfer functions used to derive high spatial 

resolution LAI reference maps. 

Index/retrieval algorithm Regression equation 

NDVI 𝑦 = 9.4139 𝑥 − 5.2072 

GNDVI 𝑦 = 9.3425 𝑥 − 4.4651 

SAVI 𝑦 = 9.1402 𝑥 − 2.335 

OSAVI 𝑦 = 10.8812 𝑥 − 3.7503 

CIgreen 𝑦 = 0.1906 𝑥 + 1.3887 

S2TCI 𝑦 = 0.6166 𝑥 + 0.5324 

IRECI 𝑦 = 1.5165 𝑥 + 0.9878 

SeLI 𝑦 = 8.1768 𝑥 − 2.327 

CIred-edge 𝑦 = 0.4835 𝑥 + 1.0917 

REP 𝑦 = 0.2139 𝑥 − 151.8877 

MCARI 𝑦 = 1.7049 𝑥 + 1.8113 

INFORM 𝑦 = 1.8181 𝑥 − 4.3239 

INFORMbroadband 𝑦 = 2.2461 𝑥 − 6.174 

 

6.3.4 Evaluation using cross-validation and independent data 

To provide a first assessment of how the different upscaling methods might generalise to new 

observations, leave-one-out cross-validation was carried out. Agreement was assessed in terms of 

the coefficient of determination (r2), root mean square error (RMSE), normalised RMSE (NRMSE), 
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bias, and precision. The NRMSE was calculated by dividing the RMSE by the mean of the reference 

values, whilst bias and precision were calculated as the mean and standard deviation of 

differences, respectively. 

To evaluate the upscaling methods with independent data, we compared our results with those of 

an independent field campaign. For this purpose, we used in situ data collected at Wytham 

Woods between 3rd and 6th July 2018 under the Fiducial Reference Measurements for Vegetation 

(FRM4VEG) project. Although the FRM4VEG field campaign also made use of DHP to estimate LAI, 

the dataset was not used in the derivation of calibration or multitemporal transfer functions. The 

campaign involved the characterisation of 47 elementary sampling units (ESUs) (Figure 6.1), 42 of 

which were sampled using DHP. Each ESU contained 13 to 15 sampling points, and was 

approximately 20 m x 20 m in extent. DHP data were processed to estimate LAI in the same way 

as the automated DHP system (Chapter 4). LAI was derived from the estimates of plant area index 

(PAI) obtained using DHP by subtracting wood area index (WAI). Because a canopy walkway 

structure is present in the area surrounding the automated DHP system, the WAI value derived 

from leaf-off measurements at this location was not applicable to other areas of the study site, as 

the walkway structure itself could not be distinguished from woody material by the classification, 

leading to a higher WAI than would be experienced in areas without the walkway present. 

Instead, a previously published WAI value representative of similar deciduous broadleaf forest 

was adopted (Gower et al., 1999). Five ESUs were not sampled using DHP, but were assigned an 

LAI of zero as they represented bare, unvegetated soil. To assess the upscaling methods, the high 

spatial resolution reference maps derived from the MSI scene acquired during the FRM4VEG field 

campaign (6th July 2018) were directly compared with the in situ estimates of LAI obtained during 

the campaign itself. 

6.4 Results 

When evaluated through cross-validation, the INFORM- and INFORMbroadband-based upscaling 

approaches provided the best performance, demonstrating the highest r2 (0.91) and lowest 

RMSE/NRMSE values (0.34 and 12%), with points lying close to the 1:1 line (Figure 6.2l-m). In 

comparison, the multitemporal transfer functions based on vegetation indices yielded reduced 

accuracy. The worst performance was observed for the MCARI-based transfer function, which 

demonstrated the lowest r2 (0.18) and highest RMSE/NRMSE values (1.04 and 36%), with 

considerable scatter (Figure 6.2k). Of the multitemporal transfer functions, the SAVI-based 

transfer function provided the best performance (r2 = 0.83, RMSE = 0.47, NRMSE = 16%) (Figure 

6.2c). Whilst all upscaling approaches demonstrated low overall bias (-0.01 to 0.02), the majority 
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of vegetation index-based multitemporal transfer functions were subject to overestimation of 

lower LAI values (Figure 6.2a-k). 

Figure 6.2 Comparison of multitemporal transfer function- (a-k) and INFORM-based (l-m) high 

spatial resolution reference maps of LAI with in situ measurements from the 

automated DHP system throughout 2018. The dashed line represents a 1:1 

relationship. 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 

(j) (k) (l) 

(m)
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Figure 6.3 Comparison of multitemporal transfer function- (a-k) and INFORM-based (l-m) high 

spatial resolution reference maps of LAI on 6th July 2018 with independent in situ 

measurements from the FRM4VEG field campaign (3rd to 6th July 2018). The dashed 

line represents a 1:1 relationship. 

When evaluated against independent in situ measurements from the FRM4VEG field campaign, a 

similar pattern was observed, albeit with slightly reduced performance in all cases (Figure 6.3). 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 

(j) (k) (l) 

(m)
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Again, the best performance was achieved by the INFORM-based upscaling approach (r2 = 0.88, 

RMSE = 0.41, NRMSE = 13%), whereas the multitemporal transfer functions based on vegetation 

indices were characterised by reduced accuracy. Of these, the NDVI-based transfer function 

demonstrated the best performance (r2 = 0.88, RMSE = 0.48, NRMSE = 15%), whilst the REP-based 

transfer function provided the worst performance (r2 = 0.06, RMSE = 2.59, NRMSE = 83%). All 

upscaling approaches overestimated LAI, though considerably reduced biases were observed in 

the case of the INFORM- and INFORMbroadband-based upscaling approaches and S2TCI-based 

transfer function (bias = 0.06 to 0.07) when compared to the other considered vegetation indices 

(bias ≥ 0.20). As in the results of cross-validation, several of the vegetation index-based 

multitemporal transfer functions were subject to overestimation of lower LAI values (i.e. over 

bare soil), whilst this was not the case for the INFORM- or INFORMbroadband-based upscaling 

approaches (Figure 6.3l-m). Despite this, some vegetation index-based multitemporal transfer 

functions appeared to better capture variability at higher LAI values (though this could equally 

reflect uncertainty in the in situ measurements as opposed to increased capability of the indices). 

In terms of their spatial characteristics, all upscaling approaches demonstrated reasonable 

consistency, resolving the major spatial structures over the 1.5 km x 1.5 km area surrounding the 

automated DHP system during the FRM4VEG field campaign (Figure 6.4). The multitemporal 

transfer functions based on indices incorporating red-edge bands tended to demonstrate a 

greater degree of high frequency variation (Figure 6.4f-k), whilst these variations were less well 

resolved by most of the transfer functions based on broadband indices (Figure 6.4a-e). The 

transfer functions based on the CIgreen, IRECI, CIred-edge, and MCARI substantially overestimated 

areas of low LAI, which were better captured by the other upscaling approaches (Figure 6.4). 

6.5 Discussion 

When compared to the multitemporal transfer functions based on vegetation indices, the 

superior performance of the INFORM- and INFORMbroadband-based upscaling approaches (both 

under cross-validation and when evaluated against independent field data) reveals the 

advantages of RTM-based methods. Because viewing/illumination angles are an explicit input, the 

approach is better able to account for seasonal changes in sun-sensor geometry over the course 

of the year. In contrast, the vegetation index-based multitemporal transfer functions rely solely 

on the ability of the selected index to suppress bidirectional reflectance effects, despite the fact 

that no index is sensitive only to the desired biophysical variable (Dorigo et al., 2007). This is one 

factor that can contribute to seasonal variations in the vegetation index–biophysical variable 

relationship, as observed in several previous studies (Gitelson et al., 2014; Heiskanen et al., 2012; 

Peng et al., 2017; Potithep et al., 2013), reducing its robustness. 
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Figure 6.4 NDVI- (a), GNDVI- (b), SAVI- (c), OSAVI- (d), CIgreen- (e), S2TCI- (f), IRECI- (g), SeLI- (h), 

CIred-edge- (i), REP- (j), MCARI- (k), and INFORM-based (l-m) high spatial resolution 

reference maps of LAI over a 1.5 km x 1.5 km area surrounding the automated DHP 

system on 6th July 2018. 

Whilst the RTM-based methods did demonstrate the best performance in our study, it is worth 

noting that reasonable performance was also demonstrated by some of the vegetation index-

based multitemporal transfer functions. Provided that a suitable range of vegetation indices is 

evaluated, and that careful calibration, assessment, and scrutiny of vegetation index-based 

multitemporal transfer functions is carried out (i.e. to verify that detrimental seasonal variations 
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(d)    (e)    (f) 

   
(g)    (h)    (i) 

   
(j)    (k)    (l) 

 
(m) 



Chapter 6 

126 

in the vegetation index-LAI relationship are not present), either approach could feasibly be used 

to derive time-series of high spatial resolution LAI reference maps. 

Amongst the investigated vegetation index-based multitemporal transfer functions, those that 

provided the best performance were based on traditional broadband indices (i.e. the NDVI and 

SAVI), reflecting their known association with LAI (Baret and Guyot, 1991). Whilst comparable 

performance was demonstrated by some transfer functions based on red-edge indices (e.g. the 

SeLI), the incorporation of MSI’s red-edge bands did not universally improve performance. 

Similarly, the inclusion of MSI’s red-edge bands in the INFORM-based upscaling approach did not 

offer major gains in performance when compared to the INFORMbroadband-based approach that 

excluded red-edge bands. Such results are not unexpected, since the red-edge region is most 

sensitive to biochemistry as opposed to canopy structure. Indeed, previous work has 

demonstrated that the incorporation of information in the red-edge can increase sensitivity to 

variables related to pigmentation, including green LAI, leaf chlorophyll concentration (LCC), and 

canopy chlorophyll content (CCC) (Delegido et al., 2011; Frampton et al., 2013; Korhonen et al., 

2017; Nguy-Robertson and Gitelson, 2015; Revill et al., 2019; Upreti et al., 2019; Xie et al., 2019). 

In contrast, the automated DHP system adopted in our study does not discriminate between 

green and senescent leaves, making its measurements a purely structural quantity. 

The fact that the majority of vegetation index-based multitemporal transfer functions 

overestimated lower LAI values is indicative of their sensitivity to the underlying soil background, 

which is another non-canopy factor known to perturb the vegetation index–biophysical variable 

relationship, particularly at low canopy densities (Badgley et al., 2017; Huete et al., 2002). Indeed, 

those indices explicitly designed to minimise the influence of the soil background (i.e. the SAVI 

and OSAVI) were not subject to such overestimation. It is worth noting that other soil-resistant 

vegetation indices such as the Enhanced Vegetation Index (EVI) were not analysed in this study 

(the EVI was developed for the Moderate Resolution Imaging Spectroradiometer (MODIS) 

instrument, and its coefficients are not necessarily compatible with MSI data due to differences in 

band position and spectral response). Nevertheless, as an extension of the SAVI with additional 

terms to suppress atmospheric effects, the EVI is highly correlated to the SAVI (Huete et al., 2002), 

and would be expected to be similarly insensitive to the soil background. In the case of the RTM-

based approach, reduced sensitivity to the soil background (and thus reduced bias at lower LAI 

values) is to be expected, since a variety of soil background reflectance spectra were explicitly 

incorporated in the INFORM simulations used to train the ANNs (Chapter 5). 

Despite the value of having independent in situ measurements with which to evaluate the 

considered upscaling approaches, it is important to recognise that the FRM4VEG dataset covered 
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only the peak of the growing season, so performance could not be independently evaluated over 

the full range of LAI values experienced throughout the year (indeed, this a major drawback of 

one-off field campaigns). Additionally, the lack of leaf-off measurements meant a single WAI value 

had to be used to derive LAI over the FRM4VEG ESUs. Although this assumption may introduce 

some uncertainty into the absolute values of the performance statistics, its impact is the same for 

all investigated upscaling approaches, meaning their relative performances can still be reliably 

compared. 

6.6 Conclusions 

Whether assessed using cross-validation or data from the independent field campaign, our results 

indicate that the RTM-based approach is most appropriate for upscaling temporally continuous in 

situ data. When compared to vegetation index-based multitemporal transfer functions, the ability 

of the RTM-based approach to account for seasonal changes in sun-sensor geometry is a key 

advantage. Future work should focus on more comprehensive evaluation of the RTM-based 

upscaling approach over a greater range of vegetation types and conditions. In this respect, 

independent field campaign datasets covering longer time periods (and ideally using alternative 

LAI measurement techniques over multiple growing seasons) will be required. Once suitably 

evaluated, the approaches demonstrated in this study should prove useful for deriving time-series 

of high spatial resolution LAI reference maps, enabling the validation of moderate spatial 

resolution (i.e. ≥ 300 m) LAI products using the emerging supply of temporally continuous in situ 

reference data. 
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Chapter 7 Synthesis 

7.1 The need for temporally continuous in situ data 

Accurate and timely information on vegetation status, in the form of biophysical and biochemical 

variables, is key to the effective management of vegetated environments. Satellite-derived 

vegetation products can provide routine estimates of biophysical and biochemical variables at the 

regional and global scale, but to ensure their fitness-for-purpose, validation efforts are essential. 

Chapter 1 reviewed the theoretical and technical basis of current satellite-derived vegetation 

products, before providing an overview of validation approaches and the current status of 

validation. Despite a validation hierarchy having been established by the CEOS WGCV LPV sub-

group in the early 2000s, with subsequent validation activities occurring through a range of 

campaigns and initiatives, as of 2021, the majority of operational satellite-derived vegetation 

products have reached only Stage 2 validation (Brown et al., 2020; Camacho et al., 2013; Fang et 

al., 2019a, 2012; Fuster et al., 2020; Tao et al., 2015; Weiss et al., 2014; Yan et al., 2016b). The 

primary factor preventing progress towards Stages 3 and 4 has been temporally limited reference 

data. Because periodic field campaigns have tended to occur during the summer months, little 

data are available throughout the growing season or over a period of multiple years. As such, 

information on how the performance of satellite-derived vegetation products varies over time is 

scarce (Camacho et al., 2013; Fang et al., 2019a; Garrigues et al., 2008a; Weiss et al., 2014; Yan et 

al., 2016b). An important consequence is the resulting uncertainty introduced into models of crop 

yield, carbon exchange, and the weather and climate systems, since vegetation seasonality is an 

important driver of many biogeochemical processes, and satellite-derived vegetation products are 

a key input into these models (Ogutu et al., 2013; Richardson et al., 2013; Sellers et al., 1997).  

As the need for new approaches to facilitate routine and continuous quality assessment was 

clearly identified, Chapter 1 concluded with a review of emerging techniques that have potential 

to provide temporally continuous in situ data useful for evaluating satellite-derived vegetation 

products. By automating the data collection process at permanently instrumented sites, these 

techniques overcome many of the logistical constraints associated with periodic field campaigns. 

Nevertheless, challenges related to data processing methods, measurement assumptions and 

spatial representativeness exist (Brede et al., 2018; Culvenor et al., 2014; Fang et al., 2019b; 

Griebel et al., 2015; Pisek et al., 2013; Ryu et al., 2012, 2010c; Toda and Richardson, 2017). Of the 

emerging techniques identified in Chapter 1, above-canopy digital repeat photography was 

highlighted as being of particular interest because of a) its maturity (with 616 standardised sites 

equipped through the PhenoCam network, which has been established for over a decade, along 
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with accepted data processing approaches), and b) its ability to provide an increased degree of 

spatial integration when compared to traditional in situ measurement approaches (Hufkens et al., 

2012; Richardson et al., 2009, 2007). Nevertheless, it was noted that several features observed in 

time-series of colour indices derived from above-canopy digital repeat photography appear 

unrelated to vegetation dynamics (Keenan et al., 2014; Toomey et al., 2015; Wingate et al., 2015; 

Yang et al., 2014), but that the reasons for these features are not fully understood, indicating a 

need for further investigation. 

7.2 Critical appraisal of above-canopy digital repeat photography 

In Chapter 3, the potential of above-canopy digital repeat photography for the evaluation of 

satellite-derived vegetation products was assessed. The relationship between the GCC and several 

vegetation products derived from MERIS was examined over 14 sites, with moderate to strong 

relationships observed over deciduous forest sites, but weak relationships observed over 

evergreen forest. It was suggested that the subtle seasonality associated with evergreen forest 

was masked by atmospheric noise and bidirectional reflectance effects in the MERIS data, 

representing a useful finding for users of the MERIS (and related OLCI) products and highlighting 

the need for more rigorous atmospheric correction and BRDF correction approaches. Importantly, 

when compared to the vegetation products derived from MERIS, asymptotic saturation of the 

GCC values derived from above-canopy digital repeat photography was observed. It was 

concluded that this limits the potential of the approach, both for evaluating satellite-derived 

vegetation products, and for continuous monitoring of vegetation during the growing season. This 

finding has implications for the interpretation of studies attempting to model plant function on 

the basis of colour indices such as the GCC (e.g. Hufkens et al., 2016; Migliavacca et al., 2011; 

Toomey et al., 2015). Finally, using RTM experiments, Chapter 3 offered an explanation for the 

summer decline in GCC values, which appeared to be the result of increases in the concentration 

of brown pigments, in addition to seasonal changes in illumination geometry. 

In Chapter 4, our understanding of the relationship between colour indices derived from above-

canopy digital repeat photography and biophysical variables was further developed, with 

particular attention to seasonal dependencies. Time-series of GCC and LAI values were compared 

throughout the growing season. The GCC-LAI relationship was revealed to be non-linear, 

dependent on phenological stage, and subject to distinct hysteresis effects, indicating that the 

GCC cannot easily be linked to any one biophysical property. As a result of the complexity of this 

relationship, it was shown that phenological transition dates derived from the GCC and LAI differ 

substantially, particularly in the case of the onset of senescence. These results provided further 

critical appraisal of above-canopy digital repeat photography, highlighting that when the 
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approach is used to validate satellite-derived phenological transition dates (e.g. Baumann et al., 

2017; Coops et al., 2012; Hufkens et al., 2012; Klosterman et al., 2014; Liu et al., 2017; Melaas et 

al., 2016; Nijland et al., 2016; Richardson et al., 2018b; Zhang et al., 2018), discrepancies may be 

observed not because of deficiencies in the satellite-derived products themselves, but due to 

their sensitivity to different characteristics. It was concluded that approaches sensitive to specific 

biophysical variables whose physical interpretation is straightforward are required. 

7.3 Automated digital hemispherical photography as a source of 

temporally continuous in situ data 

To overcome the limitations of above-canopy digital repeat photography identified in Chapter 3, 

in addition to those associated with other emerging validation techniques such as radiometric 

sensors, Chapter 4 proposed a new source of temporally continuous in situ data. The approach, 

based on automated DHP, was deployed at a deciduous broadleaf forest site over 13 months. A 

data processing and screening method was developed to derive daily LAI measurements. The data 

were evaluated against manual DHP acquisitions on 14 dates, which were acquired under optimal 

illumination conditions at 13 points within a surrounding 40 m x 40 m plot. Whilst the raw LAI 

time-series derived from the automated DHP system was subject to a considerable degree of 

variability, the proposed data screening methods succeeded in suppressing much of the observed 

noise, providing daily LAI values in an automated manner. The screened LAI data agreed very 

closely with the optimally-acquired manual DHP data, providing further confidence in the efficacy 

of the approach. 

It was concluded that when compared to other emerging techniques such as automated digital 

cover photography, a key advantage of the automated DHP approach is its wider FOV, which 

provides a measurement footprint more appropriate to the validation of decametric retrievals of 

biophysical variables (such as those from Sentinel-2). This is a very important consideration if high 

spatial resolution imagery will be used to upscale the in situ measurements for validation of 

moderate spatial resolution satellite-derived vegetation products. Additionally, unlike the 

radiometric techniques described in Chapter 1, above-canopy sensors, which require careful 

calibration, are not required. As DHP is already considered a standard technique compatible with 

the CEOS WGCV LPV good practices for LAI product validation (Fernandes et al., 2014), the 

approach is particularly attractive, especially when compared with the cost and man-hours 

associated with manual DHP data collection. In addition to satellite-derived vegetation product 

validation, the proposed approach also has wider potential in long-term environmental 

monitoring, and could complement the meteorological and eddy covariance measurements 
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already being performed at permanently-equipped sites through networks such as NEON, ICOS 

and TERN (Gielen et al., 2018; Kao et al., 2012; Karan et al., 2016). 

7.4 Upscaling temporally continuous in situ data 

A key requirement for the validation of moderate spatial resolution satellite-derived vegetation 

products is appropriate approaches to upscale in situ measurements. Chapter 1 reviewed existing 

upscaling approaches and the challenges in applying them to temporally continuous in situ data. 

Traditional field campaigns are characterised by sampling of multiple ESUs, enabling a robust 

transfer function to be established between the in situ measurements and a high spatial 

resolution image obtained during the campaign (Fernandes et al., 2014; Morisette et al., 2006). 

Whilst automated DHP and other emerging validation techniques provide dense temporal 

characterisation, only a small number of ESUs can be covered, preventing the derivation of a 

robust transfer function from the data acquired on a single date. It was concluded that the lack of 

mature upscaling approaches is major impediment to the use of temporally continuous in situ 

data for validating moderate spatial resolution satellite-derived vegetation products, and that 

further advances in upscaling methodologies are required. 

Because RTM-based upscaling approaches incorporate physical knowledge, they are of potential 

interest for upscaling temporally continuous in situ data, as they are known to be less sensitive to 

the spatial representativeness of the in situ measurements used in their parametrisation when 

compared to statistical methods (Baret et al., 2005). However, if RTM-based methods are to be 

used for upscaling, sufficiently precise retrievals are pre-requisite. In Chapter 5, the potential of 

two RTM-based retrieval algorithms for deriving biophysical and biochemical variables from 

Sentinel-2 data was assessed. The first was the standard SAIL-based L2B retrieval algorithm made 

available to users in SNAP, which is not optimised for forest environments, but is designed to 

provide reasonable performance over all vegetation types (Weiss and Baret, 2016). To determine 

whether increased performance was achievable, an alternative retrieval algorithm specifically 

optimised for forest environments was also developed, based on the INFORM RTM (Schlerf and 

Atzberger, 2006). Both retrieval algorithms were validated against in situ measurements collected 

throughout the growing season at a deciduous broadleaf forest site, revealing that the SNAP L2B 

retrievals performed poorly, whilst the INFORM-based retrievals offered substantially improved 

performance. This is an important finding for users of Sentinel-2 data, highlighting the importance 

of RTM selection, and indicating that that for forest-related applications, users should seek 

retrieval algorithms optimised for forest environments. 
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Aside from the potential of RTM-based methods, several authors have proposed the use of 

multitemporal transfer functions as a means of upscaling temporally continuous in situ data. In 

this approach, in situ measurements and high spatial resolution images from multiple dates are 

used to derive a single relationship, which is then applied to all images (Campos-Taberner et al., 

2016; Yin et al., 2017). Despite its apparent utility, in Chapter 1, it was noted that the approach 

has not been evaluated against independent reference data (only cross-validation results have 

been presented), whilst comparison to RTM-based methods has not been made. Using the 

automated DHP data from Chapter 4, in addition to data from an independent field campaign, 

Chapter 6 focussed on such a comparison. A range of vegetation index-based multitemporal 

transfer functions were assessed, in addition to an approach utilising the INFORM-based retrieval 

algorithm developed in Chapter 5. The RTM-based approach was found to provide the best 

performance, and it was concluded that its ability to account for non-canopy factors such as 

seasonal variations in sun-sensor geometry represents a key advantage. 

7.5 Limitations and future work 

The automated DHP approach developed in Chapter 4 represents a valuable means of improving 

the temporal characterisation of biophysical variables, but there is also a need to increase the 

geographical representativeness of in situ reference data available for satellite product validation. 

To achieve this, automated DHP systems should be deployed over additional field sites. There are 

already plans to deploy systems based on the one described in Chapter 4 under the GBOV project 

(Section 1.5.4.5), which is establishing new, permanently-equipped sites for the validation of 

satellite-derived vegetation products (Brown et al., 2020). These sites cover deciduous broadleaf 

forest (Hainich, Germany), tropical woody savannah (Litchfield, Australia), and temperate 

Eucalypt forest (Wombat, Australia). Additionally, although they are not yet making use of the 

data processing methods described in Chapter 4 (but instead primarily being used to derive colour 

indices), it is possible that data from other sites featuring fisheye lens-equipped digital cameras 

could be leveraged to expand the geographical coverage of available temporally continuous in situ 

data in the future (Nagai et al., 2018; Wilkinson et al., 2018).  

To make automated DHP more widely accessible, technological developments such as the 

declining cost of digital cameras should also be exploited. Indeed, the potential to develop an 

automated DHP system at lower cost was highlighted in Chapter 4, and based on these findings, 

researchers in China have since developed such a system, making use of low-cost fisheye 

webcams to provide temporally continuous LAI measurements over semiarid deciduous shrub 

vegetation (Niu et al., 2021). A similar system, making use of a RaspberryPi microcomputer and 

fisheye webcam, was also described by Wilkinson et al. (2021), whilst other near-surface remote 
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sensing systems developed using commodity hardware are presented by Kim et al. (2019) and Ryu 

et al. (2014, 2010a). Increasingly widespread high-speed cellular coverage and improvements in 

battery life and power management should further facilitate the deployment of such low-cost 

systems in a wide range of locations. Although only LAI was considered in Chapter 4, it was also 

suggested that automated DHP could provide other relevant biophysical variables such as FIPAR 

and FCOVER, which are easily derived from DHP data (Li et al., 2015; Weiss et al., 2014). As the 

ability to derive multiple parameters substantially increases return-on-investment, the 

development of automated processing chains to derive these variables could help foster further 

uptake of the approach, whilst providing added value to those sites already equipped with an 

automated DHP system. 

Although the RTM-based approaches investigated in Chapter 5 and Chapter 6 were successful in 

upscaling the temporally continuous in situ data derived from the automated DHP system 

described in Chapter 4, it is important to note that they may be less suited to more 

heterogeneous environments. As noted in Chapter 5, to achieve precise retrievals, it is important 

to select an RTM that realistically describes the structure of the canopy of interest. Since both our 

study sites were comprised of a single vegetation type (i.e. deciduous broadleaf forest), the 

selected INFORM RTM could provide an adequate representation of canopy structure. In contrast, 

a heterogeneous environment comprised of several different vegetation types would represent a 

greater challenge. Whilst most sites used for validating satellite-derived vegetation products are 

chosen to be as homogeneous as possible, this is not universally the case (particularly when data 

from environmental monitoring networks not explicitly designed for satellite product validation 

are exploited). As such, further research into upscaling methods suitable for more heterogeneous 

environments will likely be required. Potential solutions include the application of different 

retrieval algorithms according to land cover data, as is done in the MODIS and VIIRS 

MOD15/VNP15 series of LAI and FAPAR products (Knyazikhin et al., 1998; Yan et al., 2018). This 

would necessitate high spatial resolution land cover data, such as that provided by the NLCD 

(Homer et al., 2015) and GlobeLand30 (Chen et al., 2015) products. 

7.6 Perspectives for validating moderate spatial resolution satellite-

derived vegetation products 

The overall aim of this thesis was to advance new and emerging techniques needed for routine 

quality assessment of satellite-derived vegetation products. Taken together, the chapters of the 

thesis meet this objective, providing a framework for validating moderate spatial resolution 

satellite-derived vegetation products using temporally continuous in situ data. A cost-effective 
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automated in situ measurement approach was developed to overcome the limitations of other 

emerging validation techniques, and was demonstrated to provide data of comparable quality to 

traditional in situ measurements, but with much improved temporal characterisation of 

vegetation dynamics. Methods to upscale these in situ measurements were then investigated, 

leading to the recommendation of RTM-based approaches that incorporate physical knowledge 

and provide results that are more robust to non-canopy factors than multitemporal transfer 

functions. Such RTM-based upscaling approaches can now be applied over an increasing number 

of sites equipped with automated DHP systems to provide time-series of high spatial resolution 

reference maps covering a range of vegetation types. Importantly, they are equally applicable to 

other emerging validation techniques generating temporally continuous in situ data, including 

automated digital cover photography, radiometric sensors, and terrestrial laser scanning. By using 

the resulting time-series of high spatial resolution reference maps to validate operational 

satellite-derived vegetation products, a temporally explicit quantification of product performance 

will be possible in future work. This will provide substantial progress to Stages 3 and 4 of the CEOS 

WGCV LPV hierarchy, giving additional confidence to users, and enabling targeted improvements 

to the products to be made. Ultimately, such improvements have the potential to reduce 

uncertainties in predictions from models of crop yield, carbon exchange, and the weather and 

climate systems, into which satellite-derived vegetation products are a key input.
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Appendix A 

A.1 Varying PROSPECT and SAIL parameters used to simulate GCC values

over the course of the spring and summer at Alice Holt Research 

Forest, after Wingate et al. (2015). Brown pigment concentration 

values were rescaled to the range 0 to 1 
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A.2 Constant PROSPECT and SAIL parameters used to simulate GCC

values over the course of the spring and summer at Alice Holt 

Research Forest, after Wingate et al. (2015) 

Parameter Value 

Hot spot parameter 0.05 

Average leaf angle (°) 30 

Observer zenith angle (°) 80 

Relative azimuth angle (°) 0 

Diffuse to direct radiation (%) 25 

Soil coefficient 0.2 

Water thickness (cm) 0.04 

Dry matter (g cm-2) 0.008 

A.3 Details of the wavelengths averaged to approximate the red, green

and blue bands of a digital camera from PROSPECT and SAIL output 

spectra 

Wavelength (nm) 

Band Minimum Centre Maximum 

Blue 400 450 500 

Green 500 550 600 

Red 600 650 700 
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Appendix B 

B.1 Spearman’s rank correlation coefficient (rs) values associated with each satellite-derived vegetation product at each study

site, by season. Values marked with * indicate that the relationship with the GCC was statistically significant (p < 0.01) 

Spearman’s rank correlation coefficient 

Spring Summer Autumn Winter 

Site MGCC MGVI MTCI NDVI MGCC MGVI MTCI NDVI MGCC MGVI MTCI NDVI MGCC MGVI MTCI NDVI 

Arbutus Lake 0.66* 0.44 -0.47 0.56 0.07 0.48 0.61 0.25 0.49 0.59* 0.63* 0.69* 0.37 0.01 -0.12 -0.11 

Bartlett Experimental Forest (IR) 0.29 0.50* -0.04 0.28 -0.21 0.22 0.07 -0.07 0.25 0.87* 0.66* 0.26 0.22 0.14 0.01 0.07 

Cary Institute of Ecosystem Studies 0.47* 0.81* 0.70* 0.67* 0.22 0.01 0.06 0.06 0.25 0.51 0.57* 0.24 -0.12 -0.17 0.46 0.09 

Coweeta Hydrologic Laboratory 0.33 0.77* 0.73* 0.81* -0.11 0.28 0.27 0.29 0.25 0.68* 0.91* 0.77* 0.23 0.42 -0.03 0.18 

Harvard Forest 0.62* 0.61* 0.23 0.58* -0.01 0.00 -0.32 0.09 0.49* 0.71* 0.80* 0.74* 0.16 -0.30 -0.06 -0.33 

Harvard Forest Hemlock 0.44 0.33 0.23 0.27 -0.11 0.07 -0.23 0.08 0.30 0.65* 0.66* 0.68* 0.11 -0.15 0.03 -0.12 

Little Prospect Hill 0.47 0.64* 0.03 0.61 0.19 0.24 -0.04 0.25 0.52* 0.80* 0.87* 0.83* -0.23 0.16 0.10 0.20 

Howland Experimental Forest 0.67* 0.33 -0.38 0.26 0.14 0.05 -0.34 0.07 0.16 0.59* 0.35 0.55* 0.51* 0.18 -0.16 0.25 

Hubbard Brook Experimental Forest 0.33 0.49 -0.16 0.06 0.14 -0.11 -0.05 0.24 0.43 0.34 0.22 0.19 0.13 -0.25 -0.09 -0.08 

Morgan Monroe State Forest 0.42* 0.76* 0.49* 0.48* -0.04 0.15 0.11 -0.16 0.44* 0.72* 0.88* 0.52* 0.29 0.00 0.63* -0.03 

Proctor Maple Research Center 0.63* 0.87* 0.41 0.84* -0.20 -0.14 -0.35 -0.08 0.57* 0.73* 0.79* 0.83* -0.05 0.22 -0.25 0.30 

University of Michigan Biological Station 0.66 0.90* -0.24 0.90* 0.01 0.04 0.45 0.22 0.64 0.85* 0.81* 0.93* - - - - 

Vaira Ranch 0.04 0.38 0.04 0.23 -0.39* -0.57* 0.23* -0.60* -0.65* -0.84* 0.71* -0.86* 0.43 -0.49 -0.07 -0.34 

Wind River Experimental Forest -0.01 0.00 -0.09 -0.13 -0.21 -0.05 -0.23 -0.04 0.04 0.48* 0.12 0.50 -0.12 0.11 -0.17 0.07 
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Appendix C  

To verify the adopted DHP processing method, we compared estimates of PAI derived from 

manually acquired DHP images according to Miller (1967) (as described in Section 4.3.3) with 

those derived according to Warren-Wilson (1963) (i.e. making use of the gap fraction in the hinge 

region surrounding 57.5° only).  When model assumptions are met, the two estimates, which are 

based on nearly independent angular sampling, should demonstrate close agreement (Canisius et 

al., 2010; Leblanc and Chen, 2001).  PAI was derived according to Warren-Wilson (1963) as 

𝑃𝐴𝐼57.5° =
− ln 𝑃(𝜃57.5°)

0.93

where 𝑃(𝜃57.5°) is the gap fraction in a zenith ring centred on 57.5° (± 5°), accounting for the 

effects of foliage clumping using the method of Lang and Yueqin (1986).  A strong relationship, (r2 

= 0.97), high accuracy (RMSE = 0.31, NRMSE = 11%), low bias (0.15) and high precision (0.29) was 

observed (Appendix C1). 

C.1 Comparison of PAI values derived from manually acquired DHP

images according to Miller (1967) and Warren-Wilson (1963) 
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Appendix D 

D.1 Theoretical performance of all trained ANNs (assessed using the

testing subset of INFORM simulations). The best performing ANNs, 

indicated by the lowest RMSE, are marked with * 

LAI CCC 

ANN r2 RMSE NRMSE (%) r2 RMSE NRMSE (%) 

1 0.58 0.45 11.36 0.60 0.40 20.25 

2 0.59 0.45 11.41 0.61 0.40 20.09 

3 0.58 0.45 11.43 0.61 0.40 20.17 

4 0.58 0.45 11.35 0.61 0.40 20.11 

5 0.59 0.45 11.32 0.61 0.40 20.20 

6 0.58 0.45 11.47 0.59 0.41 20.60 

7 0.59 0.44* 11.27 0.61 0.40 20.22 

8 0.58 0.45 11.42 0.62 0.40 20.13 

9 0.59 0.45 11.37 0.60 0.40 20.35 

10 0.58 0.45 11.45 0.61 0.39* 20.00 
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