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Abstract 

The management of pests is complex and difficult. Biosecurity programs aim to reduce 

the risk of entry, establishment and spread of pests that affect social, agricultural and 

environmental values. Predicting the dispersal of pest insects or pathogens is critically 

important in managing and restricting their impact. Insects disperse to resources or hosts 

that are often distributed patchily and with variable quality. Host selection involves not 

only choosing the right species of plant, but also selecting an individual plant within 

that species that is, or will be, suitable for feeding, survival and development. Insects 

need to detect their host from a distance usually utilising visual or olfactory cues or 

both. Greens and yellows attract many phytophagous insects, although other 

wavelengths can also be attractive.  

In theory, by combining the daily environmental and climatic parameters (soil moisture, 

soil type, temperature, light exposure, aspect, etc.) with the host’s biology, one can then 

predict the host’s photosynthetic rate (in terms of gC uptake/m2/day). The pest’s 

presence or abundance often relies upon the host’s plant photosynthetic rate. One 

approach to modelling or predicting the presence/abundance of a pest is then to use the 

photosynthetic rate or similar measure of growth of the plant as a surrogate for its 

suitability to a pest. By then combining this surrogate measure of suitability with a 

pest’s biology, climate-based simulations could predict pest outbreaks and help identify 

feasible and effective containment or management options. 

NASA’s Terrestrial Observation Prediction System (TOPS) models daily global 

photosynthetic rates at a spatial resolution of 1 km. In this study, I examined the 

feasibility of utilising Moderate Resolution Imaging Spectroradiometer (MODIS) 

vegetation indices (as a potential component of TOPS) to model photosynthetic rates 

and primary productivity values of vegetation types for south-eastern Australia. I 

assessed the ability of these vegetation indices to measure the suitability of vegetation to 

particular pests – specifically the Australian plague locust. Locusts are known to 

differentiate between yellow and greens, and anecdotal information indicates that green 

colours and pastures attract the Australian plague locust.  

Initially, I investigated annual and seasonal variation of MODIS’s vegetation indices 

across eastern Australia at three different scales (tiles, regions and local areas). I showed 



 

iii 

that the values of the vegetation indices have high spatial and temporal variability. I 

determined that any prediction based on the condition of the vegetation has to be at both 

fine spatial and temporal scales.  

The locust incursion into Victoria during summer and autumn of 2010 – 2011 provided 

an ideal opportunity to test the suitability of MODIS vegetation indices as predictors of 

locust presence and abundance. From December to April, I surveyed 19 locations 

weekly that had pasture sites of various levels of green, for presence and abundance of 

two generations of adult locusts. I found strong spatial auto-correlation at two spatial 

scales (locations and sites), indicating that the distribution of adult locusts was spatially 

clustered. However, the values of the vegetation indices at the one-kilometer scale did 

not correlate with the density of adult locusts. 

To examine correlates of distribution further and to have a larger data set spread over a 

greater area and a longer time, I examined 10 years of historical locust survey data for 

eastern Australia. With the larger set of data, I was able to assess how the vegetation 

indices averaged over scales of one, ten, and fifty kilometers correlated with adult locust 

occurrence and abundance. While the MODIS vegetation indices measured at a 50-km 

spatial scale showed the strongest relationship with the abundance of locusts, locust 

presence or abundance was not strongly related to any of the MODIS vegetation 

indices. When utilising the vegetation indices as a predictive tool for the 2008-2009 

locust records in NSW, I found spatial accuracy varied widely from month to month and 

generally underpredicted locust abundance. 

Finally, I investigated another potential use of MODIS vegetation indices in locust 

management, the capacity to estimate the level of damage of larval feeding on primary 

production. Although aerial observers could easily discern the visual impact, neither of 

my remote sensing approaches were able to identify change in vegetation indices due to 

larval feeding. 

In summary, I aimed to evaluate MODIS vegetation indices, as a component of NASA’s 

Terrestrial Observation Prediction System, to model photosynthetic rates or primary 

productivity values of vegetation types for south-eastern Australia. I hoped to measure 

their suitability to particular pests, in my case the Australian plague locust. However, I 
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found that all the vegetation indices examined correlated too weakly and variably over 

time to be useful in predicting the distribution and abundance of a major plant pest.  

I briefly explore other information sources that could support better predictions for 

locust management. These include community reporting of locust presence and 

abundance, relationships with major climatic events such as El Niño and optimal 

surveillance. Of these options, optimal surveillance has the greatest potential to support 

pest management, with an empirical test demonstrating good performance of optimal 

surveillance methods. 
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Chapter 1 - General Introduction 
 

“If you cannot predict the future, you cannot make (good) decisions.” 

(Hugh Possingham, pers. comm. November, 2014) 
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Introduction 

Biosecurity threats such as diseases, weeds, invasive animals and insects can seriously 

affect crops, livestock, the environment and the economy (Cacho et al. 2010). In 2007, 

global economic damage associated with invasive species was estimated to be more 

than $1.4 trillion per year or about 5% of the world’s gross national product (Pimental, 

et al. 2007; Pimental 2011). Australia’s agricultural system, including the production of 

crops to supply domestic and export markets, and forestry is worth approximately A$50 

billion annually (ABARE 2014; ABS 2014). Invasive species affect not only the 

quantity or quality of this produce, but can also indirectly affect food safety, market 

access, development and trade. As an example, yield loss and ongoing management 

following the arrival of the plant disease, fire blight, in Australia would cost the 

Australian apple and pear industry A$23.8 million annually (Cook et al. 2011). It is 

important that Australia’s plants and crops remain as free as possible from the impacts 

of weeds, pests and diseases. For these reasons, food biosecurity and the threat of 

invasive species have emerged as major issues for Australia. 

Effective biosecurity programs are a sound investment (Beale et al. 2008). They aim to 

reduce the risk of entry, establishment and spread of pests that affect social, agricultural 

and environmental values. Many countries are at different levels of development in their 

national biosecurity strategies. In some countries, biosecurity strategies are non-existent 

while comprehensive approaches are in place in Australia and New Zealand (Meyerson 

and Reaser 2002; Hastein et al. 2008). Even within established biosecurity programs, 

there are weaknesses in the analytical capacity to determine effective responses to insect 

pest incursions and outbreaks. 

Australia’s quarantine measures and its geographic isolation have protected its 

environment and agriculture from incursions and impacts of many invasive species 

(Nairn et al. 1996; Beale et al. 2008; Plant Health Australia 2010). This favourable 

health and quarantine status provides a substantial economic advantage to Australia 

(Australian National Audit Office 2005). Even so, Australian pest managers still have to 

deal with native and established pests as well as new exotic incursions. 

Australia’s biosecurity response plans are similar to the national management strategies 

for disasters, major incidents or incursions, such as fire, flood, diseases or high priority 
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pest outbreaks (DISPLAN, AUSVETPLAN and PLANTPLAN). All of these plans 

require management decisions based upon the best available information. Australia's 

management of bushfires illustrates how one should respond to major incidents (Ellis et 

al. 2004; Parliament of Victoria 2010). Fire management agencies have an enhanced 

ability to manage fires by using up-to-date weather and geographic information, and 

models to predict the rate of fire spread, direction, spotting, and intensity on short time 

scales (hours to days). In the case of bushfires, the amount of up-to-date information to 

support decisions on fire activity, location of control lines and back burning is 

impressive. This information relies heavily on spatial and temporal data such as the 

exact location of the fire front, local weather patterns, vegetation type, slope and aspect, 

all of which feed into fire behaviour models. These data are obtained from airborne 

remote sensing, on-site weather stations, detailed maps and GIS layers. In addition, 

accurate and site-specific weather forecasts predict how any weather change will affect 

bushfire behaviour in the immediate future (Ellis et al. 2004; Parliament of Victoria 

2010). This level of information combined with fire behaviour models allow fire 

emergency managers to make better decisions (Tolhust et al. 2008). For plant pest 

incursions, such as insect or pathogen outbreaks, the technological ability, the level of 

detailed up-to-date information and models to support effective management strategies 

are far less advanced.  

Pest managers know that environmental and climatic factors (temperature, moisture, 

vegetation, soil and land-use) affect both the host and the pest, and the interaction 

between the pest and its host (Gäumann 1950; Stevens 1960; Berger 1977; Scholthof 

2007) (Figure 1). In addition, environmental factors vary spatially and temporally. 

Developing a pest predictive model requires modelling the interaction between the static 

environmental layers (soils, topography, land-use and vegetation type), dynamic 

environmental layers (weather, climate and vegetation indices) and the pest’s and host’s 

behaviours. 
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Figure 1. Plant disease triangle illustrating the inter-relationships between the static and 
dynamic environmental layers, the host and the pest (adapted from Stevens 1960).  
 

The level of the interactions between the factors will determine the complexity of the 

predictive model. For example, diseases that require a vector might need another layer 

of interactions between the vector, disease and their relationship to the host and the 

environment (Stevens 1960; Aurambout et al. 2009; Perkins et al. 2011; Kardol et al. 

2013). 

Managing the impact of insect pests relies on predicting their location and abundance. 

Insects are not dispersed randomly in the environment but disperse to resources or hosts 

that are often highly variable in distribution and quality. Host selection involves not 

only choosing the right species of plant, but also selecting an individual plant within 

that species that is, or will be, suitable for feeding, survival and development 

(Valladares and Lawton 1991; Bernays and Chapman 1994).  

Optimal foraging and marginal value theory indicate that without other extrinsic factors 

(e.g. intra- and inter-species competition and predation), organisms will spend most of 

their time in areas that maximise fitness. Thus, insects need to detect and assess the 

quality of their host from a distance utilising visual and/or olfactory cues (Bernays and 

Chapman 1994). Many phytophagous insects are attracted to greens and yellows, 

although other wavelengths can also be attractive (Bernays and Chapman 1994; Doring 

and Chittka 2007). Often the pest relies on the quality or quantity of the host plant’s 

photosynthetic rate. For example, the pine pest woodwasp, Sirex noctilioi F., is able to 

determine the osmotic quality of the phloem sap and preferentially oviposit on stressed 

pine trees (Madden 1974; Taylor 1981). In contrast, infection rates of the blackberry 
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rust fungus, Phragmidium violaceum (Shulz) Winter, are higher in actively growing and 

healthy plants (Pigott et al. 2003). I discuss in more detail the insects’ visual host 

selection process in the second chapter of this thesis. 

Species distribution modelling is the most common contemporary approach to 

describing species occurrence and distribution. Species distribution models are 

generally developed using location data and environment variables (both biotic and 

abiotic) which may influence the species distribution (Guisan and Zimmerman 2000; 

Elith and Leathwick 2007; Franklin 2010; Elith and Franklin 2013; Ehrlén and Morris 

2015). Most of the species distribution models are statistical models of species-

environment relationships based on species location (abundance, occurrence) data and 

measures of environmental variables limiting species distributions (Elith and Franklin 

2013). Most are empirical models (Guisan and Zimmerman 2000) although some are 

mechanistic (based on physiological principles and data or combination of empirical 

and mechanistic, for example Prentice et al. 1992; Kearney et al. 2008; Kearney et al. 

2009).  

Almost all empirical species distribution models that address pest species occurrence 

and distribution use presence of a suitable environment or host as a static layer, and do 

not differentiate how those environments change over time to become more or less 

suitable or susceptible to pests (Guisan and Zimmermann 2000; Peng 2000; Austin 

2002; Akçakaya et al. 2006; McPherson et al. 2006; Phillips et al. 2008; Anderson et al. 

2009; Huntley et al. 2010; Andrew and Ustin 2009; Zurell 2009; Franklin 2010a; 

Franklin 2010b; Januchowski-Hartley et al. 2011; Araújo and Peterson 2012; Ehrlén 

and Morris 2015). Assuming that the environment or host is heterogenous in space but 

failing to consider the temporal change of either the environment or the suitability of the 

vegetation is likely to lead to biased estimates or inaccuracies in the predicted species 

distribution (Ward et al. 2015). For example, Stankowski and Parker (2010) found that 

monthly climate data rather than the use of a static annual or season average, predicted 

species distributions more accurately. In addition, species distribution models are poorly 

suited for predicting spatio-temporal change into new places or times (Elith and 

Franklin 2013). 
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Recently, researchers are combining static and dynamic variables in species distribution 

models, although mostly in relation to climate change (Bateman et al. 2012; Stanton et 

al. 2012; Bucklin et al. 2014; Runge et al. 2015). 

To maximise the chance of correctly predicting the presence and/or abundance of a pest 

species, one needs to link the pest’s foraging and host preferences to information 

concerning the present and future states of the relevant vegetation. The question then for 

pest managers becomes how can one predict the condition and suitability of the host 

into the short-term future? This concept of predicting the condition and activity of the 

ecosystem by monitoring the biological, chemical and physical changes in the 

environment is known as ecological forecasting (Clark et al. 2001). The use of 

ecological forecasting to determine the health or growth rate of the host is vital to 

understanding how the pest interrelates with both the environment and the host. In 

addition, this will assist natural resource managers with spatial temporal modelling of 

pest incursions by linking all the relevant information to support decision making. 

In theory, by combining the daily environmental and climatic parameters (soil moisture, 

soil type, temperature, light exposure, aspect) with the host’s biology, one can predict 

the plant or vegetation’s photosynthetic rate or activity, which along with vegetation 

type predicts suitability to a pest. By then combining this measure of suitability with a 

pest’s biology, such weather-based models or forecasts have the potential to predict 

areas where the pest is more likely to be present.  

Plant growth models such as BIOME_BGC (Waring and Running 1998) and CASA 

(Potter et al. 1999) all use the soil-plant-atmosphere continuum concept (Monteith 

1975) to estimate various water and carbon flux processes (Nemani et al. 2005). The 

models are initialised with ground-based soil physical properties and satellite based 

vegetation information (soil or vegetation’s type or class and leaf area index). Following 

the initialisation process, daily weather conditions (maximum and minimum 

temperatures, solar radiation, vapour pressure deficit and precipitation) are used to drive 

various ecosystem states and fluxes (e.g. soil moisture, transpiration, evaporation, 

photosynthesis and snowmelt) that can be translated into drought, crop yield, net and 

gross primary production (NPP and GPP) and water yield estimates. These models are 

applicable for all types of vegetation in different bioregions, including areas that suffer 

from drought or extensive periods of cold (Nemani et al. 2005). At present, a limited 
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amount of historical data can be sourced, but there is no capacity to provide real-time or 

predictive data that include the most relevant factors. 

Predicting pest occurrence requires particular aspects of the data. Firstly, the data must 

provide large-scale coverage since the location of new outbreaks or incursions will not 

be known. Secondly, the data relevant to the host’s suitability or susceptibility must 

correlate with the pest’s presence and be biologically relevant. Most importantly, they 

have to have a predictive capacity with the highest spatial and temporal resolution 

possible. Remote sensing offers an economical, the data are often available for free, and 

practical means to investigate vegetation growth or condition over large areas (Xie et al. 

2008). The most accepted remote sensing method for monitoring vegetation is by 

incorporating reflectance spectra into spectral vegetation indices (Thorp and Tian 2004; 

Xie et al. 2008). These vegetation indices are generated through mathematical 

combinations of reflectance measurements from two or more spectral wavelengths 

(Thorp and Tian 2004) and are discussed in more detail in the literature review chapters 

(Chapter 2 and 3). 

Ecological Forecasting 

The main and most important issue with the use of remotely-sensed data as a predictive 

tool is that it is essentially an historic record or snapshot of what the situation was at the 

time of image acquisition. The ability to utilise or update remotely-sensed data to 

predict the future condition of vegetation is required. 

To address this issue of remote sensing being only an historic record, Nemani et al. 

(2001) combined static (land-use, cover and soil) and dynamic layers (meteorological, 

plant phenology and soil moisture) to produce an ecosystem forecasting model for the 

United States of America. Their process of ecological forecasting was developed under 

the NASA’s Terrestrial Observation and Prediction System (TOPS) program. TOPS is a 

data and modelling software system designed to seamlessly integrate data from satellite, 

aircraft and ground sensors with weather and climate forecasts to run land surface 

models such as BIOME_BGC (Waring and Running 1998; White et al. 2000) to predict 

future ecosystem states (Nemani et al. 2005). However, any predictive system relies on 

the quality and accuracy of its inputs. TOPS has two variable data inputs, one from a 

remote sensing system and the second from meteorological forecasts (Figure 2). 

However, the ability to accurately predict weather patterns beyond seven days fails 
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significantly due to chaotic factors, and beyond ten days is essentially unpredictable 

(Stern 2008). This is due to any small errors in the starting conditions amplifying over 

time to increase the errors dramatically, which then limits any accurate ecosystem 

forecasting to below this 7-10 day horizon. 

This time restriction is not an issue if one uses remotely-sensed data from the Moderate 

Resolution Imaging Spectroradiometer (MODIS), on-board NASA’s Terra and Aqua 

satellites that monitor the Earth’s atmosphere, oceans and land surface at one-kilometer 

resolution every eight days (Justice 1998; Justice et al. 2002; Myneni et al. 2002). This 

means that every eight days, TOPS integrates the latest MODIS and forecasted weather 

data with the land surface models and expresses a predicted weekly primary production 

output (or anomalies from the long term normal) (Votava et al. 2004; Nemani et al. 

2005) (Figure 2).  

The full description of the TOPS process and models can be found at 

http://ecocast.arc.nasa.gov and in Nemani et al. (2001), Nemani et al. (2003), White and 

Nemani (2004), Votava et al. (2004), Nemani et al. (2005) and Kathuroju et al. (2007).  

 

Figure 2. Simplified data flow in determining daily outputs of Net Primary Production of the 
MOD17 algorithm. The TOPS process for estimating daily Gross Primary Production is 
illustrated in the top panel (adapted from Running et al. 2000 and Zhao et al. 2011). 
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Application of the Terrestrial Observation and Prediction System 

Although TOPS can utilise data from a variety of satellite and airborne sensors, the 

MODIS outputs (e.g. Gross Primary Production) are crucial for the predictions. Not 

only does MODIS (on Terra and Aqua) provide global daily coverage but it also records 

reflectance in 36 wavelengths from visible to far infrared at spatial resolutions of 250 to 

1000 m (Ramachandran et al. 2011). Its production of biophysical products every eight 

days, such as leaf area index, fraction of photosynthetically absorbed radiation, and 

gross and net primary production, also conforms to the meteorological time limit (less 

than 7-10 days) for accuracy.  

TOPS has been applied at local, regional, continental and global scales (Figure 3). At a 

local scale, utilising airborne imaging sensors, TOPS has been used to compute, with a 

spatial resolution of 2 m2, water use and irrigation requirements for vines in the Napa 

Valley (Figure 4a)(Nemani et al. 2001; Nemani et al. 2003). At a national park scale 

and utilising AVHRR and MODIS, TOPS supports landscape-level tracking of 

phenology, snow cover, primary production and vegetation condition within the Sierra 

Nevada park network (Nemani et al. 2009). In 2010-2012, TOPS was combined with an 

irrigation management system to map crop development and water demand through 

parts of California at a 30-m resolution (Figure 4b) (Johnson 2011; Melton et al. 2012; 

Johnson and Trout 2012). At a larger regional scale, TOPS provides ecosystem 

“nowcasts” for California at a 1-km resolution for soil moisture, snow cover, primary 

production, bud burst (start of season) and evapotranspiration (Figure 4c). At the 

continental scale using MODIS inputs, vegetative condition and primary production are 

produced for the contiguous United States at an 8-km resolution (Figure 4d), while 

global values of primary production and anomalies from the long term normal are 

produced at a 0.5-degree resolution (Figure 4e and f) (Nemani et al. 2005, 2009). TOPS 

outputs are routinely checked against observed and FLUXNET-derived data to 

determine the level, if any, of spatio-temporal biases and model performance (Yang et 

al. 2007; Nemani et al. 2009; Wang et al. 2011a).  

An additional benefit of using TOPS for environmental forecasting is that every eight 

days managers can monitor changes in the growing season or plant phenology compared 

to historical averages. More importantly, similar environmental monitoring has been 

generally limited to the use of expensive airborne sensors that provide high spatial, but 
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a) 

  
b) 

c)  

 

d) 

 

e) 

 

f) 

Figure 4. a-f. TOPS outputs at multiple scales – a) Napa valley LAI at 2 m resolution, b) parts of 
California at 30 m, c) California, GPP at 1 km d) contiguous USA, GPP at 8 km, e) and f) 
global NPP anomaly at 0.5 degrees (Nemani 2001; Nemani et al. 2005; Nemani et al. 2009; 
Johnson 2012 and http://geo.arc.nasa.gov/sge/ecocast/data/index.html). 
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Application of the Terrestrial Observation and Prediction System to Australia. 

Although TOPS is already calibrated at a global 0.5 degree resolution, a finer spatial 

scale is required for it to be useful as a predictive tool for pest managers. To develop the 

finer scale spatial resolution that is utilised for predictions in California (Figure 4 a, b 

and c), a more detailed soil-moisture model would have to be developed for Australia. 

This would require significant resources and time, as well as evidence that the result 

would be beneficial and the cost justified. One way to illustrate the usefulness of the 

process for pest management is to compare historical TOPS outputs (or MODIS 

equivalents) against known pest incursions. The set of conditions associated with the 

presence, abundance or absence of a species is derived, and then a set of empirical 

relationships are used to predict where the species should occur within a landscape 

(Nemani et al. 2005). The level of correlation between the historic remote sensing data 

and the pest would indicate if an investment in developing the required soil models for 

predictions would be justified. 

As discussed earlier, for a suitable predictive eco-forecasting model, TOPS needs to 

utilise the MODIS eight day products. These products have only been available since 

early 2000 when the AQUA and TERRA platforms were launched and thus any relevant 

pest records in Australia need to have been collected within the last decade or so. In 

addition, the pest records should include: presence and abundance as well as absence 

data, accurate site location information, a widespread distribution, and records spanning 

multiple years. However, the most important factor is that there has to be some relevant 

biological information about the pest’s host preference that links to the colour, 

reflectance, stress or phenology of the host (or a combination of these).  

There are very few such pest insect databases. One comprehensive pest data set that 

encompasses all these factors is the Australian Plague Locust Commission’s survey 

database of plague locusts in eastern Australia. Locust officers conduct regular ground 

surveys during appropriate seasons throughout eastern Australia. These surveys date 

back to 1976. Presence and absence of locusts, their relative abundance, condition and 

location are recorded. More than 75,000 survey records overlap the available MODIS 

data (2000-2010). In addition, considerable anecdotal evidence suggests that locusts are 

more attracted to greener objects, pastures and crops (T. Deveson pers. comm. 15 June 

2009 and G. Berg pers. comm. 8 November 2011), this is discussed in more detail in 
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Chapter 3. This makes the Australian plague locust database an ideal source for 

evaluating MODIS outputs, particularly Gross Primary Production (GPP), an output of 

NASA’s Terrestrial Observation Predictive System. 

Summary 

The ability to predict the spatial location and abundance of a plant pest at a particular 

time, is a serious gap in a pest manager’s ability to control that pest. At present, species 

distribution models are limited in their ability to undertake spatio-temporal forecasts as 

they primarily rely on relatively static rather than dynamic environmental input layers.  

We know that some species respond quickly to changes in habitat/ host quality 

(discussed in more detail in Chapters 3, 4 and 5). An ability to capture such species – 

environmental relationships might permit better forecasts of a change to a pest species’ 

abundance and distribution (Delean et al. 2013). If some relevant biological information 

links a plant pest to its host’s colour or reflectance, then combining this measure of 

suitability to the pest’s biology, might help predict areas where the pest is more likely to 

be present. One approach is to use remotely-sensed vegetation indices that measure the 

reflectance of vegetation as a surrogate for a particular vegetation type’s suitability or 

susceptibility to a pest. The Terrestrial Observation Predictive System (TOPS) could 

potentially predict species distribution as it uses as satellite remotely-sensed vegetation 

indices as one of its inputs. 

My research aims to fill a gap in our ability to predict or forecast the presence and 

abundance of a species that changes its distribution over time. I aim to evaluate some 

remotely-sensed vegetation indices related to the inputs and outputs of the TOPS 

process and their relationship to the presence and abundance of an Australian plant pest. 

Research Aims 

This thesis investigates the feasibility and/or the utility of NASA’s TOPS to assist in the 

management of plant pest (particularly insects) incursions in Australia. 

To achieve this aim, the thesis has the following objectives: 

1. Examine the inter- and intra-annual spatio-temporal variation in MODIS 

vegetation indices across multiple scales.  
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2. Investigate the utility of MODIS vegetation indices, particularly Terrestrial 

Observation and Prediction System outputs (Gross Primary Production) in 

predicting pest locust presence and abundance. 

3. Investigate at what spatial scale vegetation indices have the strongest relation to 

adult locust presence and abundance. 

4. Compare select MODIS vegetation indices to see which correlate most strongly 

with locust presence and abundance.  

5. Investigate other potential uses and limits of MODIS vegetation indices in locust 

management. 

Thesis outline 

This introduction chapter outlined the concepts behind the aims and objectives of this 

thesis. Chapter 2 reviews the literature on how insects see the environment, their 

potential host preference, and their foraging strategies. Chapter 3 continues the literature 

review but focuses on how remote sensing satellites monitor vegetation, their limitations 

and vegetation indices. It also introduces the biology and behaviour of the Australian 

plague locust (Chortoicetes terminifera Walk.), the Australian Plague Locust 

Commission’s database and the use of remote sensing in locust management worldwide. 

Chapter 4 is the first of four data and analysis chapters. In this chapter, I investigate the 

spatial and temporal variation in three key MODIS vegetation indices across eastern and 

southern Australia. The objective is to resolve the spatial and temporal scales at which 

the vegetation indices need to be determined. If the predictive power of a model is 

retained despite spatial or temporal averaging then the requirement for spatial or 

temporal information at a higher resolution is lessened. 

In 2009 – 2010, a locust plague reached Victoria. This allowed me to establish field 

plots prior to their arrival to examine the relationship between vegetation indices and 

presence and abundance of the insects. Chapter 5 discusses this in more detail. 

Following on from the outcomes of this chapter, in Chapter 6, I review 10 years of 

locust survey data and further investigate correlations between locusts and the 

vegetation indices. I examine the influence that vegetation indices at different spatial 

scales have on predictions of locust presence and abundance. 
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In Chapter 7, the last data chapter, I examine the potential of MODIS vegetation indices 

to determine the impact of locust nymphal feeding on primary production in Victoria. I 

discuss the problems and limitations with both MODIS and other satellite sensors 

especially with the need for fine spatial and temporal resolution. 

Chapter 8 synthesises my research and discusses the issues and problems with satellite 

remote sensing. It also discusses some of the gaps and myths that remain in locust 

knowledge, and investigates how other methods and options for pest surveillance could 

be utilised. 
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Chapter 2 - Literature review 
Visual host selection in herbivorous insects with 
particular reference to grasshoppers and locusts  
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Introduction 

Predicting the presence, abundance and dispersal of insect pests is critically important 

when managing and restricting their impact. To predict where insect pests will be, one 

must understand their biology, how they perceive the environment, and how they find 

and select particular hosts. This chapter reviews how herbivorous insects, particularly 

grasshoppers and locusts, utilise vision to find and select suitable hosts. The next 

chapter (Chapter 3) will review how sensors on earth-observing satellites monitor 

vegetation change and some of the application and limits to this technology. This review 

of the visual perception of the environment and vegetation by both insects and satellites 

will give us insight into factors to be considered when investigating the feasibility of 

using vegetation indices in a predictive model. 

How do insects find or select a new host? 

Insects disperse to resources that are often distributed patchily, so they need to detect 

their host from a distance. Host selection involves not only choosing the right species of 

plant, but also selecting an individual plant within that species that is, or will be, 

suitable for feeding, survival and development. This process of selecting a suitable host 

can be seen to be a progression of phases relating to distance from host. These phases 

have been termed host habitat finding, host finding, host recognition, host suitability 

and host acceptance (Prokopy and Owens 1983; Bruce et al. 2005). Insects initially 

detect potential hosts by utilising visual (colour, size and shape) and/or olfactory 

(odour) cues (Prokopy et al. 1983b; Bernays and Chapman 1994; Antignus 2000; 

Hardie et al. 2001), and then activating tactile and taste (gustatory) senses once 

alighting on a potential host (Thorsteinson 1960; Heard 2000; Hardie et al.2001; Bruce 

et al. 2005). 

Research on the sensory aspects of insect host finding has predominately focused on the 

chemical ecology of host-insect interactions (Bruce 2005), with the role of vision 

largely ignored (Reeves 2011). Typically, the literature has three times as many 

references on chemical and olfactory host detection than on visual detection (Reeves 

2011).  
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As this review is focusing on visual cues only, olfactory factors that work 

synergistically with vision for host location (Harris et al. 1993; Pinero et al. 2006) will 

not be discussed. I will also only concentrate on the host habitat finding, host finding 

and host recognition phases that rely on visual cues.  

 

Visual selection of hosts. 

The majority of the comprehensive work on insect visual systems and host selection is 

now dated, having been done in the mid to late 1900s (e.g. Kennedy et al. 1959, 1961; 

Kring 1967; Moericke 1969; Jander 1971; Macdowall 1972; Rockstein 1974; Greany et 

al.1977; Langer et al.1979; Menzel 1979; Coombe 1981; Prokopy and Owens 1983; 

Menzel et al. 1986; Bernays and Chapman 1994). Such past research still underpins 

current research that focuses on host acceptance and suitability rather than insect visual 

physiology. However, knowledge of insects’ vision is still limited. 

An insect may be visually attracted to a host plant by the colour, form, dimension, 

pattern, shape, or a combination of these. The three main optical characteristics that 

influence insect host finding behaviour (Prokopy and Owens 1983; Antignus 2000; 

Doles 2001) are: 

1. Reflectance (colour) – consisting of three main parameters; 

a. the hue or dominant wavelength reflected by the surface 

b. colour saturation or the purity of the hue 

c. brightness (light intensity or overall reflection) 

2. Dimension (size) and 

3. Pattern, shape or form 

Insects appear to respond to objects that stimulate a predetermined template of 

perception, and ignore stimuli that do not conform (Prokopy and Owens 1983). These 

are discussed in more detail below. 
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Effect of wavelength on host finding 

Insects are similar to humans in that both have trichromatic vision. Insects can detect 

electromagnetic radiation at wavelengths extending from ultraviolet (approximately 300 

nm-400 nm) through blue (400-500 nm), green (500 -560 nm), yellow (560 -590 nm), 

orange (590 -630 nm) and terminating in red (approximately 650 nm). The visible 

spectrum for insects extends into the shorter wavelengths of ultraviolet (350-400nm), 

which humans cannot detect, but generally does not extend into the longer wavelengths 

of visible red (650-700 nm) that humans can see (Figure 5 and 6) (Langer et al. 1979; 

Menzel 1979; Prokopy and Owens 1983; Chittka and Waser 1997; Schoonhoven et al. 

1998; Hardie et al. 2001). However, there are exceptions. For example, some forest 

Coleopterans can detect infrared wavelengths (650-900 nm) by using specific receptors 

on the thorax or the head, which may assist them with locating recently burnt forests 

(Meyer 1977; Prokopy and Owens 1983; Schmitz et al. 1997).  

 

Figure 5. Comparison of the wavelength spectra (nm) perceived by (a) humans and (b) 
honeybees (adapted from Schoonhoven et al. 1998). 

a) 

Wavelength     . 

b) 

 
Wavelength 

Figure 6. Spectral sensitivity functions for a) human (blue left, green middle and red right 
curves and b) honeybee colour receptors (UV left, blue middle and green right curves) (adapted 
from Chittka and Waser 1997). 
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Insects generally have at least three types of photoreceptor cells in their compound eyes; 

a green receptor maximally sensitive in the green at ~ 530 nm, one in the ultraviolet (~ 

350 nm) as well as one in blue (between 410-460 nm). However, the peak sensitivity 

values can differ among species (Menzel 1979; Figure 7 and 8).  

 

Figure 7.Values of maximum spectral sensitivity of various insect species. UV (circles, •); blue 
(squares, ■); green (solid triangles, ►); red (open triangles, Δ) (adapted from Briscoe and 
Chittka 2001). 

 

 

Figure 8. Maximum spectral sensitivity of Apis mellifera (honeybee) compared to three species 
of Orthopteran. UV (circles, •); blue (squares, ■); green (solid triangles, ►) (adapted from 
Briscoe and Chittka 2001). 

 

In addition, red receptors (565 -700 nm) can be found in the orders Odonata, 

Hymenoptera, Lepidoptera and Coleoptera but appear to be absent in aphids (Briscoe 

and Chittka 2001; Döring and Chittka 2007). However, lack of a red receptor, does not 

make red invisible to insects (Chittka and Waser 1997), as it depends on the precise 

form of the reflectance curve as well as the species’ photoreceptor sensitivities (Döring 
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and Chittka 2007). Although the spectral sensitivity of the green receptor in insects is 

around 530-540 nm, it has an extended tail towards longer wavelengths and reaches 

zero around 650 nm (Figure 6). This means that most insects cannot distinguish between 

monochromatic red light of strong intensity and that of green light of moderate 

intensity. However, as objects reflect over large spectral ranges, all of the insect’s 

colour receptors will contribute to an object’s spectral signature and the insect will 

perceive that the object is red reflective (Chittka and Waser 1997). 

The spectral reflectance curves and hue of leaves of different plants are generally 

consistent with a dominant peak at about 550 nm and smaller peaks at 350 nm and 650 

nm. This is because the absorption properties of chlorophyll present in all vascular 

plants are essentially the same, although intensity and hue may vary (Moericke 1969; 

Gates 1980; Prokopy and Owens 1983). Other foliar pigments such as carotenoids, 

lutine and anthocyanine change the saturation, absorbing at different wavelengths to 

chlorophyll (predominantly 500 – 600 nm) and giving the leaves a yellow to red 

appearance to humans (Figure 9). 

a) b) 

Figure 9. Spectral reflectance for a) typical healthy leaves and b) initial derived reflectance 
(adapted from Penuelas and Filella 1998). 

 

A higher nitrogen content in plant sap may also give foliage a more yellow appearance 

(Döring and Chittka 2007). Water deficiency or a change in nutrient status may change 

a leaf’s reflectance or colour (Jackson 1986). Stressed plants (from dehydration, 

flooding, freezing, herbicides, insect damage, nutrient imbalance) produce slightly 

different reflectance compared with unstressed plants. In all cases, the maximum 
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difference within the 400 – 850 nm wavelength range occurs at wavelengths near 700 

nm (Carter 1993, 1994; Carter and Miller 1994; Penuelas and Filella 1998; Carter and 

Knapp 2001) (Figure 10). 

a)

 

b)

Figure 10. The spectral reflectance curves of a) normal (Day of year (DOY) 219) and 
progressively stressed plants (DOY 225, 228 and 231) and b) vegetation (adapted from Shimada 
et al. 2012 (left) and Male et al. 2010 (right)). 

 

The difference in reflectance is explained by the tendency of stressed plants to lose 

chlorophyll. With more severe loss of chlorophyll, the absorption spectrum of a leaf 

continues to narrow and reflectance increases (or absorption decreases) over a broader 

portion of the visible spectrum (Gates et al. 1965; Gates 1980)(Figure 10). At 

wavelengths near 700 nm, the absorptivity of chlorophylls a and b is weak. A change in 

abundance of chlorophyll will be detectable first at these wavelengths of weak 

absorption (Carter and Miller 1994). In comparison, the concentrations of carotenoids 

and other accessory pigments are usually high enough to compensate for small losses of 

chlorophyll so that the difference in absorption in the 400-500 nm range of stressed and 

healthy leaves remains similar and is not easily distinguishable (Carter and Knapp 

2001). 

Many phytophagous insects are attracted by greens and yellows (480 – 550 nm), 

although other wavelengths can also be attractive. Döring and Chittka’s (2007) 

extensive review of both field and laboratory studies of aphids found yellow to be the 

most attractive colour, although not all aphid species are equally attracted to yellow 

(Prokopy and Owens 1983; Hardie 1989). One explanation for the attractiveness of 

yellow is that yellow surfaces are stronger reflectors of the wavelengths between 530 – 
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560 nm than green surfaces, and this band is where an aphid’s photoreceptors are most 

responsive (Prokopy and Owens 1978). Leaves with higher nitrogen content, for 

example newly developing leaves, appear a more yellow (Mooney and Gulmon 1982). 

Leaf nitrogen levels have been found to be correlated with lower overall leaf reflectance 

(Judkins and Wander 1950; Serrano et al. 2000) and generally nutrients including 

nitrogen are translocated from the leaves in autumn (Dixon 1971). This attraction to 

yellow may thus help insects find newly developed foliage or plants that are higher in 

nitrogen content or translocating nutrients (Todd et al. 1990).  

Prokopy and Owens (1978) also describe yellow as a ‘super-normal foliage type’ 

stimulus where wavelengths similar to those reflected by foliage are emitted at greater 

intensity. They also state that diurnal herbivorous insects may have mechanisms to 

discriminate between foliage-like hues (peaking between 500 – 580 nm) and non-

foliage hues (peaking at less than 500 nm or greater than 580 nm). Another factor noted 

is that the yellow light wavelengths in the range of 560 – 580 nm are close to the peak 

of sensitivity of the insect’s green- sensitive pigment (often close to 540 nm) (Bernays 

and Chapman 1994). Saturn Yellow, Emerald and Lime coloured flat traps (with peak 

reflectance values in the 520 -560 nm range) consistently caught more Australian 

tephritid fruit flies in the field than other colours (Hill and Hooper 1984). Carrot flies, 

Psila rosae (F) , cabbage root fly, Delia radicum (L.), onion fly, D. antique (Meigen) 

and the hessian fly, Mayetiola destructor (Say) all exhibit positive responses to leaves 

with high reflectance in the yellow spectrum (Degen and Städler 1997).  

In some insects, the response to yellow takes other additional forms. For example, the 

onion fly lays more eggs on yellow pseudo-onion leaves than any other colour leaf 

(Bernays and Chapman 1994). Some whiteflies also show a strong positive response to 

wavelengths in the ‘yellow-green’ (520 – 610 nm) and also where the peak spectral 

sensitivity is at 550 nm. The same studies also found that whiteflies had a negative 

response to blue-violet wavelengths (400-520 nm) and when combined with the yellow-

green seemed to inhibit their attraction to that colour. Red light (610- 700nm) was also 

found to be moderately inhibiting (Macdowall 1972; Vaishampayan et al. 1975a; 

Coombe 1981). 

The classic example most often cited in colour host selection is the mealy plum aphid, 

Hyalopterus pruni (Geoffr). This heteroecious species has the plum (Prunus spp.) as its 



 

24 

primary winter host and Phragmites communis Tr. as its summer host. In summer after 

leaving the plum, the aphid is almost totally insensitive to saturated (reflecting only that 

wavelength) yellow, but is attracted to very unsaturated whitish yellow, but only when 

the white reflects ultraviolet light (Moericke 1969). Although H. pruni autumn migrants 

slightly preferred yellow to green, there was no significant difference in spectral 

attractiveness between the summer and autumn migrants (Moericke 1969; Hardie 1989; 

Döring and Chittka 2007). Other heteroecious aphid species, alternating between 

summer and winter hosts, did prefer yellow over green, but the bird cherry aphid, R. 

padi was the opposite (Kieckhefer et al. 1976).  

The migratory grasshopper, Melanoplus sanguinipes F., also orients towards yellow, 

irrespective of spatial patterns. However, in this grasshopper, orientation is compounded 

by potential antagonistic interactions between two of the photoreceptors. If the 540 - 

570 nm (green) photoreceptor is stimulated, the grasshopper will move in the direction 

of that colour light. However, if both the 540 - 570 nm and the 400 – 520 nm (blue) 

receptors are stimulated then movement towards the light is either inhibited or the 

grasshopper turns away. Wavelengths above 570 nm do not have any effect on 

orientation (Bailey and Harris 1991). 

Even though yellow is the predominant attractive colour for phytophagous insects, other 

colours are more attractive to some species. For example, species that feed on or 

reproduce in flowers, often favour blue (Bernays and Chapman 1994). The Caribbean 

fruit fly prefers orange, followed by yellow and yellow green, with the purity of hue 

more important than the intensity (Greany et al. 1977). The greenhouse whitefly, 

Trialeurodes vaporariorum (Westwood), orients towards 400 nm monochromatic light 

(ultraviolet – violet range) and honey bees, flies and many other insects are also 

strongly attracted to low intensity UV light (Menzel 1979; Coombe 1981). Menzel 

(1979) also noted what many naturalists had previously observed, that Hymenoptera and 

Lepidoptera visit flowers that have predominantly violet, blue and purple colours. The 

Queensland fruit fly, Bactrocera tryoni (Froggatt) is more attracted to blue or white than 

to red, yellow, orange, black or green fruit mimics. They are also more attracted to fruit 

mimics that are approximately three times normal fruit size, and the colour 

attractiveness of blue and white still hold true (Drew et al. 2003).  
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Similarly, cabbage root flies are able to discriminate solely by spectral reflectance, and 

prefer a natural radish plant to a natural green cabbage, and prefer either of the previous 

species to a red cultivar cabbage (Prokopy et al. 1983a). The greenhouse whitefly also 

shows a preference for the green bracts of poinsettia (Euphorbia pulcherrima Willd. ex 

Klotzsch) over the more developed red bracts and the cultivated white bract form 

(Vaishampayan et al. 1975b). 

In summary, colour is an important component in host finding for a wide range of 

insects, but is often overlooked or ignored by researchers who tend to focus on chemical 

stimulus (Reeves 2011). However, it is not the only visual stimulus that insects utilise in 

host finding and selection. 

Influence of brightness on host finding 

Behaviours other than host finding can also be influenced by light. The probing of 

peach potato aphid, Myzus persicae (Sulzer) is induced by wavelengths between 500 -

600 nm (Hardie 1989). The greenhouse whitefly walked faster and initiated more flights 

under light of 400 nm than 500 nm (Coombe 1981). ‘Fresh aphids’ initiating flight for 

the first time show a strong positive phototaxis response upwards to the sky (Kennedy 

et al. 1961) and in migratory aphids, winged aphids resting on yellow leaves show an 

increasing tendency to fly up to a blue sky, but after a period of flight prefer to land on 

yellow structures again (Bernays and Chapman 1994). Dispersing aphids are also more 

attracted to plant-related wavelengths (particularly yellow) when they are ready to 

terminate their long distance flights (Compton 2002). 

One of the more obvious gaps in our knowledge of an insect’s visual recognition of 

suitable hosts is that most of the work, done between 1960-1990, has focussed just on 

researching specific colours or wavelengths. An insect can see a broad range of colours, 

but the literature does not consider how insects react to multispectral wavelengths or the 

choice of whole plants or groups of plants in a landscape rather than just specific 

colours or leaves.  

Influence of pattern, shape or form on host finding 

Other visual stimuli such as pattern recognition also aid in host finding. Most of this 

type of work has focused on bees (reviewed in Heisenberg 1995) or Lepidopterans 

(Kelber 2002) and their orientation to a food source or flowers. Apart from this focus, 
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there are few other studies, except for some initial work on some species of Dipterans 

and Orthopterans. For example, the migratory grasshopper (Melanoplus sanguinipes) 

orients towards vertical but not horizontal contrasting stripes or checkerboard patterns 

and prefers two vertical stripes rather than one (Bailey and Harris 1991; Szentesi et al. 

1996). Similarly, the desert locust, Schistocerea gregaria (Forsk.) while flying in a 

wind tunnel, orientates to both a static and moving vertical stripe, and if the stripe is 

thick the insect fixates toward one of the edges (Baker 1979). A study on nymphs of the 

desert locust notes they were attracted to simple forms and prefer straight vertical edges 

to more complex contours (Wallace 1958). Two species of tree- and bush-dwelling 

insects, a cricket and a stick insect, also preferred vertical to horizontal black bars. 

However, in the same study of two ground-dwelling crickets, the opposite preference 

occurred (Jander 1971). This indicates that the preference in shape orientation is not 

universal among even closely-related species. 

In Dipterans, the carrot and the onion fly were found to prefer more complex patterns 

and leaf forms that resembled their host plant (Degen and Städler 1997). Insects appear 

to respond to shapes and patterns that match a specific template and ignore non-

conforming visual or olfactory stimuli (Prokopy and Owens 1983). 

How insects perceive groups of plants in a landscape has received little attention 

(Prokopy and Owens 1978). The shape of a leaf or plant is highly variable throughout 

the year and will depend upon the direction or viewpoint from which the insect 

approaches the plant. Moreover, hue contrasts play a role in an insect’s ability to detect 

vegetated compared to non-vegetated ground surfaces, and spectral contrasts are 

important where vegetation intermittently covers bare soil (Prokopy and Owens 1983). 

Foraging Behaviour 

Although visual host plant recognition is important for locating suitable habitats for 

feeding, reproduction and survival, insects can also improve their success in finding a 

suitable host through specific search behaviours. Natural selection would be expected to 

favour searching behaviour that maximises the fitness of the species by selecting 

individuals that can capitalise on the benefits (that is finding the best host) while 

reducing the risks and costs (more time spent looking for a host, increased risks of 

predation and mortality, as well as energy expended) (Bell 1990). This process in 

behavioural ecology is called optimal foraging theory, or in more specific 
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circumstances, marginal value theory (Charnov 1976). When a herbivorous insect is 

searching for a host, many sensory stimuli are distributed spatially from host and non-

host plants (Schoonhoven et al. 1998). An insect must filter this information and decide 

to focus its foraging or search pattern in a particular patch of vegetation. The large 

amount of literature on foraging studies has generally focused on specific activities of 

the larger insect species, such as ovipositioning in Lepidoptera, flower searching in bees 

and host-finding in predatory insects and vertebrates (reviewed in Stephens and Krebs 

1986; Stephens et al. 2007); there is very little on herbivorous insects. However, most 

of the foraging theory concepts are applicable across species and phyla (Charnov 1976; 

Krebs 1978; Stephens and Krebs 1986; Goulson 1999).  

According to marginal value theory, it is advantageous for a herbivorous insect to spend 

more time in patches of higher nutritional quality and to search an area more thoroughly 

once it has already encountered a host plant (Charnov 1976). After an insect decides to 

focus on a suitable habitat patch, Bell (1990) lists four strategies that would enable it to 

optimise its searching. These strategies are: 

1. A looping or spiral local search, maintaining a turn bias to the left or right, 

which readjusts over time to become straighter, or alternating left and right 

movements. 

2. Decrease movement length after finding a resource and increase movement 

length when a resource is not encountered. 

3. Leave a resource in a different direction than the arrival direction. 

4. Turn back into the patch when the edge of the patch is detected. 

Empirical studies have found insects that appear to follow the above strategies (Hassell 

and Southwood 1978; Belovsky 1986; Schoonhoven et al. 1998). For example, female 

geometrid moths alighted more frequently on hosts in dense clumps than on scattered 

hosts, and in larger patches of hosts the flight path was shorter and the moth changed 

direction more frequently. Away from these patches, the moth made longer, faster 

flights (Cromartie Jr 1975). Similarly, another species of geometrid moth flew shorter 

distances between alightings and showed more turning flight near a host plant patch, 

thereby increasing the chance of alighting on a suitable host. This process comprised 
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33% of the total alightings of the moth, although the host plant was only 10% of the 

plant population (Schoonhoven et al. 1998). However, there is a shortage of other 

empirical evidence of foraging studies on herbivorous insects. 

Another component of marginal value theory relates to patch residence time, or when to 

leave a patch due to depletion of resources. There are also four proposed decision points 

on when to leave; after a fixed number of food items, fixed amount of time, fixed 

searching time and/or when host finding falls below a fixed rate (Hassell and 

Southwood 1978; Bell 1991). However, there is a lack of supporting empirical evidence 

to determine the switching points for insects. 

Summary 

Optimal foraging theory suggests insects should search for resources in particular ways 

and utilise a range of methods and senses. Most insects have sophisticated visual 

abilities. Host finding is not just limited to colour, but other visual information, such as 

shape, size, spatial orientation and form, are also important. 

The role of vision continues to be under-researched in the mechanisms of host plant 

location in herbivorous insects; the principal focus is chemical stimuli emitted by plants. 

Clearly, vision is important to many insects (herbivorous or predatory). Reeves (2011) 

identified 69 literature references showing that almost all phytophagous insect orders 

utilise vision to some extent during host finding. Beyond just recognising basic colours 

such as green or yellow, many herbivorous insects have trichromatic visual receptors. 

Colour is not the only important stimuli and may even be combined with other factors 

such as shape, area and height (Prokopy and Owen 1978; Tuttle et al.1988). 

However, visual cues can often work synergistically with olfactory and chemical stimuli 

(Harris et al. 1993; Harris and Foster 1995; Pinero et al.2006). Any research in 

searching behaviour should not focus on a single sense as this can underestimate the 

information that an insect is absorbing by its combined senses (Bell 1990; Harris and 

Foster 1995; Reeves 2011).  

This chapter reviewed the literature about how herbivorous insects can perceive and 

find a suitable host. The next chapter will discuss how far they are willing to travel or 
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disperse to find another host, locust biology, and how earth-observing satellites are used 

in monitoring vegetation condition.  
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Introduction 

All insects move to some extent; the distance moved depends upon the species, the 

stage in its life cycle and the reason for movement. The distance moved can range from 

a few centimetres when selecting food to mass movements over hundreds or thousands 

of kilometres; such as when locusts swarm and monarch butterflies migrate (Johnson 

1969; Dingle 1996; Clobert et al. 2001). How insects move through the landscape and 

where they can be found should influence control strategies for pest insect species. This 

chapter reviews how and why herbivorous insects, particularly grasshoppers and 

locusts, disperse. In addition, it summarises the biology and management in eastern 

Australia of the Australian plague locust. In terms of utilising remotely-sensed data for 

ecological forecasting and predictions, it also examines what remotely-sensed sources, 

vegetation indices and data are available. Moreover, it discusses the limitations, 

resolution factors and what source(s) and data are most suitable for integrating into a 

pest incursion management program. This will set the scene for how such remotely-

sensed data are used in the following data and analysis chapters. 

Dispersal and Migration 

In general, insect movement falls into three main categories; ranging, dispersal and 

migration. Ranging refers to the movement to and from a point of origin primarily to 

collect resources (foraging) and protect territory. Specifically foraging is directed 

towards resource acquisition over small distances. Neither ranging nor foraging has any 

net dispersal. Dispersal is broadly defined as the movement (either self-propelled or 

transported) of organisms from one place to another (Weisser 2001) and is either short 

range (within home-range) or long-range (beyond home-range) movements. In contrast, 

migration is a process (usually behavioural) that involves the cyclic movement of 

individuals or populations between habitats or regions (Schneider 1962; Southwood 

1962; Dingle 1972; Taylor 1974; Kennedy 1985; den Boer 1990; Bullock et al. 2002; 

Bowler and Benton 2005). The main difference between migration and dispersal is that 

migration refers to the mass directional movement of a large number of individuals 

from one location to another, while dispersal is any movement of individuals away from 

the immediate environment of their parents and neighbours (Begon et al. 2006). 

Generally, dispersal involves the species becoming less aggregated and thus relieves 
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local congestion. Migration as a behaviour in insects could be considered to be a type of 

dispersal, but not all dispersal events are migratory (Woiwod et al. 2001; Osborne et al. 

2002). Migration also involves travel in a periodically and geographically predictable 

way by the same individuals or their offspring (Sugden and Pennisi 2006). Although 

dispersal and migration both relate to spread from the origin, most papers treat them 

differently as they have essentially different causes and different outcomes. 

What influences dispersal of insects? 

Dispersal is a strategy to increase fitness by moving to a new habitat that has an 

improved physical or competitive environment (MacDonald and Smith 1990; Osborne 

et al. 2002; Bowler and Benton 2005). It also provides the advantage of greater genetic 

mixing and recombination with non-kin (Loxdale and Lushai 1999). One would expect 

that dispersal would be evolutionarily favourable when the net benefits exceed those of 

remaining in the current habitat when accounting for the risks of dispersal (Holland et 

al. 2006). As dispersal is perhaps the most dangerous part of an organism’s life cycle, 

with increased predation or mortality rates, as well as the risk of not successfully 

finding a suitable or a better habitat, why do it? Gadgil and Solbrig (1972) stated that an 

organism should disperse ‘if the chance of reaching a better site exceeds the expected 

loss from the risk of death during dispersal, or the chance of reaching a poorer habitat'. 

Thus to drive dispersal, an individual’s fitness in remaining at the present site would 

have to decrease or the fitness in the new habitat would have to increase.  

The suitability of a habitat is dictated by the quantity and quality of resources, the 

density of predators, parasites, pathogens, intra and interspecific competitors and 

physical factors (Denno 1983). Habitat can deteriorate through a variety of factors, for 

example, less suitable environmental conditions, reduced host food or suitability, 

increased competition for mates, increased population density or a combination of any 

of these (MacDonald and Smith 1990; Osborne et al. 2002). Other habitat variables that 

influence insect dispersal include host plant quality (Denno 1983; Rausher 1983), the 

habitat’s spatial heterogeneity (Denno and McClure 1983; Kareiva 1983; Kareiva and 

Shigesada 1983), habitat structure (Kareiva 1983; Roderick and Caldwell 1992), and 

predator presence or pressure (Bell 1990; Hodgson 1991; Bowler and Benton 2005). 

Habitats and resources are spatially subdivided or fragmented, patchy or temporally 

variable in quality. Dispersal in insects thus provides one strategy for individuals to 
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manage these changes in habitat conditions or quality (Roderick and Caldwell 1992; 

Osborne et al. 2002) in that it allows species to exploit temporarily suitable habitats 

(Southwood 1962; Southwood 1977; Denno 1983; Denno 1994). When resources 

decline in quantity or quality, species can then disperse, migrate or potentially undergo 

non-dispersal strategies such as dormancy, diapause or hibernation if able (Southwood 

1962; Southwood 1977; Bell 1990; Dingle 1996; Dingle and Drake 2007). In ephemeral 

habitats, certain insect groups are more likely to have migratory or dispersal morphs 

(Southwood 1962; Zera and Denno 1997; Hopper 1999). In unpredictable environments, 

the concept of bet-hedging or risk spreading by having dispersal morphs is 

evolutionarily advantageous (Hopper 1999). 

Bowler and Benton’s (2005) review of dispersal strategies identified many of the 

ultimate and proximate causes of dispersal. They and others (Dieckmann et al. 1999) 

identified four main factors, although not all apply to all species: 

i) Kin interactions and inbreeding avoidance, 

ii) Intraspecific interactions,  

iii) Interspecific interactions and  

iv) Habitat variability. 

Kin and intraspecific interactions can be either a driving or constraining effect on 

dispersal. Kin selection may favour dispersal as a process to reduce competition 

between kin at their natal site, as dispersal would result in colonizing empty sites or 

competing with non-siblings or where a competing allele dominates. Moreover, the 

presence of kin may lead to negative fitness consequences with the risk of inbreeding 

with close relatives. Dispersal can then be an efficient inbreeding avoidance strategy. 

Increasing population density, which can reduce individual fitness, is often identified as 

a cause of dispersal (Danthanarayana 1986; Dixon et al. 1993; Sutherland et al. 2002; 

Bowler and Benton 2005). This increased population pressure results in competition for 

resources and/or increases contact with other individuals. Dispersal can then relieve 

pressure on the resource. The classic example is in aphids, where the crowding or tactile 

stimulation of the mother or the offspring causes production of winged alate rather than 

flightless (apterate) morphs (Dixon et al. 1968; Dixon 1985). However, Müller et al. 
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(2001) indicated that crowding is unlikely to be the only factor for alate production. 

Similar crowding effects have also been found to trigger dispersal in Lepidoptera  

Dispersal may not only depend on density of the species but also on the density and 

interaction of other species (interspecific interaction). Dispersal in the adzuki bean 

weevil (French and Travis 2001) and pea aphid (Weisser et al. 1999; Sloggett and 

Weisser 2002) can also be induced by the presence of a predator or parasitoid. This 

predator-induced production of winged morphs in aphids is density-independent of the 

host species. Similarly, predators or parasitoids can disperse in response to either 

density-dependent factors such as high density of predators and low host availability 

(French and Travis 2001), density independent factors such as presence of 

hyperparasitoids (Höller et al. 1994) or the pheromone of its host (Wiskerke et al. 

1993). The presence of conspecific species (in this case planthoppers) feeding upon the 

same resource has also been found to stimulate the production of winged morphs 

(Denno and Roderick 1992). 

The reason most often given for species to disperse is to escape from a deteriorating 

local habitat or a reduction in quality or quantity of resources (Southwood 1962; 

MacDonald and Smith 1990; Denno 1994; Holland et al. 2006; Kokko and Lopez-

Sepulcre 2006; Roff and Fairbairn 2007). Many species rely on resources that are 

ephemeral, transient, highly patchy in distribution or quality or a combination of these 

(Compton 2002; Bowler and Benton 2005). Resources may decline because they are 

only seasonally available (i.e. an annual plant or seasonal fruit) or there are changes in 

external factors such as climate, rainfall, temperature or lack of nutrients. Alternatively, 

the presence of the organism itself reduces the quality of the resource. Plants heavily 

infested with insect pests have been shown to have decreased soluble protein, 

chlorophyll and moisture content (Denno and Roderick 1992). Aphids on poor quality 

host plants feed less, wander more and contact other individuals more frequently 

(Johnson and Birks 1960; Johnson 1965). However, low plant nutrition does not always 

induce dispersal in aphids. Muller et al. (2001) reviewed 38 aphid studies, and found 

that in 13 cases, low plant nutrition did induce alate production but in 12, there was no 

effect. This work indicates that there may not be a single defining cause for dispersal 

but in some cases or species, a combination of factors may be required. This aspect of 

insect dispersal has received very little attention. 
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The causes of dispersal may not be evident. Although dispersal polymorphism was also 

found in insects in persistent habitats, it was diminished compared with those in more 

ephemeral or patchy habitats (Roff 1990). Hamilton and May (1977) showed that 

substantial dispersal is to be expected even ‘…when the habitat is uniform, constant and 

occupied completely’. For example, a parent should enforce dispersal of some of its 

offspring as long as it is ‘…capable of holding its own site’. However, when the parent 

is unable to hold its own site, then it should sow the site with as many of its offspring as 

possible to compete with dispersive offspring from other parents (Hamilton and May 

1977; Comins et al. 1980; Horn 1983). Their models support a minimum rule that ‘…at 

least one must migrate (disperse) whatever their odds’. Similar results were found using 

models of insect movement with habit variation where ‘…some level of dispersal is 

favoured by selection under almost all regimes of habitat variability’ (McPeek and Holt 

1992).  

In some insect species, because their host alternates (heteroecy), they naturally disperse 

at defined times or seasons of the year from their primary to the secondary host or vice 

versa (Loxdale et al. 1993). Ten per cent of aphid species change hosts (Eastop 1977) 

by dispersing at a definite time or season (Southwood 1962; Kring 1972; Dingle 1982, 

1996). This heteroecy has been primarily attributed to optimal use of the host plant’s 

nutrients (Dixon 1971; Moran 1992; Sandström 2000). Nitrogen is often the limiting 

element for phytoghagous insects (Mattson 1980) and aphids which mainly feed on 

phloem sap where amino acids provide their major source of nitrogen (Girousse et al. 

1991; Girousse and Bournoville 1994). According to this optimal nutritional host 

hypothesis, perennial hosts are used in spring and autumn when they are actively 

growing and thus more nutritious, while herbaceous hosts are used during the summer 

when the woody hosts, because of their mid-summer cessation of plant growth, are 

believed to be nutritionally inferior. Studies on the bird cherry aphid indicate that 

seasonal changes in the phloem amino acid concentration are not sufficient by 

themselves to explain host alternation and suggest it could be part of a nutritional 

complex including vitamins and trace elements, or changes in phloem characteristics 

(Sandström 2000). Others have suggested different explanations for host alternation 

including oviposition sites or evolutionary constraints (Moran 1983), temperature 

induced dispersal (Dixon 1985) and predatory and host defense interactions (Way and 

Banks 1968; Williams and Whitham 1986). 
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Heteroecy varies seasonally even if the present host does not deteriorate, notably in 

species that have invaded new regions or continents. Currant lettuce aphids’ primary 

hosts in Europe are gooseberry and currants (Ribes spp.), while the secondary hosts are 

lettuce, chicory, artichokes and a variety of other species in the family Compositae 

(Stufkens and Teulon 2003). Although in Australia, the secondary hosts are available 

throughout the year, in autumn the sexuparous alates (males and females) appear and 

migrate back to the primary host. Some apterous morphs will remain on the secondary 

host and in temperate environments will survive the winter. In Australia, it is likely that 

most horticultural production regions would be considered to have sufficiently warm 

winters to allow the apterous morphs of the currant lettuce aphid to survive throughout 

the year on any of its perennial hosts, yet the autumn migration still continues (Craig 

Feutrill pers. comm. 9 February 2011). Similarly, the bird cherry aphid (Rhopalosiphum 

padi L.) is present in Australia but its primary host, bird cherry (Prunus padus) is not 

(Thackray et al. 2009). In Australia the aphid persists throughout the year on its 

secondary host, primarily perennial grasses (Guy et al. 1986; Jones et al. 1990), but 

continues its autumn migration to its primary host which is absent, instead infesting 

wheat and acting as a vector for barley yellow dwarf virus.  

Historically, research on host quality as a dispersal driving force has focused on specific 

host-insect interactions. More recently, the research focus has been on the theoretical 

aspects of dispersal and evolutionary theory, but there are still large gaps in our 

knowledge of why insects reject certain plants or why there are selection differences 

between insect orders or species. 

Migration is also often viewed as a mechanism for optimizing the use of transient and/or 

seasonal high quality resources (Holland et al. 2006). Mostly this seasonality of 

resources is due to climatic conditions, especially rainfall. Plants quickly react to 

favourable conditions and then themselves become available for exploitation by 

migratory insects (Dingle 1972). Migration is highest in insect species whose habitats 

are temporally or spatially patchy or associated with impermanent habitats (Osborne et 

al. 2002; Dingle and Drake 2007). The best example of this is the migratory locusts 

migrating en masse following the vegetation growth pulse after seasonal rains (Johnson 

1969; Taylor and Taylor 1983). Migratory movement allows the species to exploit 

temporary resources when they arise and when the fitness benefits of migration exceed 
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those of remaining where they are (Holland et al. 2006). In addition, models have 

shown that when dispersal is in a hazardous matrix between safer patches, there is a 

higher fitness benefit for surviving dispersers relative to non-dispersing ‘stayers’ (Fraser 

et al. 2001). 

Dispersal Summary  

Insects disperse to reduce the loss in fitness in remaining in an ephemeral habitat, or to 

deal with increased intra and interspecific competition, predation and/or inbreeding or a 

combination of these. The pressure to disperse balances their fitness between the current 

or anticipated deterioration in their habitat and their probable opportunities (MacDonald 

and Smith 1990). The benefits of dispersal include distribution of offspring across a 

range of habitats and conditions that might be more favourable for their offspring and 

thus ‘hedge their bets’ (Hopper 1999; Holland et al. 2006). However, there are costs to 

dispersal and these costs increase with the distance moved (Muller-Landau et al. 2003). 

Species that can detect suitable habitat from afar while dispersing will reduce their risk 

of dying before they locate new hosts (Kareiva 1983). 

Biology and dispersal of the Australian plague locust 

The Australian plague locust, Chortoicetes terminifera Walk., is a native Australian 

insect primarily found in the grassland and open wooded habitats of the channel country 

of far northwest New South Wales and adjacent areas of Queensland and South 

Australia, although there are also small populations in Western Australia. It has the 

ability to build up into plague proportions and migrate overnight from its source area to 

the agricultural belt of south-eastern Australia (Figure 11).Because of its graminivorous 

nature (primarily eats grasses, cereals and other members of the Poaceae family) it is a 

serious pest of pasture, horticulture, cereal and some field crops (Wright 1986; Baker 

and Pigott 1995). Due to this economic impact the biology and population dynamics of 

the Australian plague locust have been extensively investigated (Casimir 1962; Clark, 

1965; Clark 1969; Clark et al. 1969; Lambert 1972; Wardhaugh 1972; Farrow 1979; 

Farrow 1974, 1975, 1977, 1979, 1982; Wardhaugh 1979, 1980a, 1980b; Farrow 1982, 

Hunter 1982; Wright 1982; Gregg 1983; Symmons 1984, 1986; Wright 1986; Bryceson 

and Wright 1986; Wright 1987; Wright et al. 1988; Bryceson 1989, 1990; Bryceson and 

Cannon 1990; Phelps and Gregg 1991; Baker and Pigott 1995; Deveson and Hunter 
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2002; Clissold et al. 2004; Hunter 2004; Deveson et al. 2005a; Deveson and Walker 

2005; Clissold et al. 2006; Gray et al. 2009; Hansen et al. 2011) 

 

Figure 11. Frequency of Australian plague locust infestation in eastern Australia from 1977 to 
2008. White areas indicate no recorded high density infestations, while the blue shading 
indicates frequency of recorded high density infestations with dark blue indicating dense 
infestations occurring greater than 15 seasons. Australian Plague Locust Commission (APLC) 
operations boundary shown as red dotted line (image courtesy of Australian Plague Locust 
Commission). 

Australian plague locust life cycle 

The Australian plague locust undergoes incomplete metamorphosis (there is no pupal 

stage) with three stages in its lifecycle – egg, nymph and adult (Figure 12). Generally, it 

has two generations (NSW, SA or Vic) or three generations (Qld) per year. 

Synchronised egg laying by the adult females usually follows rainfall and eggs are 

preferentially laid in slightly damp, non-sandy, higher clay content soils (Clark 1965; 

Chapman 1976; Wright 1987). Generally, eggs overwinter if laid in autumn or, if there 

are suitable temperature and moisture conditions, hatch into nymphs between 15 and 30 

days (depending upon these conditions). The nymphal stage is divided into five instar 

stages, and it takes about 20-30 days for the nymphs to develop into adults depending 
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upon habitat condition and temperature. Once fledged the adults will accumulate fat and 

often disperse long distances. Locusts are primarily graminivores (feeding on grasses 

and cereal crops). Green vegetation is necessary for both nymphal and adult survival 

and fat deposition. The fat is needed to fuel long distance flights and egg production 

(Hunter et al., 1981). Rainfall is the critical factor in Australian plague locusts’ ability 

to build up their population into plague numbers. It enables adults to lay eggs, causes 

eggs already laid to hatch, and promotes vegetation growth of suitable feed for nymphs 

and maturing adults (Bryceson and Cannon 1990). 

 

Figure 12. Life cycle of Australian plague locust (image courtesy of Victorian DEPI). 

Dispersal in locusts 

The nymphal stages of the locust rarely move further than two kilometres from where 

they hatched (Deveson 2013). However, adults can travel much further. If densities are 

low or the swarming behaviour has not been triggered, the adults take short flights of 

one to five kilometres. When daytime conditions are suitable, i.e. light wind with 

temperatures between 200C and 350C, these non-migratory adults generally fly with the 

wind within 15 meters of the ground for a few kilometres. These day flights often 

appear to roll across the countryside (Figure 13) as the adults generally only fly for a 

short period with locusts constantly landing and new individuals taking off. These 

“milling” day swarms usually move less than 20 km per day but their movement is often 

modified by tall vegetation (often associated with linear corridors) which act as barriers 

to their low level flight (Drake and Reynolds 2012). 
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In contrast, night time swarming flights can travel up to 700 km within a night (9-10 

hours flight time), generally on strong warm winds associated with fronts or low 

pressure systems, with the locusts flying up to a 3000 m altitude (usually limited by the 

flight threshold temperature) (Clarke 1969; Clark 1971; Deveson et al. 2005). This 

associated mass take off in conjunction with an approaching front may increase the 

chance of locusts reaching areas that recently received rain. This may mean that the 

destination may have suitable green (or greening) forage but it may not be suitable for 

egglaying (Farrow 1975; Farrow 1977). 

a)Short distance movement – often during the day

 
b) Long distance dispersal – often at night

 

Figure 13. Comparison of the structure of a a) daily rolling and b) migrating high flying swarms 
in relation to wind direction (adapted from Uvarov 1977). 

Management of locusts in Australia 

The Australian Plague Locust Commission (APLC) is responsible for coordinating and 

managing Australian plague locusts across eastern Australia (Qld, NSW, and parts of 
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SA and Vic). The commission, established in 1976 as a result of the major locust plague 

of 1973-74, now resides within the Federal Department of Agriculture. In 1986, the 

APLC was also required, in specific areas, to manage two other species, the spur-

throated and the migratory locust. The commission manages these pest species by 

undertaking a program of monitoring, forecasting, research, control, environmental 

management, communication and engagement (Bryceson et al. 1993). The APLC 

produces monthly regional forecasts for the current and subsequent generation of 

locusts using a GIS based decision support system (Deveson 2001; Deveson and Hunter 

2002). This decision support system involves current locust presence/absence data, a 

population growth model, recent rainfall and environmental conditions, expected 

seasonal rainfall, long term meteorological indices and historical infestation events 

(Deveson 2001; Deveson and Hunter 2002; Deveson 2005). Although this system can 

inform the likelihood of swarming events, the movement of those swarms is still only 

modelled using wind speed and direction. At present, there is no ability to predict where 

a swarm will eventually land. 

If satellite imagery can help predict occurrence of adult locusts, then it can assist direct 

surveillance activities. To do this one has to understand the relationships among remote 

sensing imagery, suitable vegetation indices and the limitations of such a tool. 

Vegetation indices will be discussed in more detail later in this chapter. 

 

Satellite remote sensing of the environment 

Introduction 

Remote sensing and image analysis have a successful history of monitoring or detecting 

both temporal and spatial environmental change. (Potter et al. 2003; Running et al. 

2004; Fraser and Latifovic 2005; Coops et al. 2006; Coops et al. 2009). The extent of 

both natural and human disturbance events such as fires, vegetation clearing and 

droughts have been successfully quantified in both agricultural and natural 

environments (Potter et al. 2003; Turner et al. 2003; Coops et al. 2009). There is a wide 

range of systems and platforms that measure the amount of reflected radiation including 

ground/hand held, airborne- and satellite-based instruments used in conjunction with 
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multispectral and hyperspectral sensors (Backoulou et al. 2011a, 2011b; Bauriegel et al. 

2011; Mewes et al. 2011; Zhang et al. 2011; Mirik et al. 2012). 

Environmental remote sensing is a growing field with numerous international journals 

specialising in this topic (e.g., International Journal of Remote Sensing, Journal of 

Applied Remote Sensing, Remote Sensing, and Remote Sensing of Environment) as 

well as numerous books (e.g., Jensen 2007; Jones and Vaughan 2010; Ramachandran et 

al. 2011,) and regular international conferences (e.g., International Geoscience and 

Remote Sensing Symposium, International Symposium on Remote Sensing of 

Environment, International Conference on Remote Sensing and Geoinformation of 

Environment and SPIE Remote Sensing).  

The major advantages of satellite imagery are that it provides frequent revisit times 

(temporal resolution), and it is the only cost effective way of monitoring the temporal 

and seasonal change of vegetation over very wide areas (Verbesselt et al. 2009). In 

some ways it is a better method to detect and quantify any change compared to on-

ground visual assessment, as it removes the potential for human bias and variability in 

visual assessments (Sykes et al. 1983; Chiarucci et al. 1999; Van Hees and Mead 2000; 

Elzinga et al. 2001; Parkes et al. 2003; McCarthy et al. 2004) and replaces it with non-

destructively assessed measures at specific intervals and in a regular, accurate and 

repeatable method (Bauriegel et al. 2011; Mirik et al. 2012). 

Remote sensing data are constrained by four types of resolution: spatial, spectral, 

temporal and radiometric. Spatial resolution refers to the size or side length of a pixel 

within a raster image. (For MODIS and associated vegetation indices, this is 250, 500 or 

1000 m). The spectral resolution is related to the number and width of the wavelength 

bands recorded by the sensor system (Figure 14) while temporal resolution refers to the 

time periods between image acquisition of the same location (frequency of flyovers). 

This is especially important if one is interested in short duration change. Radiometric 

resolution is the range of intensities of radiation a sensor is able to detect and 

distinguish and generally ranges from 8 to 16 bits (from 256 to 65,536 intensities or 

shades of each colour in each band). (Table 1 provides specifications for some 

commonly used sensors.) 
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As an element of resolution, averaging is an additional issue with all remote sensing 

data and analysis. Averaging of reflectance occurs at spectral, spatial and temporal 

scales. At the individual pixel level (the minimum spatial resolution), each of the 

platform’s sensors combine the pixel’s spectral reflectance, for that wavelength range, 

into a weighted average value. For example, with MODIS, the reflectance over a 

sensor’s wavelengths (e.g., Band 1, 620-670 nm) is averaged over the sensor’s spatial 

resolution (1000 m). In addition, because of the large spectral range for each sensor (50 

nm) the averaged reflectance value gives no indication of the range of reflectance from 

the cover types present in that pixel. In the example below (Figure 14), band 1 averages 

the reflectance of three grass types (dry, lawn and cheat) at three different levels (0.30, 

0.05 and 0.14, respectively). Two of the full spectral curves (dry and cheat grass) 

increase by about 0.03 over the 620-670 nm band, while one (lawn) is relatively stable. 

In addition, some vegetation indices are averaged over a number of successive 

acquisitions (see section on vegetation indices below). 

 

Figure 14. Spectral reflectance of three grass types (dry, lawn and cheat) and MODIS sensor 
bands showing how reflectance is averaged over band wavelengths. Black bars indicate the 
averaged value within MODIS sensor bands (adapted from USGS spectral viewer). 
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Table 1. Spectral, Spatial, Temporal and Radiometric resolution ranges of examples of earth observing satellites available for vegetation analysis from 
2000. 

 
Satellite Sensor Date active Tile size Spectral bands 

Spatial/pixel 

size 

Temporal 

Acquisition 
Radiometric Cost 

Multi-

spectral 

Terra/Aqua MODIS 2000 - present 2330 km B G R NIR SWIR 250m - 1 km 1-2 days (off nadir) 12 bit Free 

NOAA AVHRR 1981 - present 2600 km R VNIR NIR 1.1 km 1-2 days (off nadir) 10 bit Free 

Landsat 5 TM/ETM+ 1982 - 2013 185 km B G R NIR SWIR 30m 16 days 8 bit Free 

Landsat 7 TM/ETM+ 2000 - present 185 km B G R NIR SWIR 30m 16 days 8 bit Free 

Landsat 8 TM/ETM+ 2013 - present 185 km B G R NIR SWIR 30m 16 days 16 bit Free 

Terra ASTER 2000 - present 60 km NIR SWIR TIR 15-30m 8 - 16 day composite 8 bit Free 

SPOT 4 1998 - 2013 60 km B G R NIR 10-20m 26 days 8 bit Free 

SPOT 5 2002 - present 60 km B G R NIR 10m 26 days 8 bit Free or $ 

Ikonos 2000 - present 11 km B G R NIR 4m 3-5 days (tasked) 11-16 bit $ 

Quickbird 2001 - present 17 km B G R NIR 2.5m 1-3 days (tasked) 11 bit $ 

Rapideye 2008 - present 77 km B G R RE NIR 5m Monthly 12-16 bit $ 

Hyper-

spectral 
EOS 1 Hyperion 2000 - present 7.5 km 220 bands 30m 16 days 12 bit Free 

Spectral bands abbreviation; B = Blue, 400-500nm, G = Green, 500-600nm, R = Red, 600-700nm, RE = Red edge, 690-730nm, VNIR = 
Very Near Infrared, 725-1100nm, NIR = Near Infrared, 700-1300nm, SWIR = Short wave infrared, 1.55-2.35 microns, TIR = Thermal 
infrared, 8-11 microns. 
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The different spectral, spatial, temporal and radiometric resolutions of satellite sensors 

and imagery are often a limiting factor in their use in monitoring environmental change. 

Ideally, daily, hyperspectral, sub-30m spatial accuracy with high radiometric resolution 

would be available over the entire Earth (top left corner of Figure 15). However, a high 

resolution of one component is usually associated with a lower resolution in another. 

For example, systems with a high spatial resolution tend to have a lower temporal 

frequency. Thus, depending upon one’s particular requirements it is often necessary to 

find a compromise or trade-off between the different resolutions. For example, Landsat 

has higher spatial but lower temporal resolution than MODIS. 

 

Figure 15. Comparison of resolution (spatial, temporal and radiometric) of different earth 
observing satellites (from Table 1) (Blue dot is hyperspectral, all others are multispectral). 

 

As stated in Chapter 1, NASA’s Terrestrial Observation Predictive System (TOPS) has 

an ability to utilise MODIS vegetation indices in conjunction with climatic information 

to produce a predictive 7-day forecast for the photosynthetic activity of vegetation. As 

the principal theme of this thesis is the use of predictive vegetation indices, MODIS 

products will be the primary focus. In addition, as this research is dealing with highly 

mobile organisms, fine temporal resolution is of great importance. Data provided by 

MODIS are of higher temporal resolution (8-day composite images) but with lower 

spatial resolution (1 km) than other satellites (Table 1 and Figure 15). 
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Figure 16. MODIS tiles relevant to eastern Australia. Tile names relate to NASA’s MODIS 
sinusoidal grid, horizontal (H) and vertical (V) tiles. 

 

 

Water 
Grasses/Cereal crops 
Shrubs 
Broadleaf crops 
Savannah 
Evergreen Broadleaf forest 
Deciduous Broadleaf forest 
Evergreen Needleleaf forest 
Deciduous Needleleaf forest 
Non-vegetated 
Urban 

Figure 17. MODIS land cover classes (MOD12Q1 Type 3 LAI/FPAR) for Australia. 

 

Remotely-sensed imagery may be degraded by numerous factors including atmospheric 

effects, clouds, sensor saturation, transmission errors and other noise effects. The 

detection of any change (seasonal, gradual or abrupt) relies upon the magnitude of the 
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change being stronger than the signal-to-noise ratio (Verbesselt et al. 2012). When 

noise exceeds the signal, vegetation cycles of growth and decline will not be obvious or 

discernible (Jonsson and Eklundh 2002). If this occurs, then an average vegetation 

index value based on monthly, seasonal or longer running temporal average could be 

used for any prediction. This issue is of lesser concern as most of the noise of the 

atmospheric, cloud and water contamination and scatter are already minimised and thus 

the signal-to-noise ratio has been increased through the use of multi-day image 

compilation or temporal compositing (such as the MODIS 8-day composite images) and 

the use of the MODIS Quality Assurance classes (Huete et al. 2011 and Myneni et al. 

2011). In addition, progressive degradation of the MODIS sensors and improved noise 

discrimination have been addressed by continual enhancements to the post collection 

algorithms (e.g. algorithms in the MODIS Level 1B software) (Isaacman et al. 2003; 

Xiong and Barnes 2006; Xiong et al. 2009; Friedl et al. 2010; Toller et al. 2013). 

Quality Assessment of the MODIS product  

The MODIS products are freely available in hierarchical data format (HDF) files from 

NOAA’s Reverb/Echo website (http://reverb.echo.nasa.gov/reverb/) at 250 - 1 km 

spatial resolution, 8-day composite images in sinusoidal projection, with each tile 

covering 10° x 10° or about 1200 km by 1200 km. Four of these tiles cover eastern and 

southern Australia (Figure 16). Many MODIS vegetation index (VI) products rely on an 

underlying landcover or vegetation type to derive the indices. The MODIS land cover 

product (MOD12Q1) classifies global vegetation types into eight canopy architectural 

and three non-vegetated (including water and urban) types or biomes (Friedl et al. 2002; 

Myneni et al. 2011; Zhao et al. 2011) (Figure 17).  

MODIS VI products are generated after each daily acquisition irrespective of cloud or 

other masking effects and composited over multi-day periods (8-day for FPAR and 

GPP, 16-day for NDVI) (Myneni et al. 2011). Hence the MODIS HDF product not only 

includes the VI layers but also quality control flags that provide information about the 

quality of the product, cloud state, snow and algorithm path for each pixel (Myneni et 

al. 2011). It is then up to the user to select or trade-off the desirable data quality level 

versus the temporal coverage (Huete et al. 2011). In the data analysis in the following 

chapters, only the highest quality data (i.e. no cloud, contamination or sensor issues) 

were utilised. 
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What the reflectance shows about plant health. 

Plants react to stress or damage with both physiological and anatomical changes 

(Jackson 1986). Changes in water availability can cause morphological change such as 

leaf curl, while deficiency in nutrients or the presence of plant pathogens causes change 

in leaf colour by causing chemical changes within plant cells or by growing on the leaf 

surface (Jackson 1986; Stone and Verbesselt 2008). In addition, insects and other 

herbivores ingest, remove or detach plant material. Spectral measurements can therefore 

be a tool to assess vegetation health. A plant’s spectral reflectance in the visible to 

infrared range (400 nm to 2.5 µm) is affected by the biophysical attributes of the plant, 

including the internal and external leaf appearance (Figure 9 and 10 in Chapter 2 and 

Figure 18), its biochemistry and the spatial arrangement of the leaves and stems (Baret 

et al. 2007; Blackburn 2007; Stone 2008). Any process or agent that alters the plant’s 

attributes can thus be quantified through change in the reflectance data. Both foliar 

defoliation and discolouration have been successfully quantified using remote sensing 

and image analysis (Bonneau et al. 1999; Hall et al. 2003; Fraser and Latifovic 2005; 

Stone and Verbesselt 2008; Cao et al. 2010) (Figure 9 in Chapter 2). 

 

Figure 18. Typical spectral reflectance of healthy vegetation across the visible and infrared 
bands. The photosynthetically active region of the wavelength is between 400- 700 nm, with the 
rest of the wavelength being related to cell structure and water content. Primary absorption areas 
are shown for chlorophyll (C) and water (W) (adapted from Woodhouse et al. 2011). 
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Vegetation indices 

Nearly all remote sensing approaches to monitor the condition of vegetation rely on 

vegetation spectral indices. Most of these vegetation indices relate to vegetation cover 

or chlorophyll content. More than 150 vegetation indices exist, with additional indices 

emerging as sensors advance and provide new information (Thenkabail et al. 2012). 

More than 40 vegetation indices were developed in the period 1975-1995 alone 

(Bannari et al. 1995). In addition, Hunt et al. (2013) lists over 23 different vegetation 

indices, nearly all being a variant of a simple ratio or normalised differences of a few 

bands, specifically the visible red (chlorophyll absorbing) and the near-infrared (non-

absorbing leaf reflectance). It is worthwhile noting that these vegetation indices do not 

relate to (or “describe”) a real physical property of the vegetation, but instead are a 

composite of a number of factors such as leaf area, chlorophyll content, canopy cover 

and structure. Nonetheless, they are a useful and widely used proxy for plant 

biophysical variables such as photosynthetic rate, greenness and phenological state 

(Choudhury 1987; Coops et al. 2009). Although there are many ways in which these 

ratios or differences are generated to estimate greenness (Hunt et al. 2013) there are 

significant differences, and each is useful and potentially complementary.  

Some vegetation indices (discussed in more detail below) are proxy measures of 

greenness and wetness, and are also surrogate measures for above ground gross and net 

primary productivity (de Beurs and Townsend 2008). Another important satellite 

vegetation index, although not often used with pest management, is the fraction of 

photosynthetically active radiation (FPAR) which is also analogous to greenness cover 

and gross primary productivity (GPP). Aboard the Terra and Aqua satellites resides the 

Moderate Resolution Imaging spectroradiometer (MODIS) sensor that collects data 

across 36 spectral bands. These are then automatically processed by NASA into a 

number of products including landcover, percent tree cover, normalised difference 

vegetation index (NDVI), enhanced vegetation index (EVI), Leaf area index (LAI), 

fraction of photosynthetically active radiation (FPAR), gross and net primary 

productivity (GPP and NPP). 

Normalised difference vegetation index (NDVI) 
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The main vegetation index utilised irrespective of sensor is the normalised difference 

vegetation index (NDVI), a normalised ratio of the near infrared (NIR) and visible red 

channels (Equation 1) with a vegetated range from 0 to +1 (Lakes, rivers, waterbodies 

and oceans have negative values; -1 to 0), with higher values indicating increased 

chlorophyll content. 

 = −+  (1) 

This ratio provides an indication of greenness and photosynthetic activity of vegetation 

and has been used widely to assess various vegetation types as well as environmental 

and climate change (e.g. Tucker 1979, Anyamba 1996; Fuller 1998; Huete et al. 2002; 

Fensholt 2004; Weiss et al. 2004; Wang et al. 2005; Martinez and Gilabert 2009; 

Hmimina et al. 2013). However, NDVI has a tendency to saturate at moderate to high 

vegetation densities (Jiang et al. 2006; Huete et al. 2002; Huete et al. 2011) and is 

sensitive to background reflectance (Huete et al. 2002; Sims et al. 2006). Consequently, 

more recently the enhanced vegetation index (EVI), a modified NDVI, has gained wider 

acceptance and usage (Coops et al. 2009). However grasslands (grasses and cereal 

crops), which are the primary habitat of locusts, typically have low NDVI values; thus 

saturation is not an issue. NDVI is also popular due to the availability of long term 

global time series data from a variety of compatible sensors and its robustness against 

noise (Jin and Eklundh 2014). 

MODIS NDVI products have been successfully used to monitor vegetation trends (Beck 

et al. 2006; Fensholt 2009; Verbesselt et al. 2009; Horion et al. 2014), vegetation and 

crop phenology (Chen et al. 2005; Bausch 2008; Islam and Bala 2008; Boshcetti et al. 

2009; Li et al. 2010), invasive plant species (Huang et al. 2009; Clinton et al. 2010), 

plantation forestry (le Maire et al. 2011, 2014) and the impact of invasive insect species 

(de Beurs and Townsend 2008; Eklundh et al. 2009; Jepsen et al. 2009). A benefit of 

the MODIS NDVI product is that it has a relatively high temporal resolution enabling 

the accurate estimation of short term change (Jin and Sader 2005). 

Fraction of absorbed photosynthetically active radiation (FPAR) 

The fraction of absorbed photosynthetically active radiation (FPAR) is defined as the 

fraction of incoming solar radiation in the photosynthetically active range (400–700 nm) 
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that is absorbed by vegetation. It ranges from 0 on non-vegetated surfaces to 100 for 

very dense vegetation. FPAR is directly related to fractional foliage cover and to the 

primary productivity of photosynthesis, and is primarily affected by soil moisture and 

temperature (Myneni et al. 2011). The MODIS FPAR product (MOD15A2) is generated 

daily and composited over 8-day periods (Huete et al. 2002; Myneni et al. 2011). The 8-

day composite represents the best possible observation obtained for each pixel 

considering all the eight days. The MODIS FPAR product has been used to monitor 

changes in vegetation properties, soil erosion modelling, climate cycle models, carbon 

budget models and its impact on net primary production (Running et al. 2004; Steinberg 

2006; Steinberg and Goetz 2009; Chen et al. 2010; Schoettker et al. 2010).  

Gross primary productivity (GPP) 

Gross primary productivity (GPP) is the rate or amount at which light energy is 

converted to plant mass over a given time period. MODIS GPP is measured in grams of 

carbon per square meter per day (gC/m2/d) (Heinsch et al. 2003). The original logic of 

primary productivity was first proposed by Monteith (1972) as “radiation use 

efficiency”, where FPAR is linearly related to GPP but modified by the amount of 

radiation, temperature, nutrients and soil moisture. The MODIS GPP product has been 

further developed to include a more complex ecosystem model, BIOME_BGE (Running 

and Hunt 1993) based on specific satellite-derived data inputs (Heinsch et al. 2003; 

Zhao et al. 2011). These include land cover type, FPAR and climatic information 

(obtained from NASA’s Goddard Global Modeling and Assimilation Office (GMAO)) 

(Running et al. 2000; Heinsh et al. 2003). For each MODIS pixel, land cover type 

derived from the MODIS land cover product (MOD12Q1) and 8-day FPAR product 

(MOD15A2) are combined with meteorological data from GMAO to produce the 8-day 

primary productivity product (Figure 19). 
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Figure 19. Inputs into the formation of the MODIS GPP product where PAR is the 
photosynthetically active radiation, S↓s is the downward surface solar radiation scalar 
(MJ/m2/d), ɛ is the light use efficiency parameter (gC/MJ), ɛmax the maximum ɛ under optimal 
conditions (gC/MJ), VPDs the vapour pressure deficit scalar and Ts the daily minimum 
temperature scalar (adapted from Running et al. 2000; Zhao et al. 2011).  

 

GPP is calculated as: 

 = × × ɛ (2) 

where PAR accounts for nearly half of the incident downward surface solar shortwave 

radiation ( ↓) and obtained from NASA’s GMAO. 

 = ↓ × 0.45 (3) 

The light use efficiency (ɛ) for that particular land cover is derived from the potential 

maximum efficiency (ɛmax) reduced by scalars of non-optimal temperature (Ts) and 

water availability (vapour pressure deficit, VPDs) and is based on the same parameters 

used in the BIOME_BGS ecosystem process model. 

 ɛ	 = ɛ × ×  (4) 

The MOD17 GPP product has been utilised for a wide range of natural resource and 

land management issues such as evaluating evapotranspiration and water-use efficiency 

of ecosystems, analysis of the global carbon cycle, monitoring ecological conditions and 

environmental change as well as vegetation phenology productivity (Qin et al. 2004; 

Sims et al. 2006; Nightingale et al. 2007; Nightingale et al. 2009; Lu and Zhuang 2010; 

Xiao et al. 2010; Liu et al. 2011; Ryu et al. 2011; Jin et al. 2013; Biudes et al. 2014). 
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Identifying insect feeding damage/change through remote sensing 

Insects and pathogens can affect a plant’s rate of transpiration by ingesting leaves and 

stems. This stress can then affect a plant’s reflectance (Jackson 1986). Satellite-based 

sensors have been used to detect these effects on the host plant or to monitor 

environmental factors (climatic, soil moisture and habitat condition) that are likely to 

affect an organism’s abundance (Riley 1989; Hay et al. 1997; Reynolds and Riley 2002; 

Coops et al. 2009; Jacques et al. 2014). The use of satellite imagery has also been well 

demonstrated for monitoring forest health. Various types of satellite data (SPOT, 

AVHRR, MODIS, Quickbird and Landsat) have been successfully used in North 

America to detect and estimate defoliation, individual tree mortality and forest death 

from a variety of insect pests (Fraser and Latifovic 2005; Goodwin et al. 2005; Coops et 

al. 2006; Wulder et al. 2006; de Beurs and Townsend 2008; Eklundh et al. 2009; Jepsen 

et al. 2009; Verbesselt et al. 2009). 

Resolution is an important consideration. In general, higher spatial resolution imagery 

(e.g., Landsat, Quickbird, SPOT) can estimate levels of defoliation or insect impact at 

specific dates (Fraser and Latifovic 2005; Wulder et al. 2006), while lower spatial 

resolution data (e.g., MODIS) is able to detect but not estimate the level of impact 

(Eklundh et al. 2009). However as sensors with higher spatial resolution generally have 

lower temporal resolution (e.g., Landsat; 30m spatial with 16-day temporal acquisition) 

rarely is there an opportunity for repeated images to be obtained with high temporal 

resolution, or images for a particular time period may be seriously affected by cloud 

cover making them useless for estimating impact. In addition, the ability to measure 

vegetative change over time (temporal capacity) relies upon multiple images to be 

acquired during the growing season. This limits the applicability of the high spatial/low 

temporal resolution imagery as only a few images may be obtained due to cloud cover. 

This may not be a problem for determining tree mortality over a number of years 

(Skakun et al. 2003; Wulder et al. 2006) but reduces its applicability to detect seasonal 

or ephemeral change within or between seasons (de Beurs and Townson 2008; Jepsen et 

al. 2009). 
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Use of remote sensing in locust management 

It is difficult to identify locust populations from any satellite imagery especially when 

they are scattered or at low density. A more common but indirect approach is to monitor 

ecological conditions that favour insect populations (Zha et al. 2008; Jepsen et al. 

2009). Vegetation indices that indicate increased greening of suitable vegetation and/or 

that plant biomass is increasing can indicate the potential for locust outbreaks. On-

ground monitoring and surveys can then focus on those specific areas to determine 

actual abundance. A commonly used vegetation index for this is the NDVI (Bryceson 

1989), which is used as a measure of the level of ‘greenness’ for two interacting 

environmental factors (vegetation condition and moisture content). Bryceson (1989 and 

1990) utilised changes in NDVI that resulted from rains to correctly predict the location 

of locust nymphal bands (density of >80 nymphs/m2) in New South Wales. These bands 

were found to be positively associated with green areas that resulted from recent rains. 

Tappan et al. (1991) also used the same principal to detect grasshopper and locusts in 

Sahelian Africa. More recently, NDVI, relative NDVI (r-NDVI) and the enhanced 

vegetation index (EVI) are being used in Australia to rapidly determine the trend in 

vegetative condition for a range of semi-arid and arid landscapes to indicate likely areas 

of locust development (Deveson 2005 and 2013). The vegetation index approach, 

especially based on NDVI, has been found to be a cost effective way of monitoring the 

temporal and seasonal change of vegetation and subsequent locust plague risk over very 

wide areas. It is widely used in Africa, Asia, and Australia (e.g. Tucker 1985; Bryceson 

1989; Tappan 1991; Deveson and Hunter 2002; Despland 2004; Ji et al. 2004; Deveson 

2005; Deveson et al. 2005; Ma et al. 2005; Zha et al. 2005; Sivanpillai et al.2006; 

Tratalos and Cheke 2006; Steinbaur 2011; Propastin 2012; Piou et al. 2013; Renier et 

al. 2015).  

One also has to consider that biological processes operate at multiple spatial scales. 

Different spatial scales have been shown to affect locusts in a variety of ways. For 

example, very small scale vegetation architecture and distribution affect desert locust 

gregarization (Collett et al. 1998), small scale vegetation patterns affect Australian 

plague locust aggregation (Despland et al. 2004), while high resource clumping 

increases gregarization (Despland et al. 2000). In addition, hot spots of desert locusts 

can occur within 25 km of each other (Woldewahid et al. 2004), rangeland grasshoppers 
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in the northern United States had a much larger spatial autocorrelation of 43-112 km 

(Kemp et al. 1989), while regions of 25 km x 25 km with greater NDVI values were 

more associated with higher catches of adult Australian plague locust at light traps 

(Steinbauer 2011). Steve Simpson and Michael Watts (pers. comm. 29 September 2011) 

found locust abundance was correlated at local (40-50 km) and larger scales (300-400 

km). Quite often, these differences in distribution or abundance are not detectable at a 

single scale (Collett 1998). 

Summary 

A process or tool that predicts where pests are more likely to be present or more 

abundant will greatly assist in incursion management. Such a tool will support better 

decisions in incursion management by allowing managers to allocate resources for 

activities such as surveillance to areas of higher risk. However, no such tool exists at 

present. This thesis aims to advance the knowledge of predicting pest presence and 

abundance by investigating the potential of vegetation indices to indicate areas where 

pests (in this case the Australian plague locust) are more likely to occur.  

These two literature review chapters show that although insects utilise wind to disperse 

they are not just passive travellers but have the ability to dictate when and where they 

will drop out of the wind current. More active fliers, such as locusts, can move at an 

angle to the wind increasing their options of finding suitable hosts (Baker 1984). In the 

literature, there is sufficient evidence that certain insect species (including locusts) rely 

heavily on visual cues to locate and select particular host plants. In addition, insects can 

differentiate stressed or actively growing plants by their spectral reflectance. In 

particular, locusts are able to strongly differentiate between yellow and greens, and, 

locusts actively orientate towards green objects in laboratory trials.  

This literature review also showed that satellite remote sensing imagery has a very 

strong track record in monitoring vegetative condition and change, and in identifying 

abiotic and biotic stresses. Remote sensing of locusts in Australia and internationally is 

limited to the use of a variety of remotely-sensed data to assess the ecological 

conditions favourable for locust survival, breeding, and gregarisation, but has little or no 

forecasting potential. 
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NASA’s Terrestrial Observation Predictive System provides vegetation indices that can 

be used in a predictive tool for pest management. Primarily by monitoring the condition 

of the habitat, predictive forecasts could provide strong indication of pest outbreaks. A 

host suitability model based upon plants’ photosynthetic activity, as determined by 

spectral reflectance or absorption, could then indicate where insect pests are more likely 

to be found. By then combining this measure of suitability with a pest’s biology and 

prior location, one may be able to predict the likelihood of a pest’s presence and/or 

abundance. 

However, the predictive host suitability model relies upon meteorological forecasts that 

restrict accurate predictions or forecasts to within a ten-day period. Any remotely-

sensed data inputs have to fit into this temporal restriction (i.e. re-acquisition periods 

below 10 days). The different spectral, spatial, temporal and radiometric resolutions of 

satellite sensors and imagery are often a limiting factor in their use in monitoring 

environmental change. Ideally, daily, hyperspectral, sub-30m spatial accuracy images 

with high radiometric resolution would be available over the entire Earth. However, a 

high resolution of one component is usually associated with a lower resolution in 

another. As discussed in this chapter, the priority requirement for the use of predictive 

vegetation indices is the need for high temporal frequency (to conform to the weather 

forecast limitation). MODIS vegetation indices with their 8-day outputs are thus the best 

possible compromise of the imagery examined and are the only freely available data 

that are suitable for broad scale monitoring in near real-time. Although MODIS 

vegetation indices have a suitable temporal resolution (8-day composite image), they 

also have a less than desirable large spatial resolution (1 km2) and limited spectral 

resolution, which may produce uncertainty in any analysis.  

However, as a final comment on predictive modelling based on the reflectance of 

vegetation, an insect’s host selection relies not just on colour but also on a range of cues 

(chemical, tactile and taste). These may also limit any predictions just based on a level 

of “greenness”. 
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Chapter 4 -  
Inter- and Intra-annual variation of  MODIS 
FPAR, GPP and NDVI in eastern Australia at 
three spatial scales 
 

Scale has been described as the fundamental conceptual problem in 

ecology  

(Levin, 1992) 
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Introduction 

The study of recurring vegetation or phenological cycles and the identification of any 

seasonal, annual, or decadal change are becoming more straightforward and mainstream 

with the increased availability of remotely-sensed data. These data have already 

provided important understanding in biological and ecological processes (Running et al. 

2004; Turner et al. 2003), ecosystem forecasting (White and Nemani, 2004), agriculture 

(Ozdogan and Gutman 2008; Ozdogan 2010; Brown et al. 2012), land cover change 

(Zhu and Woodcock 2014), invasive species (Clay 2011; Bisrat et al. 2012), forestry 

and natural resource management (Jin and Sader 2005; Boer et al. 2008, Stone et al. 

2008; Hargrove et al. 2009). In addition, remotely-sensed phenological metrics such as 

budbreak, flowering, start of spring and full leaf expansion can independently measure 

how climate change is affecting ecosystems (Schwartz et al. 2002; White et al. 2005, 

White et al. 2009).  

The use of satellite remote sensing in determining the condition and change of 

ecosystems is well established (reviewed by Fuller et al. 2003; Coppin et al. 2004; Lu et 

al. 2004; Coops et al. 2009; Verbesselt et al. 2010). Three main categories of ecosystem 

change have been identified (Verbesselt et al. 2010): 

1. Seasonal change driven by climatic factors such as temperature, rainfall and 

their interactive effects. 

2. Gradual change such as inter-annual climate variability. 

3. Abrupt change such as deforestation, drought, floods or fire. 

Satellite data are particularly well suited for determining these changes as they repeat 

measurements at consistent spatial and temporal scales. However, the data contain not 

only the changes listed above which may be occurring in parallel, but also include 

atmospheric effects such as cloud and water vapour interference and scatter (Heinsch et 

al. 2003; Myneni et al. 2003; Ramachandran et al. 2011; Pettorelli 2013). As stated in 

Chapter 3, these atmospheric effects are minimised by the use of 8-day composite 

images (Yang et al. 2006; Myneni et al. 2011). There are multiple approaches for 

investigating and analysing time series satellite data such as wavelet, Fourier 
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transformation (Martinez and Gilabert 2009; Sakamoto et al. 2010; Quiroz et al. 2011; 

van Moorter et al. 2013) and principal component analysis (Yi et al. 2008; Lhermitte et 

al. 2011; Spruce et al. 2011; Zhang et al. 2012).  

Vegetation phenology varies largely over regions and among seasons and years (Moulin 

et al. 1997; Ji and Peters 2003; Lasanta and Vicente-Serrano 2012; Hmimina et al. 

2013; Verhegghen et al. 2014; Walker et al. 2014). Seasonal vegetation phenology 

shows marked spatial heterogeneity, corresponding to regional and seasonal variations 

in rainfall and temperature. This relationship between rainfall and vegetation is well 

recognised (White et al. 1997, Piao et al. 2003, Ichii et al. 2005, Nezlin et al. 2005, 

Wang et al. 2005, Chandrasekar et al. 2006, Cleland et al. 2007, Myoung et al. 2013) 

but does vary from region to region (Chandrasekar et al. 2006). Although inter- and 

intra-annual variation in vegetation phenology is generally known, there is little 

documentation showing the level of spatial and temporal variation. In Australia, the 

majority of remotely-sensed vegetation monitoring has focused on continental patterns 

of factors such as climate change (Donohue et al. 2009), Leaf Area Index (Hill et al. 

2006), carbon and water fluxes (Leuning et al. 2005), drought monitoring (McVicar and 

Jupp 1998), and net primary productivity (Wang and Barret 2003: Roxburgh et al. 

2004). At a regional level within Australia, most of the research has concentrated within 

northern Australia, focusing on monitoring vegetation reflectance and cover (Ringrose 

et al. 1994; Guerschman et al 2009), climate change in rangelands (McKeon et al. 

2009), and Leaf Area Index (Sea et al. 2011). In south-west Australia, pasture growth 

rate was measured by Hill et al. (2004) and wheat yields in north-western Victoria by 

Perry et al. (2014). However, only one Australian study analysed the spatial and 

temporal dynamics of vegetation phenology (Ma et al. 2013) and that focused only on a 

section of northern tropical rangelands. A more detailed description of active 

programmes using remote sensing for mapping and monitoring terrestrial vegetation in 

Australia is contained in a recent review (Lawley et al. 2016).  

The intra- and inter-annual variability of remotely-sensed vegetation indices within and 

between regions must be comprehended to effectively use these data in pest 

management. Knowing the variability of vegetation indices will also help in 

discriminating an unusual event from the background variability. For example, Nemani 
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et al. (2009) found that within a six-year period, the onset of spring at Yosemite 

National Park varied by 45 days. This knowledge about variation in phenology is a 

critical component in monitoring or forecasting (White and Nemani 2006).  

One approach to understanding variation among regions is to determine areas that that 

are phenologically and climatically similar (i.e. phenoregions, White et al. 2005). 

Phenoregions are helpful when trying to monitor or model vegetation dynamics at a 

large landscape scale (Zhang et al. 2012). However, when White et al. (2005) tried 

using the Advanced Very High Resolution Radiometer’s (AVHRR) NDVI data set to 

classify global phenoregions, the only phenoregion able to be identified within Australia 

was the northern Australian wooded grasslands. All the other areas in Australia did not 

have consistently strong annual cycles for distinct phenoregions to be determined. 

Zhang et al. (2012) also noted that finer resolution remotely-sensed data are often 

needed when aiming for a regional phenoregion classification 

Although most vegetation types are characterised by a clear annual growth and decline, 

the nature of the response may differ among land-uses or because of local or regional 

abiotic factors (climate, soil moisture and soil type). In particular, in arid areas where 

the growing season depends on infrequent and variable rainfall, the response of 

remotely-sensed vegetation indices will be idiosyncratic (Jonsson and Eklundh 2003). 

Shifts in overall annual mean, amplitude and phase of phenological cycles can occur 

between regions but also inter-annually within regions. (Atzberger and Eilers 2011; 

Myneni et al. 2011). Characterisation of season phenological cycles, their phase and 

amplitudes is important for assessing differences among ecosystems, land-uses and 

regions (Falge et al. 2002; Thomas et al. 2009). Hence, prior to evaluating the 

effectiveness of MODIS vegetation indices to predict the presence and/or abundance of 

plant pests, it is important to understand the spatio-temporal variation of the vegetation 

indices. 

Summary 

There is good understanding that environmental factors, primarily rainfall and 

temperature, have a strong influence on vegetation condition. Variation in these weather 

patterns then leads to inter- and intra-annual differences in the phenology of vegetation 
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types. This temporal variation in vegetation phenology is generally recognised but is 

poorly documented at different spatial scales, especially in Australia. For southern and 

eastern Australia, there are no phenological studies comparing spatial variation between 

or within any landuses. In addition, most remotely-sensed phenological studies only 

utilise the vegetation index, NDVI, without investigating other vegetation indices.  

As land management decisions are mostly made for small spatial scale areas (i.e. 25-100 

km2) (Buse and Griebeler 2011), it is important for predictive modeling to understand 

the spatial variation in vegetation phenology at and between regions at these spatial 

scales. In this analysis, I expect to find temporal and spatial variation in the phenology 

of different landuses throughout southern and eastern Australia. However, not only will 

this be the first indepth analysis of phenological variation across landuses within 

southern and eastern Australia, it also compares three different vegetation indices. This 

study will assist pest management by increasing the knowledge of spatial and temporal 

phenological variation that is likely to correlate with pest presence and abundance. 

Aims of the research 

This chapter aims to identify how vegetation indices vary within and between land-uses 

and regions in south-eastern Australia. Most of the focus will be on land-uses that are 

susceptible to locusts (grasslands encompassing pastures, open wooded areas and cereal 

crops) at three different spatial scales (between adjacent MODIS tiles in eastern 

Australia, and between and within two regions in Victoria). I will examine the three 

MODIS vegetation indices (FPAR, GPP and NDVI) at the three different spatial scales 

from 2000 to 2012. 

The key issues addressed by this chapter are: 

• What are the phenological cycles of land-uses in southern Australia? 

• What is the inter- and intra-annual variation in vegetation indices among land-

uses? 

• More specifically, within land-uses susceptible to locusts (grasslands), what is 

the inter- and intra-annual variation between and within regions?  



 

62 

 

Methods 

Remote sensing vegetation indices 

MODIS vegetation indices (FPAR, GPP and NDVI from MODIS land products 

MOD15A2, MOD17A2 and MOD13A1 respectively) for south-eastern Australia (tiles 

h29v12v12 and h30v12) for the years 2000-2013 were obtained from NASA’s Earth 

Observing Systems Clearing House REVERB website (http://reverb.echo.nasa.gov/ 

reverb). The spatial resolution is 1 km2 and the temporal resolution with GPP and FPAR 

is 8-day while NDVI is at 16-day composite images. All vegetation indices layers were 

filtered to only comprise cloud-free, ideal quality data by using binary MODIS quality 

flags (only 00000000, 8-bit binary value for GPP, FPAR or NDVI Quality Assurance 

Variable – User’s Guide GPP and NPP (MOD17A2/A3) Products NASA MODIS Land 

Algorithm, Available from: <www.ntsg.umt.edu/modis/MOD17UsersGuide.pdf>). 

As discussed in Chapter 3, the 8-day composite (1 km2 scale) represents the best 

possible observation obtained for each pixel considering all the eight days. Although 

MODIS images can be obtained with higher spatial resolution (250 m and 500 m), these 

have lower spectral resolution. Images with 250 m spatial resolution only contain two 

bands of data in the red and near-infrared parts of the spectrum (bands 1 and 2), whilst 

images with 500 m spatial resolution contain only seven bands of data in the visible, 

near-infrared, mid-infrared (bands 1-7). The 8-day FPAR and GPP composite images 

not only account for cloud cover but also all 36 spectral bands. In addition both the 

FPAR and GPP products were only available as the 8-day, 1 km2 product. While NDVI 

is available at 16-day 250 m, 500 m, or 1 km images, to ensure consistent spatial scales 

between vegetation indices, the 1 km2 NDVI product was selected. Only recently, since 

2015 (Collection 6), has FPAR and GPP become available as an 8-day, 500 m spatial 

resolution product. 
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Spatial scales 

The phenology of vegetation (with a focus on grasslands) as expressed through the three 

MODIS vegetation indices (FPAR, GPP and NDVI) was examined at three spatial 

scales (Figure 20): 

1. MODIS tiles; h29v12 and h30v12 (each 1,440,000 km2). 

2. Within MODIS tile h29v12; the Mallee (27,500 km2) and Grampian regions 

(12,500 km2).  

3. Within regions; North and South Mallee and East and West Grampians (Table 2 

and 3). 

The regions within Victoria (the North/South Mallee and East/West Grampians) were 

selected because in the 2010-11 spring and summer locust incursion into Victoria, high 

densities of locusts were found in these areas. 

 

Figure 20. Extent of MODIS tiles (black lines), h29v12 (left) and h30v12 (right) and location of 
regions within h29v12 (i) North Mallee (ii) South Mallee (iii) West Grampians and (iv) East 
Grampians. Light and dark green areas indicate habitat (grasslands) suitable for locusts. Blue 
areas are heavily forested and unsuitable for locusts. 
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Table 2. Area (km2) of Mallee and Grampians regions 

Region Area (km2) 

North Mallee 8,150 

South Mallee 19,550 

East Grampians 5,750 

West Grampians 7,050 

 

Table 3. Description of the different comparisons of vegetation indices at three spatial scales.  
 ⃰ Within Victoria, due to the availability of finer spatial resolution land-use layers, grasslands 
were separated into grasses and cereal crops 

Scale Comparisons 

Between tiles 

(h29v12 and 

h30v12) 

Phenology of 7 land-use types within a tile over 13 years 

Grassland (pastures, open woodlands and cereal crops)  

inter- and intra-annual variation over 13 years 

Grassland phenology between tiles (h29v12 and h30v12) 

Relationship between grassland vegetation indices (FPAR, GPP and NDVI) 

Between 

regions * 

The Mallee and Grampians grasses’ and cereal crop’s inter- and intra-annual 

phenological variation of vegetation indices 

Within regions 

* 

Grasses and cereal crop phenology of north and south Mallee and east and 

west Grampians 

Data analysis 

Illustrative Data Language (IDL® - Exelis Inc.) was used to extract the vegetation 

indices values from the hierarchical data format (standard data format for all NASA 

Earth Observing System (EOS) data products) for 13 years of data (2000-2012) and to 

plot the comparative vegetation indices of the seven land-use types (Table 4, Figure 21 

and Figure 22). Because of the very strong La Niňa event during 2010-2012 and 

subsequent effect on plant phenology (discussed in more detail in Chapter 8), where 

appropriate the analyses are split into two time periods; 2000-2009 and 2010-2012.  

As locusts are primarily graminivores, land-uses that are more susceptible to locusts 

(grasslands encompassing pastures, cereal crops and open wooded areas) are the 

primary focus of the research. Within Victoria, due to the availability of finer spatial 

resolution land-use layers, grasslands are further separated into grasses and cereal crops.  
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Within the MODIS tiles (h29v12 and h30v12), pairwise correlations between the 

vegetation indices (FPAR, GPP and NDVI) and the seven land-uses (Table 4) are 

displayed as a multiple scatterplots in a matrix format. Spearman’s rank-order 

correlation coefficient was used to measure the strength of the association of vegetation 

indices between the land-uses within each tile. Linear regressions, Pearson product-

moment correlations and Spearman’s rank-order correlations were used to determine the 

relationship and the strength of the association between FPAR, GPP and NDVI at the 

MODIS tile level. In addition, 13 years (2000-2012) of data were examined to 

determine the inter- and intra-annual variation of grasslands’ vegetation indices. For 

grasslands, the mean 13-year vegetation index for each 8-day (FPAR and GPP) or 16-

day (NDVI) time period was used to determine the annual anomaly and variation from 

the 13-year average.  

At a regional scale, the variation of the vegetation indices and comparisons within and 

between the Victorian Mallee and Grampians region and the two land-use types (grasses 

and cereal crops) were examined. In addition, scattergrams and Spearman’s rank-order 

correlations were used to examine the relationship and the strength of the association 

between and within regions over three seasonal time periods; when locusts are active 

during spring and summer, and when inactive (combined autumn and winter). Genstat 

v15 (VSN International) was used for all statistical analysis.  

Each of the two MODIS tiles (h29v12 and h30v12) contain 1200 x 1200 (1,440,000) 

pixels, with each pixel equivalent to 1 km2 (Figure 20). However, as water and sea are 

approximately 35% and 58% of h29v12and h30v12tiles, respectively, only the 

vegetated land surfaces are of interest (Table 4). 
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Table 4. Composition of vegetated landclasses of MODIS tiles h29v12 and h30v12 based on 
MOD12Q1 land cover type 3 yearly L3 Global 1 km.  

MODIS Landclasses MODIS tile h29v12 MODIS tile h30v12 

Pixel count % Pixel count % 

0 Water – excluded - - - - 

1 Grasslands 204,742 21.8 102,647 17.0 

2 Shrubs 475,318 50.2 266,468 44.1 

3 Broadleaf crops 47,517 5.1 19,748 3.3 

4 Savannah 99,623 10.6 152,567 25.3 

5 Broadleaf forest 87,960 9.4 52,345 8.7 

6 Needle-leaf forest 8,003 0.9 3,061 0.5 

7 Non-vegetated 14,472 1.5 5,211 0.9 

8 Urban 3,241 0.3 2,297 0.4 

Total Excluding water 940,876 100 % 604,344 100 % 

 

Because of the different scales of the vegetation indices (FPAR ranges from 1 to 100, 

GPP from 0 to 1000+ and NDVI of vegetated pixels from 0 to 1), vegetation indices 

were compared after standardising them with z-scores, allowing both direction of trend 

and the importance of different non-complementary scales to be assessed. Z-scores are a 

dimensionless value, derived by subtracting the population mean (µ) from the raw value 

(χ) and dividing the difference by the standard deviation of the population (σ): 

 = −
 (5) 

The resulting score indicates how many standard deviations the raw value is above or 

below the population mean (Gelman and Hill, 2007). 

Results 

All three of the vegetation indices illustrated the phenological cycles in all the land-

uses. In addition, phenological trends in grasslands (the land-use most suitable and 

susceptible to locusts) were apparent in all vegetation indices and as expected, differed 
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at all three spatial scales (between tiles, between and within regions) as well as 

temporally (inter- and intra-annually). The annual differences occurred in both 

amplitude and phase between and within regions. Importantly, in all the regions 

examined, there were large and small scale inter-annual differences at the time when 

adult locusts are active. FPAR and NDVI were more closely related to each other at all 

scales than either with GPP. 

The result section is structured to address the aims of this chapter. Firstly, the 

phenological cycles of land-uses in southern Australia are shown with tile-scale 

comparisons of the different land-use classes by the three vegetation indices. Secondly, 

the three vegetation indices are compared within and between land-uses and thirdly, the 

phenology of grasslands at three spatial scales (tile, regional and local) and inter- and 

intra-annual variation is examined in detail. 

Tile-scale comparisons. 

The annual signal of plant phenology is easily discernible when comparing land-use 

types in both tiles for all three vegetation indices (Figure 21 and 22). Grasslands and 

broadleaf crops in both tiles show a strong spring peak. GPP declines in winter in 

broadleaf and needle-leaf forests, but the other two vegetation indices (FPAR and 

NDVI) do not show this winter decline in the forest land-uses and are relatively uniform 

throughout the year. In comparing land-uses with similar phenology cycles (i.e. 

grasslands with broadleaf crops, and broadleaf with needleleaf forests), differences were 

noticed in peak and trough values but not when these occurred (i.e. no temporal shift, 

only in the amplitude of the peaks and troughs). The percentage of images excluded by 

cloud cover as expected is greater during winter and is most noticeable in Needle-leaf 

forest, which is the least common land-use (Table 4). 
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Figure 21. Average (2000-2009) annual phenological cycle as expressed by the vegetation 
indices (FPAR (top), GPP (middle) and NDVI (bottom)) for 7 landclasses for the two tiles, 
h29v12 (left) and h30v12 (right). Each data point represents that tile’s 10 year average 
vegetation index value for that land-use for that particular MODIS 8-day (Julian day) period. 
Standard error bars on average values and colour of dots indicate percentage of land-use not 
covered by cloud explained by colourbar. 
Land-use; a- Grasslands, b- Shrubs, c- Broadleaf crops, d- Savannah, e - Broadleaf forest, f- Needleleaf forest and g - Non-
vegetated.  
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Figure 22. Average (2010-2012) annual phenological cycle as expressed by the vegetation 
indices (FPAR (top), GPP (middle) and NDVI (bottom)) for 7 landclasses for the two tiles, 
h29v12 (left) and h30v12 (right). Each data point represents that tile’s 10 year average 
vegetation index value for that land-use for that particular MODIS 8-day (Julian day) period. 
Standard error bars on average and colour of dots indicate percentage of land-use not covered 
by cloud explained by colourbar. 
Land-use; a- Grasslands, b- Shrubs, c- Broadleaf crops, d- Savannah, e - Broadleaf forest, f- Needleleaf forest and g - Non-
vegetated. 

Comparison of land-use phenology within and between tiles 

When comparing the phenology between and within the two tiles (h29v12 and h30v12), 

each specific land-use (with the exception of GPP for broadleaf and needleleaf forests) 

showed a similar phenological cycle regardless of the vegetation index (Figure 23, 24 

and 25). As expected, the phenology of agricultural land-uses (grasslands and broadleaf 

crops) were most strongly associated with each other, as was that of the two forest land-

uses (Broadleaf and Needleleaf) (Table 5). The phenology of Needle-leaf forest was 

only similar to Broadleaf forests and not to any other land-use.  
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Table 5. Summary of land-use with general similarities across all vegetation indices. For each 
MODIS land-use, the land-uses that are most and least similar are noted (summarised from 
Table 6, 7 and 8). 

Land-use Most similar to: Least similar to: 

Grasslands Broadleaf crops and Savannah Broadleaf and needleleaf forests 
Shrubs Savannah and Non vegetated Broadleaf and needleleaf forests 
Broadleaf crops Savannah and Non vegetated Broadleaf and needleleaf forests 

Savannah Grasslands and Non vegetated  

Broadleaf forest Needle-leaf forest Shrubs and Non-vegetated 

Needle-leaf forest Broadleaf forest Grasslands and Shrubs 
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Figure 23. FPAR Scattergram matrix comparing the relationship of the FPAR values for seven 
land-uses to each other for both MODIS tiles (h29v12 and h30v12). Each data point represents an 
average FPAR value for that tile’s land-use for each 8-day MODIS acquisition date for 13 years 
(2000-2012). Ellipses represent Gaussian bivariate distributions with + 1 standard deviation about 
the mean of the x and y variables. 
Land-use 1 - Grasslands, 2 - Shrubs, 3- Broadleaf crops, 4 - Savannah, 5 - Broadleaf forest, 6 - Needleleaf 
forest and 7 - Non-vegetated. 

Table 6 Spearman's rank-order correlation matrix showing the strength of association between the 
7 MODIS land-uses for FPAR h29v12 (top) and h30v12 (bottom) tiles.  
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Figure 24. GPP Scattergram matrix comparing the relationship of the GPP values for seven land-
uses to each other for both MODIS tiles (h29v12 and h30v12). Each data point represents an 
average GPP value for that tile’s land-use for each 8-day MODIS acquisition date for 13 years 
(2000-2012). Ellipses represent Gaussian bivariate distributions with + 1 standard deviation 
about the mean of the x and y variables. 
Land-use 1 - Grasslands, 2 - Shrubs, 3- Broadleaf crops, 4 - Savannah, 5 - Broadleaf forest, 6 - Needleleaf 
forest and 7 - Non-vegetated.  
 

Table 7 Spearman's rank-order correlation matrix showing the strength of association between 
the 7 MODIS land-uses for GPP h29v12 (top) and h30v12 (bottom) tiles. 
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Figure 25. NDVI Scattergram matrix comparing the relationship of NDVI values for seven land-uses 
to each other for both MODIS tiles (h29v12 and h30v12). Each data point represents an average 
NDVI value for that tile’s land-use for each 8-day MODIS acquisition date for 13 years (2000-2012). 
Ellipses represent Gaussian bivariate distributions with + 1 standard deviation about the mean of the x 
and y variables. 
Land-use 1 - Grasslands, 2 - Shrubs, 3- Broadleaf crops, 4 - Savannah, 5 - Broadleaf forest, 6 - Needleleaf forest 
and 7 - Non-vegetated.  

Table 8 Spearman's rank-order correlation matrix showing the strength of association between the 7 
MODIS land-uses for NDVI h29v12 (top) and h30v12 (bottom) tiles. 
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Comparison of grassland land-use between and within tiles and vegetation indices 

over time (2000-2013) 

The phenological trend of grasslands in both tiles h29v12and h30 were generally similar 

in both amplitude and phase for all the vegetation indices for all the years (Figure 26). 

The most noticeable feature is that the annual spring peaks of the vegetation indices are 

highly synchronised in both timing and amplitude. The principle characteristic is the 

spring growth starting around Julian day 200 (mid-July), peaking around day 250 (early 

September) and subsiding by the end of the year. The phenology cycle of grasslands has 

the spring peak in vegetation index values, approximately three times the winter trough. 

The most obvious difference between the tiles is h30v12 (NSW) often has an additional 

small growth period (as indicated by increased values of vegetation indices), in late 

summer/early autumn. This is particularly noticeable in GPP around julian day 50 (end 

of February) which is usually absent in h29v12apart from during the 2010 - 11 La Niňa 

years. Some events such as extreme high temperatures (e.g. Julian day 78, 2002, and 

Julian day 38, 2009 (Black Saturday)) are reflected in sudden decreases in the value of 

vegetation indices (Figure 26). 

Annual difference (comparing yearly with 13 year average grassland vegetation 

indices within tile) 

Grassland FPAR and NDVI varied annually by approximately 10% around the 13-year 

average. GPP in contrast, had less variance around the mean during the cooler seasons, 

but larger variation during the spring and early summer (Figure 27, 28 and 29). 

Although the grassland’s vegetation indices suggested a strong spring growth period in 

all years, the magnitude and timing of this peak differed by 10% or more over the 13 

years (Figure 27, 28 and 29). These differences are particularly important, as this is 

when locusts are most active. 

Large variations around the mean occurred occasionally in summer, especially for GPP 

in the La Niňa years 2010-2012.  

Comparison of vegetation indices between tiles 

FPAR values were highly correlated between the two tiles, similarly with NDVI values 

(Pearson’s correlation coefficient, r2= 0.85 and 0.84 respectively), whilst GPP values 
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between the tiles were less correlated (r2=0.79) (Figure 30b, 31b and 32b). Values of the 

vegetation indices in the h29v12 tile were lower during the non-winter months 

compared to tile h30v12. However, during early spring (approx. Julian day 200) values 

of FPAR and NDVI for the h29v12 tile began to exceed FPAR and NDVI values for tile 

h30v12, indicating an earlier onset of spring for tile h29v12. The difference in the 

spring rate of change for values of GPP was less. However, there was annual variability 

in the amplitude and phase of the spring peaks, and tile h29v12 had a general trend of 

smaller winter troughs than that of tile h30v12. In both tiles, the standardised values (z 

score) of FPAR and NDVI were more similar and to the same extent (r2 of 0.97 and 

0.92) to each other than with values of GPP (r2 of between 0.37 and 0.44) (Figure 33). 
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Figure 26. Annual phenological cycle expressed by GPP, FPAR and NDVI for grasslands (as 
estimated by MODIS) versus Julian day for the two tiles (h29v12 (left) and h30v12 (right) over 
the period 2000-2012. * Note extreme conditions on Julian day 78, 2002, and Julian day 38, 
2009 (Black Saturday).  
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Figure 27. Difference in grasslands’ FPAR for h29v12 (left) and h30v12 (right) tiles for each 8-
day MODIS image 2000-2012. The top row shows the difference for each year versus Julian 
day. The La Niňa years (2010-2012) are shown as the black dotted lines. The bottom row 
represents these data as box plots, with the interquartile ranges (25-75%) being boxes, 
horizontal lines being medians, and whiskers being 1.5x interquartile range. Outliers beyond the 
whiskers are represented as points. 
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Figure 28. Difference in grasslands’ GPP for h29v12 (left) and h30v12 (right) tiles for each 8-
day MODIS image 2000-2012. The top row shows the difference for each year versus Julian 
day. The La Niňa years (2010-2012) are shown as the black dotted lines. The bottom row 
represents these data as box plots, with the interquartile ranges (25-75%) being boxes, 
horizontal lines being medians, and whiskers being 1.5x interquartile range. Outliers beyond the 
whiskers are represented as points. 
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Figure 29. Difference in grasslands’ NDVI for h29v12 (left) and h30v12 (right) tiles for each 8-
day MODIS image 2000-2012. The top row shows the difference for each year versus Julian 
day. The La Niňa years (2010-2012) are shown as the black dotted lines. The bottom row 
represents these data as box plots, with the interquartile ranges (25-75%) being boxes, 
horizontal lines being medians, and whiskers being 1.5x interquartile range. Outliers beyond the 
whiskers are represented as points. 
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Figure 30. 13-year grasslands’ FPAR comparing h29v12and h30v12tiles for each 8-day MODIS 
image. a) 13 year longitudinal comparison b) linear regression (red line) and Pearsons 
correlation coefficient (adjusted r2) between h29v12and h30v12. Black dotted line is 1:1 line 
and blue lines show 95% confidence intervals c) Difference between h29v12 and h30v12; 
positive values indicate tile h30v12 had higher FPAR values than tile h29v12d) Annual 
comparison of the 13 years difference between h29v12(horizontal black line at 0) and 
h30v12tile. 
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Figure 31. 13-year comparison GPP of grasslands between h29v12and h30v12tiles for each 8-
day MODIS image. a) 13 year longitudinal comparison  b) linear regression (red line) and 
Pearsons correlation coefficient (adjusted r2) between h29v12and h30v12. Black dotted line is 
1:1 line and blue lines show 95% confidence intervals c) Difference between h29v12 and 
h30v12; positive values indicate tile h30v12 had higher GPP values than tile h29v12d) Annual 
comparison of the 13 years difference between h29v12 (horizontal black line at 0) and 
h30v12tile. 
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Figure 32. 13-year comparison NDVI of grasslands between h29v12and h30v12tiles for each 8-
day MODIS image. a) 13 year longitudinal comparison  b) linear regression (red line) and 
Pearsons correlation coefficient (adjusted r2) between h29v12and h30v12. Black dotted line is 
1:1 line and blue lines show 95% confidence intervals c) Difference between h29v12 and 
h30v12; positive values indicate tile h30v12 had higher NDVI values than tile h29v12d) Annual 
comparison of the 13 years difference between h29v12(horizontal black line at 0) and 
h30v12tile. 
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Figure 33 Scattergrams showing linear regression and Pearson product-moment correlation coefficient showing relationship and strength of association 
between 2000-2009 grasslands’ vegetation indices within tiles (h29v12top and h30v12bottom). Vegetation indices have been standardised by their 
standard deviations to allow for comparisons. Each data point represents an average grassland vegetation index value for that tile’s land-use for each 8-
day MODIS acquisition date for 10 years . Black dotted line represents the 1:1 or x=y line, red line is regression line and blue lines show the 95% 
confidence interval.  
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Figure 34. Phenology of grasslands 10 year annual cycle within tile h29- regions 2000-2009. Left column is a 13 year comparison between land-uses 
both between and within regions (Mallee (left) and Grampians (right)). Right column is the difference between land-uses within a year (by Julian day), 
positive values indicate either South Mallee or West Grampians has higher values.  Nth and Sth Mallee (NM and SM) and East and West Grampians 
(EG and WG), Grasses (6) and cereal crops (7).  
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Comparisons at a finer scale 

Within a region (e.g., north Mallee or west Grampians), values of vegetation indices of 

the two land-uses (grasses and cereal crops) were likely to be more strongly associated 

with each other than with values for the same land-use in another region (e.g. values of 

vegetation indices for north Mallee grasses have a stronger association with values for 

north Mallee cereal crops than values for south Mallee grasses). The difference between 

regions was generally more noticeable during the summer season (Table 9 and Figure 

34). In addition, vegetation indices for the north Mallee region had earlier and stronger 

peaks than south Mallee (i.e. both amplitude and phase differences), while west 

Grampians had higher average vegetation index values especially during autumn than 

east Grampians (mean and amplitude but not phase difference). In addition, within each 

of the four regions, there were yearly differences in the timing and amplitude of the 

peaks of the values of the vegetation indices (Figure 34, 35 and 36). The correlations 

within and between regions were generally highest during spring, and decreased in 

summer (Figure 35, 36 and Table 9). In addition, the least correlated vegetation indices 

and land-uses occurred between the most spatially separated regions and during the 

summer months (e.g. east Grampians versus north Mallee). 

Table 9. Spearman's correlation coefficients showing strength of association between land-uses 
and regions, during active seasons (spring and summer) and inactive (combined autumn and 
winter. This is a summary of the strongest and weakest associations from Figure 35 and 36. 

VI Region and Land-use Inactive Spring Summer 
 Strongest associations    

FPAR 
East Grampians;  
grasses vs cereal crops 

0.975 0.965 0.787 

FPAR 
East vs West Grampians;  
grasses 

0.875 0.956 0.687 

GPP 
North Mallee;  
grasses vs cereal crops 

0.991 0.997 0.994 

GPP 
North vs South Mallee;  
cereal crops 

0.970 0.967 0.932 

NDVI 
South Mallee;  
grasses vs cereal crops 

0.986 0.995 0.938 

NDVI 
North vs South Mallee; 
grasses 

0.929 0.965 0.733 

 Weakest    

FPAR 
East Grampians vs  
North Mallee; cereal crops 

0.837 0.786 0.072 

NDVI 
East Grampians vs North 
Mallee; grasses 

0.769 0.766 0.150 
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Season Regions FPAR GPP NDVI 

Inactive 
(Winter) 

E. Gramp. grass  

E. Gramp. cereal 

N. Mallee grass 

N. Mallee cereal 

S. Mallee grass 

S. Mallee cereal 

W. Gramp. grass 

W. Gramp. cereal 

Spring 

E. Gramp. grass 

 

 

 

E. Gramp. cereal 

N. Mallee grass 

N. Mallee cereal 

S. Mallee grass 

S. Mallee cereal 

W. Gramp. grass 

W. Gramp. cereal 

Summer 

E. Gramp. grass  

E. Gramp. cereal 

N. Mallee grass 

N. Mallee cereal 

S. Mallee grass 

S. Mallee cereal 

W. Gramp. grass 

W. Gramp. cereal 

Figure 35. Scattergram matrix comparing the relationship of North and South Mallee (NM and SM) and East and West Grampians (EG and WG) land-uses - grasses (Gr) and cereal crops 
(CC) during the inactive (Autumn and Winter) and active (Spring and Summer) locust seasons. Ellipses are Gaussian bivariate with + 1 std. dev. about the mean of the x and y variables. 
Each data point represents an average vegetation indices value for that regions land-use for each 8-day MODIS acquisition date for 13 years (2000-2012)   
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Figure 36. Spearman’s rank-order correlation matrix showing strength of relationship between the North and South Mallee (NM and SM) and East and 
West Grampians (EG and WG) land-uses - grasses (Gr) and cereal crops (CC) during the inactive (Autumn and Winter) and active (Spring and 
Summer) and locust seasons.   

FPAR GPP NDVI 
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Discussion 

For the first time for southern and eastern Australia, the phenological cycles of different 

land-uses using three MODIS vegetation indices has been documented. As expected, the 

results show that there are inter-annual differences to the phenological cycle as 

expressed by the MODIS vegetation indices within and among land-uses, and at all 

scales. This indicates that the effective use of vegetation indices in predictions has to be 

spatially specific, at least to sub-region or below and must consider the time of year. 

Some indices and land-uses are more closely related than others are. The strongest 

association found was between the land-uses, grasses and cereal crops especially at the 

local scale, and between the vegetation indices, FPAR and NDVI. 

The temporal and spatial variation of vegetation indices are known to be linked to 

climatic variables, and to sporadic and localised events (Anyamba and Eastman 1996; 

Clinton et al. 2010; le Maire et al. 2011; Chang et al. 2014). Temporal variations in 

Australian seasonal rainfalls are known to be correlated with the El Niňo Southern 

Oscillation (ENSO) (Wright 1974; McBride and Nicholls 1983), as are Australian 

vegetation cover and dynamics with climate (Nicholls 1991; Donahue et al. 2008; Ma et 

al. 2013). The El Niňo Southern Oscillation has a strong effect on Australia’s inter-

annual variability rainfall but less recognised are ENSO’s large spatial scale effects and 

relatively long time scales (prolonged dry spells) (Nicholls 1991). However, apart from 

the large spatial scale effects imposed by the ENSO cycles, ENSO also appears to exert 

a stronger influence in extensive semi-arid areas (Nicholls 1991), while localised 

rainfall events have greater influence than the ENSO at finer scales and in higher 

rainfall regions (Law et al. 2000). The average annual rainfall and spring/summer 

temperatures for southern Australia (Figure 37) show that average rainfall but not 

average temperature are slightly different within regions (i.e. the Mallee or the 

Grampians). What the average climatic data do not show without more specific 

intensive data mining is the variation of local rainfall events within the regions.  

Major variations in the vegetation indices caused by historic heat waves (and 

subsequent bushfires) in both NSW and Victoria can be identified through drastic 

decreases in the value of vegetation indices, particularly in GPP in March 2002 in 
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h30v12(NSW) and Feb 2009 in h29v12(Vic) (Figure 26). Similarly, the effects of the 

strong 2010-2012 La Niňa event across southern Australia increased the magnitude and 

variability of all of the vegetation indices during the summer period (Figure 27, 28 and 

29). These major (extreme temperature, major La Niňa or El Niňo events) and minor 

climatic events manifest themselves at various temporal and spatial scales and have a 

magnitude component effect on the vegetation indices that cannot be accurately 

predicted. The average temperature and rainfall maps (Figure 37) also do not take into 

account the strong effect of El Niňo/La Niňa events or years, again illustrating the 

importance of having temporal and spatially relevant information for any predictive 

tools. 

More importantly, from a predictive modelling perspective, the large scale differences 

also occur between and within regions in Victoria. In comparing Mallee and Grampian 

grasses and cereal crops, they exhibited different phenological cycles in both amplitude 

and phase and the further spatially separated the regions are, the greater the difference. 

Some of the differences among and within regions (i.e. within Mallee or Grampians) 

could be explained by different summer temperatures or rainfall patterns. For example, 

the Mallee is on average slightly warmer and receives about half the rainfall as the 

Grampians. The east Grampians region is in a rain shadow of the Grampians and is thus 

drier than the west Grampians (Figure 37). The observed vegetation indices differences 

between the two Grampian regions are most likely due to localised events, especially 

rainfall.  
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Figure 37. a) 20 year average yearly rainfall (mm) and b) 30 year average temperature (0C) for 
October to March for south-east Australia (obtained from BOM website: 
http://www.bom.gov.au/climate/averages/maps.shtml).(i) North Mallee (ii) South Mallee (iii) 
West Grampians and (iv) East Grampians. Strong black lines indicate boundary of h29v12 
MODIS tile. 
 

Organisms (plants and animals) are known to respond to daily weather conditions and 

extreme events rather than mean seasonal climate (Gutschick and BassiriRad 2003; 

Diez et al.2014). At smaller scales, vegetation phenology is known to be less influenced 

by climate than by other factors such as topography and soil (Menke et al. 2009). In 

addition, researchers (Ji and Peters 2004; White and Nemani 2006) have found that 

phenological forecasts are inherently location, parameter and/or use-specific (i.e. if 

forecasting pollen loads, one cannot use the same coefficients of the explanatory 

variables for predicting pests).  

Despite our understanding of seasonal change in vegetation condition, the predictability 

of terrestrial ecosystem models remains unsatisfactory in terms determining inter- and 

intra-annual phenological variation (Myoung et al. 2013). Of particular concern, in 

terms of developing predictive models, is the increased inter-annual variation in phase 

and amplitude of the locust phenological cycle in south-eastern Australia during the 

specific time that adults are active (i.e. spring and summer). However, researchers have 

shown that depending upon the scope, some phenological predictions are useful. Stockli 

et al. (2008) developed a phenological model utilising MODIS FPAR, LAI and ground-

based data. The model was able to predict start-of-season growth inter-annual and 

decadal variability, but had only weak ability to predict end-of-season inter-annual 

variability or timing. In addition, White and Nemani (2006) demonstrated that a land 

b) Average daily 
temperature 0C  
October - March 
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surface phenology event could be predicted seven days in advance with a prediction 

uncertainty of two days.  

Nearly all the research that links animal or plant distribution to vegetation indices, 

utilise NDVI or a by-product of NDVI (e.g. EVI or relative NDVI) (reviews by Clay 

2011; Latchininsky 2013 and a recent paper regarding Australian plague locusts, 

Deveson 2013). The near-linear relationship between NDVI and FPAR was also 

demonstrated by Asrar et al. 1984 and Sellers 1985. As GPP is slightly less correlated to 

either NDVI or FPAR, GPP may be an alternative vegetation index to NDVI that could 

be used as a parameter in determining species distributions. GPP also appears to 

distinguish extreme conditions more clearly than either FPAR or NDVI. NDVI shows a 

smoother phenological curve, a possible effect of its 16-day image acquisition compared 

to FPAR’s and GPP’s 8-day product. 

Summary 

For the first time for southern and eastern Australia, the phenological cycles of different 

land-uses using three MODIS vegetation indices have been documented. This chapter 

illustrates that based on the three vegetation indices, high levels of inter-annual 

variation in phenology of different land-uses occur at all examined scales. This indicates 

that the use of vegetation indices for predictive modelling of pest presence and/or 

abundance has to be both temporally and spatially specific.  

In summary, I found that at large scales, land-uses have different phenological cycles, 

although grasses and cereal crop cycles are similar. Also at large scales and within 

grasses and cereal crops, there was significant annual variation (in phenological cycles) 

both within and between regions, and between and within El Niňo and La Niňa years. 

The GPP phenological cycle of land-uses was more different from the phenological 

cycle of either FPAR or NDVI although most researchers who utilise vegetation indices 

in species distribution models use NDVI or derived NDVI (Bradley et al. 2012). GPP 

may thus provide additional differentiation if used in comparative phenological models. 

At a regional level, generally the phenology of a grassland land-use has a stronger 

association to the phenologies of other grassland land-uses within the same region than 
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to the phenology of the same land-use (grassland) at a nearby region. Again, this 

emphasises the need for a localised spatial and temporal component in any predictive 

modelling. 

In the following chapters, I will evaluate the effectiveness of MODIS vegetation indices 

in predicting the presence, abundance and impact of Australian plague locusts in eastern 

Australia. 
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Introduction 

The ability to predict the location and abundance of insect pests would enable pest 

managers to identify areas at increased risk and by early detecting the pests, limit their 

impact. Optimal foraging theory and its subcomponent, the digestive rate model, and the 

marginal value theorem predict that individuals choose to feed on hosts that give them 

the highest fitness and/or select food to maximize their rate of energy intake (Stephens 

and Krebs 1986; Verlinden 1989; Scheirs and De Bruyn 2002; Ydenberg 2007) (Figure 

38).  

 

Figure 38. Graphical representation of the marginal value theory. The line starting at the 
average travel time between patches (t) and running tangent to the cumulative gain curve 
gives the predicted optimal time (T) for a forager to remain in a patch (adapted from 
Matthews and Matthews 2010). 

In addition, the marginal value theorem indicates that; i) a forager should remain in a 

food patch until its marginal rate of food intake is equal to that of food intake across all 

available patches, ii) the greater the time or energy expended to reach another patch the 

longer the forager should stay in its current patch and, iii) if the forager is in an area of 

poor quality, it will remain longer as it is takes more time to accumulate sufficient 

energy to make an extended travel to a new patch (Matthews and Matthews 2010). 
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As previously mentioned in the literature review chapters, theoretical and laboratory 

experimental evidence reveals that Australian plague locusts prefer greener colours and 

forage. The Australian plague locust is a graminiferous species almost wholly reliant on 

grasses (Poaceae) with mouthparts unsuitable for chewing dicotyledon leaves (Williams 

1954; Clissold et al. 2004). Adults are primarily protein-, carbohydrate- or water-

limited, so they preferentially search out food high in these components to build up fat 

and protein prior to migrating, breeding and egg-laying (Simpson and Raubenheimer 

2000; Simpson et al. 2004; Simpson, Raubenheimer et al. 2010). Lush green feed 

allows adult locusts to quickly accumulate fat which leads to rapid egg maturation 

(Wright 1987). Adult locusts can develop eggs while being sustained by feed that is less 

than lush green. However, if the feed is too dry, most adults are underweight and eggs 

may fail to mature (Hunter et al. 1981; Hunter 1982). Clissold et al. (2006, 2009) found 

not only that increased leaf toughness reduces the rate of locust growth, but also that the 

ratio of protein to carbohydrate was important. Moreover, as leaves dry off, nutrient and 

carbohydrate assimilation can increase, but this benefit may be offset by increased 

digestion time.  

When food is plentiful, adult Australian plague locusts have a defined feeding and egg-

laying cycle, feeding for approximately one to two weeks before moving to suitable 

areas for a day or two of egg-laying. This feeding/egg-laying cycle can continue for a 

number of weeks. In the first generation (spring/summer), there is generally a five-day 

feeding to one-day egglaying cycle, while in the second autumn generation this cycle is 

usually 10-14 days feeding to two days egg-laying (Farrow 1979, 1982; Farrow and 

Longstaff 1986). That Australian plague locusts preferentially lay eggs in non-sandy, 

higher clay content sites with low grass cover and is well documented (Clark 1965; 

Chapman 1976; Wright 1987). In contrast, there is only anecdotal evidence from land 

managers and Australian Plague Locust Commission (APLC) officers to indicate that 

adult Australian plague locust prefer to feed in greener cereal crops or grasses (T. 

Deveson, APLC, pers. comm. 15 June 2009). Nonetheless, the federal and state 

agricultural departments’ websites (NSW, SA and Vic) and the Australian Plague 

Locust Commission’s fact sheets all mention “... locusts are attracted to green areas.” 
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Expected abundance of Australian plague locusts  

As adult locusts spend longer feeding than egg-laying, if availability of egg-laying areas 

is not limited, then the expected average abundance would be greater in greener fields 

than in the barer egg-laying areas. First generation spring adults spend 7-14 days 

feeding prior to one to two days egg-laying (Farrow 1979, 1982; Farrow and Longstaff 

1986), thus I expect adult abundance in greener pastures compared to barer areas to be 

up to five times greater, while abundance of second generation locusts could be up to 

seven times greater as they spend longer feeding (10-14 days). However, there might be 

a non-linear relationship, as there would be a level of low greenness that is unsuitable 

for feeding but too green for egg-laying; such areas would be expected to have the 

lowest abundance of Australian plague locust (Zone B in Figure 39). One would also 

expect the abundance to tend toward an asymptote (Zone D in Figure 39) with 

increasing greenness due to other factors limiting Australian plague locust abundance. 

In addition, the values of grassland’s vegetation indices are moderately low compared to 

other land-uses (average daily GPP 392 gC/m2/day with a standard deviation of 262) 

(Zhao et al. 2011), indicating that the maximum level of greenness of grasslands is also 

limited. 

 

Figure 39. Expected relationship between abundance of adult locusts and greenness, based upon 
time spent foraging and egg-laying. Zone A is suitable for egg-laying but no forage, B is 
unsuitable for feeding or egg-laying, C is suitable for feeding but no egg-laying, D is preferred 
feeding with no egg-laying. 
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Given an understanding of the habitat requirements of adult Australian plague locust, 

vegetation indices have the potential to be used to predict their presence or abundance. 

The 2010-2011 Australian plague locust incursion into Victoria provided an opportunity 

to study the relationship between vegetation indices and locust abundance. 

Victorian 2010-2011 locust incursion. 

In early 2010, a large infestation of adult Australian plague locusts reached the Riverina 

in southern NSW and the Mallee region of Victoria. These incursions arose from high 

level, long distance night flights (100s of km) from north NSW on northerly winds 

around 21 February 2010. In late 2010, there was also a general movement of adults 

from north-west Victoria to southern areas, and additional migrations from the Riverina 

into north central and north-east Victoria. At least four significant night and day flights 

from NSW into Victoria in November and December were recorded by Victorian 

agricultural and APLC staff. These occurred on 12 November, and 2, 3 and 8 December 

(G. Berg, Victorian Plague Locust Commissioner, pers. comm. 15 July 2011). Eggs 

were laid during December and early January throughout mid and central Victoria. 

Second generation nymphs emerged in mid to late January, although densities were low 

apart from in the Grampians region. By February adult locust swarms were noticed 

throughout central Victoria but were found only at low to medium density and 

subsequently only three overwintering egg beds were subsequently found around the 

Grampians (G. Berg, pers. comm. 6 June 2011). 

Although there is evidence of host/nutrition selection by locust nymphs (Simpson and 

Abisgold 1985; Despland and Simpson 2000; Clissold et al. 2009; Cease et al. 2012), 

there are no publications investigating the selection of grasslands based on greenness by 

adult locusts for either feeding or egg-laying.  

Summary 

Optimal foraging theory indicates that adult locusts should choose to feed on hosts that 

give them the highest fitness and/or select food to maximize their rate of energy intake. 

Lush green feed allows adult locusts to quickly accumulate fat which leads to rapid egg 

maturation and spend 7-14 days feeding to every one to two days egg laying. If there is 

no restriction on feeding or egg-laying areas, I would expect adult abundance in greener 
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pastures compared to barer areas to be up to five to seven times greater (Figure 39). I 

also expect a non-linear or polynomial relationship with locust abundance tending to an 

asymptote with increasing greenness.  

Aims of the research 

This chapter uses survey data collected during the 2010-2011 Australian plague locust 

incursion into Victoria to examine the relationship between adult Australian plague 

locust presence and abundance in Victoria and greenness as derived from MODIS 

vegetation indices (FPAR, GPP and NDVI).  

Methods 

Selection of study sites 

In November 2010 prior to the emergence of the first generation adults, 37 locations 

(each location comprised a number of sites in close proximity) containing 892 sites 

were identified as possible points for surveying Australian plague locust adult densities. 

Locations and sites were selected from GIS layers based upon the following criteria: 

• Within the study area in central Victoria from the Grampians to 

Wodonga (Figure 40). 

• No known Australian plague locust egg beds within 20 km to ensure that 

any adults present had originated elsewhere and then flown in to that site. 

Nymphs rarely travel more than 2 km from their egg beds (Deveson 

2013). 

• Graminoid land-use consisting of grassland, pasture or cereal crops. 

• Centroid of 1 km2 MODIS pixel within 150 m of a roadside but not a 

principal or main road to enable surveys to be undertaken without the 

need to seek permission to access private land. As sampling was 

undertaken on roadsides, proximity of the centre of the pixel to that site 

ensured that sampling was undertaken as close to the centroid of the 1 
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km2 as possible. Roadside survey counts have been found to be reliable 

predictors of grasshopper population in adjacent fields (Johnson 1989). 

• I determined the median GPP for the previous six months (April-

November) for each 1-km2 pixel within the study area. Sites within a 

location had to have representative samples from the 0-25% (low), 38-

62% (medium) and 75-100% (high) quartiles of this median GPP 

distribution. 

• All sites at a particular location are within a 10 km diameter circle and 

within 5 km of at least three other points at the same location. 

• Not within 2 km of urban areas. 

Upon first visit (in December), I excluded some sites and locations as the land-use did 

not meet the above selection criteria in that they were not dominated by grasses or 

cereal crops, sites had become flooded, or locations no longer had a sufficient mix of 

low, medium and high GPP sites. The final total number of locations and sites visited 

weekly (five weeks from December 2010 to January 2011) for the 1st generation was 12 

locations with 68 sites, while for the second generation 19 locations and 152 sites were 

visited weekly during six weeks from March to April 2011 (Figure 40). 
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Figure 40. Study area (blue polygon) and position of locations (green dots) in Victoria where 
presence and abundance of APL were recorded weekly from December 2010 to April 2011. 

 

To ensure that a representative sample of low, medium and high “green” fields was 

included in the survey, GPP values at the surveyed sites were compared to the whole 

study area prior to the start of surveying and after the final survey. The frequency 

distribution histograms of GPP values at sample sites (n= 235) were similar to those for 

the whole study area (n=26054) for both the six months prior to the start and during the 

survey (Figure 41).  
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a)

 

b)

 

Figure 41. Frequency of grassland GPP at sites and within study area a) 6 months prior (May - 
November 2010) to survey and b) during survey (December - April 2011). Due to the large 
number of pixels within the study area, frequency data, y -axis is natural logged (Ln). 

Abundance of Australian plague locust adults 

Each locality was visited within the middle of each 8-day MODIS acquisition date and at 

each site, four 25 metre long and two metre wide transects were walked slowly and all 

adult Australian plague locusts within or flying out of the transect were counted. The 

presence and identity of other species of grasshoppers or locusts and their relative 

abundance to Australian plague locust was also recorded. At each site more detailed 

grassland/land-use information was also recorded (Table 10).  

Types of grassland land-use 

Four principal grassland land-use types were identified during the survey. The most 

predominant land-use during the first generation was grazing (50%), followed by a 

combination of cereal cropping with grazing or hay production. For the second 

generation, grazing in previously cropped fields was by far the most common land-use 

(61%) followed by cereal crops with hay production (25%). Other minor grassland land-

uses, such as native grasslands, fallow, road reserve and hay were amalgamated into one 

category (other). 
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Table 10. Frequency of the six grassland land-uses visually identified at survey sites. 

Grassland land-use 
1st generation 

(n=68) 
% of 
sites 

2nd generation 
(n=152) 

% of 
sites 

Cereal cropping and/or 
combination with Hay 

10 14.7 38 25.3 

Grazing, previously cropped 13 19.7 93 60.9 

Grazing 34 50.3 8 5.4 

Other including hay, lucerne, 
fallow, road reserve and native 
grassland 

10 14.7 13 8.3 

 

Remote sensing vegetation indices 

MODIS vegetation indices (GPP, FPAR and NDVI, Collection 5) for south-eastern 

Australia (tile h29v12v12) from December 2010 to April 2011were obtained from 

NASA’s Warehouse Inventory Search Tool (WIST) (https://wist.echo.nasa.gov/api/). 

The spatial resolution was 1 km2 with a temporal scale of GPP and FPAR at 8-day and 

NDVI at 16-day composite images. All vegetation index layers were filtered to 

comprise only cloud-free, ideal quality data by using binary MODIS quality flags (only 

00000000, 8-bit binary value for GPP, FPAR or NDVI Quality Assurance Variable). 

Bayesian hierarchical analysis of abundance data 

I developed linear regression models to predict mean adult Australian plague locust 

abundance ( ) at a site s, location l, with land-use j on an 8-day MODIS acquisition 

date k using the vegetation indices as explanatory variables. Each vegetation index 

(FPAR or GPP or NDVI) was included in a quadratic model, which is comprised of two 

terms; one linear (e.g. x) and one non-linear (e.g. x2), with a random effects of day, site, 

location and land-use, a y intercept (γ), and a random error (ε) component (see 

equations below). I utilised my transect count data of locust abundance at site, location, 

day and land-use (Csjlk) which fitted a Poisson distribution. Because of the different 

scales of the vegetation indices, the indices were standardised with z-scores (as per 

Chapter 4) so that they could be compared. 
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( ), , , , , ,~Poissons l j k s l j kC λ  

 ( ), , , , , , , , , , , ,ln s l j k s l j k s l j k s l j kreλ γ δ ε= + + +  (6) 

where  

 
2

, , , 1 , , , 2 , , ,s l j k s l j k s l j kVI VIδ β β= +  (7) 

is the quadratic effect of vegetation indices at site s, location l with landuse j, at day k, 

and where 1β  and 2β  are the coefficients of the vegetation indices explanatory 

variables. 

There are random effects; ss of site s, ll of location l, uj of land-use j, dk of day k;  

 , , ,s l j k s l j kre s l u d= + + +  (8) 

and a random error term εsljk. 

In addition, to assess the importance of individual factors, models were run for each 

generation and with progressive omission of the random effect explanatory variables 

(day, land-use, site and location). 

In the absence of prior information about the parameters estimates, uninformative 

Bayesian prior distributions in the model included; 

• Vague normal prior distributions (mean = 0, standard deviation = 1000) for the 

regression parameters β1	and	β2. 
• The random effects of site, location, day and land-use are normally distributed 

with means of zero and standard deviations that were estimated from the data. 

• Vague uniform distribution priors (0, 100) for the standard deviations of the site, 

location, day and land-use random effects. 

• The random error is drawn from a normal distribution, with a standard deviation 

that is estimated from the data. 
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Bayesian hierarchical models were developed using the OpenBUGS 3.2.1 program. For 

each model, three Monte Carlo Markov Chains (MCMC) were run simultaneously with 

a burn-in of 10,000 iterations to overcome initialisation effects and a further 25,000 

iterations for analysis. All models were then visually checked for convergence (Brooks 

and Gelman 1998). 

Results 

The modelling revealed three principal findings. Firstly, locust abundance was not 

strongly correlated with any of the MODIS vegetation indices that were used as a 

surrogate for greenness. Secondly, the most important explanatory variables for 

Australian plague locust abundance were site and location, which indicate two scales of 

spatial autocorrelation or clustering for locust abundance. The least important variables 

in determining abundance were any of the vegetation indices and land-use. Thirdly, the 

non-vegetation explanatory variables generally had a stronger relationship with 

abundance of the second locust generation than with the first. These are discussed in 

more detail in the following sections. 

Relationship between Australian plague locust abundance and vegetation indices 

The model indicated locust abundance was not strongly related to any measure of 

greenness as determined by the vegetation indices (Figure 42 and Table 11), as no 

indication was found for increased locust abundance at sites with higher FPAR, GPP or 

NDVI values. This suggests a number of possibilities; 

• locusts were not gravitating towards greener areas, 

• the MODIS spatial and spectral resolution is insufficient to determine 

preference, or 

• MODIS vegetation indices do not measure “greenness” the way locusts do; or 

finally that locusts are randomly distributed. 
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Table 11. Estimates of the mean values of the Bayesian posterior distribution, with 95% credible intervals in parentheses. Credible interval ranges in 
bold, include 0 (zero) indicating no significant predictive power. 

Coefficients 
and 
explanatory 
variables 

FPAR – 1st generation 
FPAR – 2nd 
generation 

GPP – 1st generation GPP – 2nd generation NDVI – 1st generation NDVI– 2nd generation 

γ intercept 
1.22 

[0.31, 2.8] 
0.83 

[0.30, 1.47] 
1.49 

[0.12, 2.50] 
0.78 

[0.004, 1.60] 
1.51 

[0.72, 2.31] 
1.55 

[0.39, 2.91] 

β1 VI 
-0.29 

[-0.48, -0.12] 
0.024 

[-0.13, 0.17] 
-0.18 

[-0.41, 0.037] 
-0.046 

[-0.21, 0.15] 
-0.36 

[-0.54, -0.17] 
-0.08 

[-0.29, 0.12] 

β2 VI2 
0.17 

[0.069, 0.27] 
0.020 

[-0.04, 0.09] 
0.011 

[-0.08, 0.10] 
0.073 

[0.0028, 0.14] 
0.019 

[-0.074, 0.11] 
0.048 

[-0.051, 0.15] 

random error 
(ε) 

0.72 
[0.67, 0.78] 

0.57 
[0.53, 0.62] 

0.74 
[0.68, 0.80] 

0.57 
[0.53, 0.61] 

0.73 
[0.67, 0.79] 

0.57 
[0.53, 0.62] 

Day 
0.80 

[0.30, 2.2] 
1.58 

[0.96, 2.68] 
0.76 

[0.28, 2.04] 
1.64 

[0.97, 2.83] 
0.601 

[0.244, 1.47] 
1.60 

[0.97, 2.73] 

Location 
0.70 

[0.55, 0.89] 
1.02 

[0.88, 1.19] 
0.66 

[0.52, 0.84] 
1.04 

[0.89, 1.22] 
0.68 

[0.53, 0.87] 
1.03 

[0.88, 1.20] 

Land-use 
0.20 

[0.007, 0.72] 
1.29 

[0.46, 3.0] 
0.20 

[0.008, 0.74] 
0.92 

[0.27, 2.18] 
0.19 

[0.0072, 0.67] 
0.98 

[0.14, 2.61] 

Site 
0.98 

[0.55, 1.67] 
1.4 

[0.95, 2.05] 
1.0 

[0.54, 1.78] 
1.40 

[0.95, 2.07] 
0.95 

[0.55, 1.65] 
1.41 

[0.97, 2.08] 
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Observed vs modelled Australian plague locust abundance 

The model (with random error excluded) that accounted for the most variance in the 

data was one that included the vegetation indices and all the random effects; it 

accounted for between 54 and 77% of the variation (Table 12). As explanatory variables 

were progressively omitted from the models, the correlation between the observed 

locust abundance and the predicted abundance, decreased. The explanatory variables 

that were the most important were site and location, then day, with the least important 

being any of the vegetation indices and land-use. 

The explanatory variables, site, land-use, location and day were all less important in the 

1st generation than in the 2nd generation models. However, for the 2nd generation models, 

day and land-use explanatory variables had larger 95% credible intervals. 

In all cases, the vegetation indices explanatory variables by themselves account for little 

of the variation in abundance (Table 12) and, if anything, the fitted relationships tend to 

be negative rather than positive (Figure 42, 43, 44 and 45). As an example, 1st 

generation locust abundance seems to be negatively related to both GPP and NDVI 

(Figure 43). 
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Table 12.Pearson product-moment correlation, (adjusted r2 values) comparing predicted and 
observed locust abundance.  (VI = vegetation indices and Ɛ = random effect) 

Model 
Included 
variables 

Omitted 
variables 

FPAR 
1st Gen 

FPAR 
2nd 

Gen 

GPP 
1st Gen 

GPP 
2nd 

Gen 

NDVI 
1st Gen 

NDVI 
2nd 

Gen 
1 VI, Day, Site, 

Location, Land-
use, and Ɛ 

None 0.943 0.959 0.944 0.958 0.943 0.959 

2 VI, Day, Site, 
Location and 
Land-use 

Ɛ 0.551 0.771 0.541 0.772 0.547 0.771 

3 VI, Site, 
Location and 
Land-use 

Day and Ɛ 0.452 0.241 0.451 0.244 0.479 0.244 

4 VI, Day, 
Location and 
Land-use 

Site and Ɛ 0.362 0.310 0.335 0.314 0.328 0.297 

5 VI, Day, 
 Site and Land-
use, 

Location and 
Ɛ 

0.294 0.408 0.307 0.396 0.297 0.401 

6 VI, Day, Site and 
Location 

Land-use 
and Ɛ 

0.551 0.726 0.540 0.747 0.546 0.746 

7 

VI and Day 

Site, 
Location, 
Land-use 
and Ɛ 

0.079 0.070 0.070 0.074 0.065 0.072 

8 

VI and Site 

Day, 
Location, 
Land-use 
and Ɛ 

0.204 0.062 0.228 0.061 0.237 0.065 

9 
VI and Location 

Day, Site, 
Land-use 
and Ɛ 

0.287 0.243 0.287 0.267 0.291 0.263 

10 
VI and Land-use 

Day, Site, 
Location and 
Ɛ 

0.023 0.060 0.040 0.008 0.037 0.006 

11 

VI only 

Day, Site, 
Location, 
Land-use 
and Ɛ 

0.017 0.001 0.027 0.000 0.029 0.000 

12 Day, Site, 
Location and 
Land-use 

VI and Ɛ 0.498 0.77 0.527 0.766 0.465 0.766 
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Figure 43. Scattergrams comparing models of predicted and observed abundance of APL versus 
vegetation indices. Black cross (x) observed abundance, coloured (red, green or blue) triangles 
() modelled abundance including parameters of VI, location, site, day and land-use, solid 
darker coloured line (─) only VI. First generation on left, second on the right.  
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First generation 

 

Second generation 

 

Figure 44. Pearson product-moment coefficients (adjusted r2 values) for the different models (as 
per Table 9) for each generation of locusts (VI = vegetation indices and E = random error)  
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Model 
Parameters 

included 

FPAR 
1st Generation 

GPP 
1st Generation 

NDVI 
1st Generation 

VI. Day, Site, 
Location and 
land-use. 
(omitted – 
random error) 
(Model 2 
from  
Table 9) 

 
r2=0.55 r2=0.541 r2=0.547 

Only VI 
 
(Model 11 
from 
 Table 9) 

 
r2=0.017 

 
r2=0.027 

 
r2=0.029 
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NO VI  
(omitted) only 
variates: Day, 
Site, Location 
and land-use 
 
(Model 12 
from  
Table 9) 

 
r2=0.498 r2=0.527 r2=0.465 

 FPAR 
2nd Generation 

GPP 
2nd Generation 

NDVI 
2nd Generation 

VI, Day, Site, 
Location and 
land-use 
(omitted – 
random error) 
(Model 2 
from  
Table 9) 

 
r2=0.771 

 
r2=0.772 r2=0.771 
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Only VI 
 
 
(Model 11 
from  
Table 9) 

 
r2=0.001 r2=0.000 r2=0.000 

NO VI 
(omitted) only 
variates: Day, 
Site, Location 
and land-use. 
(Model 12 
from  
Table 9) 

r2=0.77 r2=0.766 r2=0.766 

Figure 45. Scattergrams and linear relationship of observed vs predicted adult locust abundance (natural log transformed), comparing models with 
different explanatory variables and vegetation indices and Pearson product-moment coefficients (adjusted r2 values). Summary of only 6 of the 12 
models. Red line is fitted linear regression, blue lines show the 95% confidence intervals. 
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Comparing GPP and FPAR of study area 10-year average with 2010-2011. 

Both GPP and FPAR for the December to April period during 2010-2011 were 

considerably higher than in the previous 10 years (2000-2009) (Figure 46). 

a) FPAR 10year average and 2010-2011

 

b) GPP 10year average and 2010-2011 

 

Figure 46. Mean 8-day FPAR (a) and GPP (b) values of the study area. 10 year (2000 -2009) 
average and 2010-2011 year for the period December to April. Standard errors of the means are 
all less than 0.6 and are not shown. 
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Discussion 

Contrary to my expectations, locusts were not more abundant at greener sites as 

determined by MODIS vegetation indices. The most important variables for Australian 

plague locust abundance were site and location, indicating two scales of spatial 

autocorrelation or clustering. The least important variables in determining abundance 

were any of the vegetation indices and land-use. This suggests that factors separate from 

greenness, as determined by the one-kilometer scale vegetation indices, were more 

likely to be responsible for levels of adult locust abundance at any particular site. 

Possible confounding factors are the spatial and temporal resolution of the satellite data, 

and the unusually wet summer contributing to much higher levels of greenness found 

throughout the study area. 

Anecdotal evidence and foraging theory suggest the abundance of adult Australian 

plague locust would be similar to that of Figure 39 with higher densities in greener 

grasslands. Some increased abundance (but not to the extent that occurs in the feeding 

areas) in barer non-sandy areas for egg-laying would also be expected. Nonetheless, 

there appears to be no relationship between this expected abundance as shown in Figure 

39 and the actual counts of Australian plague locust (black crosses in Figure 43). 

Bayesian hierarchical modelling including the explanatory variables of vegetation 

indices, site, location, day, and the land-use (as shown by the coloured triangles in 

Figure 43) accounted for between 54% and 77% of the variation, depending upon which 

generation and vegetation indices were used. If the model included random error then 

the model accounted for 94-96% of the variation. With the random error accounting for 

approximately 20% of the variation between the predicted and observed locust density, 

this may imply that the distribution of locusts is random or related to factors not 

accounted for in the models. The most noticeable aspect of Figure 43 is that it illustrates 

the difference between the full model (with random error), which appears to correlate to 

the observed data, and the lack of a relationship between the observed abundance and 

the model which only has the quadratic effect of the vegetation indices (the solid darker 

coloured line). 

The linear regressions and Pearson’s correlation coefficients (adjusted r2) of the natural 

log transformed data (Figure 44, 45 and Table 12) also emphasise how little importance 
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any of the vegetation indices were in determining abundance of Australian plague 

locust. Not only were the correlation coefficient values close to zero for the vegetation-

indices-only model, but the vegetation index coefficients (β1 and β2) had relatively large 

95% credible intervals (Table 11) and in the majority of cases crossed over the zero line 

indicating a level of uncertainty in direction of effect (positive or negative). In contrast, 

the mean values and 95% credible intervals of the posterior distribution for the other 

explanatory variables were all positive.  

Nearly all ecological and behavioural data are both spatially and temporally 

autocorrelated and studies on grasshoppers and locusts are no different (Legendre et al. 

1993; Rong et al. 2006; Cheke and Tratalos 2007; Boyce et al. 2010; Badenhausser et 

al. 2012; Veran et al. 2015). However, autocorrelated observations will also reveal 

animal behavior patterns, spatial structure of population and information about 

ecological process that would not be apparent if the observations were truly independent 

(Palma et al. 1999; Badenhausser et al. 2012; Plant 2012). In this study, Location and 

site were found to be the most important of the random effect explanatory variables, 

indicating a degree of spatial clustering and autocorrelation. Australian plague locust 

abundance appears to be linked to initial arrival numbers from their original overnight 

long distance migration. Sites within a location had consistent densities over time and 

locations. For example, the area near Numurkah in north central Victoria always had 

higher densities than other locations irrespective of the greenness of sites. A mixed 

model containing both fixed (spatial and/or temporal) and random effects could account 

for the temporal and spatial autocorrelation (Burnham and Anderson 2002; Zurr et al. 

2009). This approach will be used to analyse a more comprehensive locust database in 

the next chapter. 

Very little is known about how (during their nocturnal migration) locusts determine 

when to land (Farrow 1990). However, they are very rarely found in unsuitable habitats 

after their night flights (Clark 1969, 1971). It is unknown if they have the ability to 

select suitable habitat during the night or, if they do land at night in an unsuitable site, 

then they make short flights to locate a more suitable site. 

Because anecdotal evidence suggest that types of grasslands and lucerne were at greater 

risk from locusts feeding (Ted Deveson, pers. comm.15 June 2009), specific grassland 
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land-uses were expected to be related to Australian plague locust abundance. However, 

grassland land-use classified into the four types in this study (Table 10) was found to be 

one of the least important predictors of Australian plague locust abundance. This could 

mean that; there is no relationship between grassland land-use and locust abundance, 

that grassland categories were too broad to allow for any distinction in the models, or 

that there were insufficient number of sites (too small a sample size). 

While it appears that increases in the values of FPAR, GPP or NDVI do not correlate 

with the increasing abundance of adult Australian plague locust, several factors may 

explain this effect. Firstly, the sites sampled may not be an accurate representation of 

the levels of greenness in the study area. Although 235 sites from the maximum 

possible 20,654 (1.14%) were sampled, the sites sampled represented the same 

proportion and range of GPP as the whole study area (Figure 46). Having more sites 

with higher GPP (greater than 500 gC/m2/day) would have been preferable, but this 

would have meant an over representation of these values in comparison to the whole 

study area. Grasslands (grasses and cereal crops) generally have moderately low GPP 

values — mean daily global grassland GPP is 392 gC/m2/day with a standard deviation 

of 262 (Zhao 2011) - indicating that values in excess of 500 are higher than normal and 

likely to be strongly green. The 2000-2009, 10 year average December to April GPP for 

the study area is 105 gC/m2/day (standard deviation of 56), while for the study period 

December 2010 to April 2011 GPP averaged at 186 gC/m2/day (standard deviation of 

79) (Figure 46). 

A ratio-based index such as NDVI is inherently non-linear and NDVI also exhibits 

symptotic (saturated) signals. Thus, NDVI asymptotically approaches a saturation level 

when biomass is abundant. The saturation effect occurs typically in multilayer 

vegetation such as forests or densely vegetated areas, (Huete 1988, Gobron et al.1997, 

Pettorelli 2013). It is unlikely that NDVI saturation is an issue in grasslands at my study 

sites, which have generally low biomass and low GPP.  

The Bureau of Meteorology states that the summer of 2010-2011 was the wettest in 

Victoria since records began (Bureau of Meteorology 2012), with most of the rain 

recorded in the second half of the year (Campbell 2011). Moreover, not only were the 

2010-11 rainfall values nearly double those of the 10-year average but both GPP and 
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FPAR values actually increased as the summer progressed, an unusual effect and in 

contrast to the 10 year average where FPAR was level and GPP generally declined. 

Rainfall was very much above average and unusually increased throughout summer into 

autumn. Heavy rains and flooding across the northern section of the study area and in 

central and north-west Victoria did not appear to affect the locust populations (G. Berg, 

pers. comm. 6 June 2011). However, egg-laying may have been constrained in areas that 

were flood-affected during this time. Sites in flooded areas were hence excluded from 

this data analysis. 

This leads to the second potential factor involving high levels of greenness and a 

potential host selection threshold by Australian plague locust. Although there is no 

published literature on locusts having a maximum greenness threshold level, with so 

much green foliage available it is possible that at a local level there is sufficient green 

forage almost everywhere. If this were the case then where GPP is above this unknown 

threshold value, there would be no relationship between abundance and greenness. 

Unfortunately, the locust survey data collected in this study are not suitable for testing 

this concept. 

A related third factor is the physiological and behavioural response of locusts and 

grasshoppers to a surfeit of green forage. Roessingh et al. (1985) and others (Halima et 

al. 1983; Lewis and Bernays 1985; Chapman 1990) found laboratory locust and 

grasshopper nymphs fed only on fresh green forage and, when offered a choice of fresh 

or dry food, preferred drier leaves. Thus hydrated nymphs preferred dry leaves, while 

dehydrated insects chose wetter foliage. However, there are no field examples or trials 

of this occurring or of adults behaving similarly to nymphs. Although it is likely that 

this could occur in the field in Australia, it is more likely that dehydrated Australian 

plague locust adults would preferentially seek out forage with higher water content. 

A fourth factor is that the spatial resolution and scale of MODIS data (1 km2) may be 

too coarse to discriminate the selection effect of the locusts which may be selecting 

forage at a much finer scale. Conversely, it is known that at a larger landscape scale, 

structures such as linear corridors, adjacent large areas of native vegetation and field 

boundaries affect movement of highly dispersive insects (Hunter 2002; Wratten et al. 

2003; Haynes et al. 2007; Fabre et al. 2010; de la Peña et al. 2011). Australian plague 
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locusts have good eyesight , not only orientating themselves to face potential threats on 

the ground (Rentz et al. 2003) but when flying they can avoid large obstacles, trees, and 

pick gaps in shelter belts to fly through (Ted Deveson, pers. comm. 15 June 2009). Both 

these large and finer scale effects are not detectable by the spatial resolution of the 

remote sensing data, but may be important in affecting daily movement of Australian 

plague locust and hence local abundance. 

A fifth factor possibly affecting locust behaviour and abundance is the suitability of 

Victoria’s climate for Australian plague locust. Although Victoria has episodic 

incursions of locust plagues, on average one every decade, Australian plague locusts do 

not establish permanently in the state. Most plagues dissipate within one to two years, 

indicating that Victoria is periodically unsuitable for Australian plague locust. As 

Victoria’s 2010-2011 summer was the wettest on record and daytime temperature was 

below average, this may have affected Australian plague locust daytime dispersal. 

Lambert (1972) found that daytime milling flights do not occur at temperatures below 

19oC. Victoria’s lower-than-average daytime temperatures may have affected Australian 

plague locust’s ability to disperse, although most of central Victoria’s average daily 

temperatures during summer of 2010-2011 were in excess of 19oC (26 out of 28 

meteorological stations within and adjacent to the survey area had average daily 

summer temperatures in excess of 19o C). (Bureau of Meteorology, Summary statistics 

for February 2010, viewed October 2011, <http://www 

.bom.gov.au/climate/current/month/vic/archive/201002.summary.shtml #summary>). 

Finally, the relatively high variance accounted for by the random error in the model 

with all the random effects and random error may indicate that adult locusts are just 

randomly distributed through the landscape.  

Summary 

Anecdotal evidence and foraging theory suggests that adult Australian plague locust 

abundance would be higher in greener grassland and with some increased abundance in 

barer non-sandy areas where egg-laying was occurring. However the results from this 

study provided no evidence that adult locust abundance was correlated with any of the 
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three ‘greenness’ MODIS vegetation indices. The most important factors were site and 

location, indicating a spatial clustering effect most likely due to the initial overnight 

migration.  

A number of factors may have affected the poor correlation between greenness and 

Australian plague locust abundance. These are summarised below: 

• There is no relationship between MODIS vegetation indices and locust densities. 

• The spatial temporal resolution of the MODIS remote sensing data maybe too 

coarse. 

• Locusts are not attracted to greener grasslands. 

• Locusts are randomly distributed throughout the landscape. 

• A potential maximum greenness threshold of Australian plague locust. 

• Hydrated locusts may preferentially seek out drier forage. 

• Victoria’s unusually wet and slightly colder summer which contributed to much 

higher levels of greenness found throughout the study area. 

One important consideration not listed above, as to why MODIS vegetation indices did 

not show a relationship to adult locusts in this Victorian study, is that Victoria is an 

expansion of the species’ range beyond its traditional breeding zones (which are 

primarily in Queensland and New South Wales). Uvarov (1936, 1966, 1977) 

recommended studying locust behaviour and ecology not during the outbreaks but when 

locusts clearly exhibit their ecological preferences in their home range. Some of these 

factors including the spatial scale of the vegetation indices and the clustering of sites 

with higher abundance of locusts can be examined in more detail by investigating the 

Australian plague locust’s presence and abundance in its central range and over a larger 

time scale. Such research is detailed in the following chapter.  
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Chapter 6 -  
A spatial scale analysis of  the Australian Plague 
Locust Commission’s 2000-2009 survey data. 
 

There is always a well-known solution to every human problem  

– neat, plausible, and wrong. 

(H.L. Menken, 1917) 
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Introduction  

Any pest management strategy must incorporate the biology of the pest and its 

interaction with its host. Predictive models incorporate this knowledge to forecast 

potential pest outbreaks. However, spatial and temporal predictions of such models 

must be accurate if they are to be useful to managers (Burgman 2005; Burgman et al. 

2005). Because of major impacts of locust species in Africa, Asia and Australia, many 

organisations have developed and implemented models to help manage these pests 

(Tappan et al. 1991; Krall et al. 1996; Tilch and Hanrahan 2000; Deveson and Hunter 

2002; Hunter and Deveson 2002; Dutta et al. 2003; Despland et al. 2004; Ceccato et al. 

2006; Latchininsky and Sivanpillai 2010; Cressman 2013; Latchininsky 2013). 

Many locust managers utilise climate data and remote sensing images to monitor or 

model the growth of vegetation in the locusts’ home range (Hunter et al. 2001; Sword et 

al. 2010; Deveson 2013; Veran et al. 2015). Rainfall events and suitable temperatures 

provide conditions for the growth of locusts’ food plants, leading to a rapid increase in a 

locust population (Rainey 1989; Krall et al. 1996). The extent of this resource 

abundance then determines whether solitary populations of locusts become aggregated 

and transition into the migratory gregarious phase (Babah and Sword 2004; Despland et 

al. 2004; Veran et al. 2015). Locust plagues thus derive from several consecutive 

generations of successful breeding and population growth (Veran et al. 2015). Although 

these models indicate the likelihood of a locust outbreak occurring, the predicted 

location of locust swarms (or other pests) have been either lacking or unsuccessful 

(Drake and Gatehouse 1995; Bullock et al. 2002; Clobert et al. 2012).  

The previous chapter (Chapter 5) showed that in central and northern Victoria in 2011, 

adult locusts clustered at two localised scales (site and location). This indicates that 

there could be factors at a scale larger than at the local level that influence the presence 

and abundance of locusts. To further examine how average values of vegetation indices 

at larger scales affect clustering/abundance of the Australian plague locust, we need 

locust presence/abundance records from over a larger area (i.e. multiple states), and 

over multiple years, rather than the single year available for the Victoria incursion 

(Chapter 5). The Australian Plague Locust Commission’s (APLC) survey data, with 
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presence, abundance and absence records across eastern Australia since the mid-1970s, 

is ideal for this purpose.  

As discussed in Chapter 3, the Australian Plague Locust Commission is responsible for 

coordinating and managing Australian plague locusts across eastern Australia (Qld, 

NSW, and parts of SA and Vic). The Australian Plague Locust Commission’s strategy 

of plague prevention is based on locating areas where rain has fallen, then monitor the 

locust populations in those areas and controlling the densest populations (at the 

nymphal stage) when necessary (Tucker et al. 1985). The Australian Plague Locust 

Commission produces monthly regional forecasts for the current and subsequent 

generations of locusts based upon the current locust population dynamics and 

distribution, recent rainfall and environmental conditions, expected seasonal rainfall and 

long-term meteorological indices. These forecasts are derived from a GIS decision 

support system for managing locust forecasting and operations (Deveson 2001; 

Deveson and Hunter 2002). The monitoring and survey information are entered into a 

locust growth model, and current environmental and climatic factors from the Bureau of 

Meteorology are added automatically (Deveson 2001). Since 1998, satellite vegetation 

indices have routinely been used in the decision support system to assist with the 

Australian Plague Locust Commission forecasts (Deveson 2013). As locust outbreaks 

can originate anywhere in the arid to semi-arid inland areas of eastern Australia (Hunter 

and Deveson 2002), these models indicate when and where locust nymphs may be 

present (Deveson 2001).  

Satellite imagery cannot detect individuals or small populations of insects, but can 

monitor environmental factors that may affect insect populations, and sometimes can 

detect the impact of insects on host plants (Riley 1989; Hay et al. 1997; Reynolds and 

Riley 2002; Coops et al. 2009). Primarily, the normalised difference vegetation index 

(NDVI) and associated enhanced vegetation index (EVI) that measure the level of 

‘greenness’ or photosynthetic activity, are used to predict locust outbreaks (as 

summarised in Chapter 3). However, these models only predict growth of locust 

populations in a particular area and not to where the adult locusts will disperse. 

The previous chapter showed that for the Victorian 2008-2009 incursion, locusts were 

clustered at two localised spatial scales (site and location). The scale at which studies 
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are conducted is a fundamental issue in ecology (Wiens 1989; Levin 1992). Thus, it is 

important that the relationship between the vegetation indices and locust abundance be 

examined at different spatial scales. (Liebhold and Gurevitch 2002; Legendre et al. 

2002; Borcard et al. 2004; Legendre et al. 2004; Razgour et al. 2014).  

Many Australian and international studies have shown various scale effects on a variety 

of grasshoppers and locusts. For example, desert locust gregarizations are affected by 

very small scale vegetation architecture and distribution (Collett et al. 1998) and high 

resource clumping (Despland et al. 2000). In Africa, populations densities of adult 

desert locusts were spatially correlated over ranges from 5 to 24 km (Woldewahid et al. 

2004), while Kemp et al. (1989) showed that for rangeland grasshoppers in three 

regions of Montana, USA, there was a strong spatial relationship of grasshopper survey 

counts separated by distances of 43-112 km. For the Australian plague locust, small 

scale vegetation patterns affect aggregation (Despland et al. 2004); regions of 25 km by 

25 km with increasing NDVI are more associated with higher catches of adults at light 

traps (Steinbauer 2011) and Steve Simpson and Michael Watts (pers. comm. 29 

September 2011) found that the spatial scale of autocorrelation varied with the level of 

adult and nymphal abundance across the sampling area from small scales (40-50 km) to 

large scales (300-400 km). All of above research has implications in terms of effective 

locust management as local and large landscape factors contribute to the presence and 

abundance of adults and nymphs of Australian plague locust. For example, Woldewahid 

et al. (2004) found that surveys need to be conducted less than 24 km between sample 

points to avoid missing local aggregations of desert locusts. In addition, Collett et al. 

(1998) noted that differences in resource distribution have a significant effect on locust 

patterns. Thus if monitoring or surveying at only one particular scale, local populations 

of locusts may not be detected. 

Pest managers need a process for predicting locust densities with reasonable spatial and 

temporal accuracy. Accurate predictions would enable pest managers to target high-

density aggregations for control, which would reduce control costs (in both labour and 

pesticide) and production losses. 
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Summary 

This chapter builds on the work and knowledge from the previous chapter and addresses 

some of the questions it raised. The expectation is still that increased locust abundance 

should be linked to increased greenness as determined by MODIS vegetation indices 

(Figure 39). As the previous chapter showed that locusts were clustered at two spatial 

scales (site and location), I will examine correlates of distribution further with the more 

extensive (spatial and temporal) Australian Plague Locust Commission’s database. As 

identified in this chapter’s introduction, many Australian and international studies have 

shown various scale effects on a variety of grasshoppers and locusts. With this larger set 

of data, I will assess how the vegetation indices, averaged over scales of one, ten and 

fifty kilometers, correlate with adult locust occurrence and abundance. In addition, this 

chapter addresses Uvarov’s recommendations of studying locust behavior within their 

home and breeding range (Queensland and New South Wales). 

Aims of the research  

With the Australian Plague Locust Commission’s large data set available, the aim of 

this chapter is to investigate correlations between vegetation indices at different spatial 

scales and the presence and abundance of locusts and to determine the spatial and 

temporal accuracy of any predictions. This chapter will further develop the concepts 

from Chapter 5 and focus on the average vegetation indices at 1 km2 (1 km x 1 km), 100 

km2 (10 km x 10 km) and 2500 km2 (50 km x 50 km) scales and their relationship to 

adult Australian plague locust presence and abundance. 

I aim to address the following questions;  

1) How well can MODIS vegetation indices predict the presence and abundance 

of Australian plague locust? 

2) What impact do each of the average vegetation indices at the spatial scales (1 

km2, 100 km2 and 2500 km2) have on the prediction? 

3) To what extent and accuracy can spatial and temporal variation in Australian 

plague locust abundance be predicted?  
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Methods 

Australian plague locust survey data. 

Australian plague locust adult presence/absence and abundance survey data were 

obtained from the Australian Plague Locust Commission for the years 2000-2009 

inclusive. According to seasons and habitat conditions, Australian Plague Locust 

Commission officers monitor locust populations by conducting regular (weekly) ground 

surveys. These surveys are generally vehicle based with regular stops every 5, 10 or 20 

km, to carry out 250m foot transects (Wright 1988) (Figure 47). The species, life stage 

and the density of locusts are recorded along with the type and condition of vegetation. 

The data are recorded using a GPS connected palmtop computer, and then transferred to 

the Australian Plague Locust Commission’s server at Canberra. The density of plague 

locusts is recorded on a nine-ordinal scale (0-8) based on a qualitative description 

(Table 13). However, this scale is sometimes confusing in the midranges (T. Deveson 

and G. Berg, pers. comm. 6 June 2011). This nine-level ordinal scale was converted to a 

condensed four-level score for this analysis (Absent 0; low 1; medium 2; swarms 3) 

(Table 13).  

 

Figure 47. Distribution and location of the Australian Plague Locust Commission’s 2000-2009 
survey points. Blue dots are sites where adult Australian plague locusts were absent, and orange 
dots are sites where they were present. 
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Table 13. Australian Plague Locust Commission’s density scale and converted abundance scale 
that was used in my analysis. 

APLC 
Ordinal 
Scale 

Australian Plague Locust Commission’s qualitative 
description of population density 

Converted 
abundance 

value 

0 – NP Absent/Not present 0 

1 – ISO Isolated 
1 2 – SCA Scattered 

3 – NL Not Low 

4 – NH Not High 
2 

5 – CON Concentrated 

6 – LDS 
Low density swarm  
(4-10 locusts per m2 flying in the same direction) 

3 7 – MDS 
Medium density swarm  
(11-50 locusts per m2 flying in the same direction) 

8 - HDS 
High density swarm  
(more than 50 locusts per m2 flying in the same direction) 

In chapter 5, I found that the posterior means of the random effects of site, location and 

day were different for the first and second generations of locusts. For the Australian 

Plague Locust Commission’s data set, I need to ensure that any random or fixed effects 

on the generations are incorporated into the model. Locusts in NSW, South Australia 

and Victoria have two generations per year, with the late spring and early summer 

adults potentially overlapping (Figure 48). North of 32oS, three generations of locusts 

can occur per year (Deveson 2013). The lack of adult records at the end of December is 

most likely a sampling bias due to no or very few surveys being undertaken during the 

Christmas to New Year period rather than a natural break between generations (T. 

Deveson, pers. comm. 6 June 2011). 

Because of this uncertainty in the date range of each generation, adult locusts found 

prior to the end of December were allocated to the 1stgeneration, while those found after 

the beginning of February to the second generation. Because the generation to which 

adult locusts belong is uncertain when found in January, all survey records in January 

were excluded from the analysis.  
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Figure 48. Histogram showing frequency of adult Australian plague locusts detected on a 
decade (2000-2009) of APLC surveys versus calendar date (July‒June). The assumed span of 
the two generations and potential overlap of generations during January are indicated. 

 

However, the presence of adult locusts at a particular survey point (and date) does not 

mean that the record is useful for this study. Adult locusts could have originated from 

either nymphs at or near to that site or from another location and dispersed (by flight) to 

that site. The presence of nymphs as well as adults potentially indicates that the adults 

developed at that site. As this study is examining the selection of sites by adult locusts, 

records must be excluded from the analysis when adults could have arisen from nymphs 

at that site. Data was excluded from the analysis if both nymphs and adults were present 

at a site at the same time. Only when adults were present at a site and nymphs were 

absent, did I include it as adult presence/abundance data for the models. Similarly, only 

when neither locust nymphs or adults were present at a site was it counted as absence 

data (Figure 49).  

 

                              Potential 
  1st generation       overlap      2nd generation  
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Figure 49. Histogram showing frequency of locust presence records from a decade of APLC 
survey records (2000-2009). Black bars indicate presence of locust nymphs and/or adults, red 
bars only adult locusts present. 

The Australian Plague Locust Commission’s 2000-2009 data set comprised 68,864 

survey records. After filtering to include only the above-mentioned adult presence and 

absence data, cloud-free satellite images and land-uses suitable for locusts (grasses, 

cereal crops and shrubs), a total of 36,535 records were available for analysis. Sample 

sizes for each of the vegetation indices broken down by land-use, generation and 

Australian plague locust density class are shown in Figure 50 and Table 1 in Appendix 

A. Because of the different temporal resolutions of the FPAR, GPP and the NDVI 

products, the number of survey records differs for each of the vegetation indices. 

To determine if the vegetation indices were useful in predicting adult locust abundance, 

I initially analysed the full 10-year (2000-2009) adult locust presence/abundance data. 

Then to determine the accuracy of spatial-temporal predictions, I used 9 years of the 

data as a training data set to test against a single year of survey data. As it makes sense 

to know how well the predictions work for a year when outbreaks occur, the 2008-2009 

survey data was selected as the test data.  
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For the training 2000-2008 data set, depending upon which vegetation index was 

analysed, the sample size for the first generation ranged from 6,240 to 10,725 and for 

the second generation, ranged from 6,878 to13,095 (Figure 50 and Table 1 Appendix 

A). 

 

Figure 50. Histogram showing number of APLC survey records for each of the vegetation 
indices, generations, land-uses and locust densities. Converted APLC abundance scores are 
shown as locust density values as per Table 13. Values are also provided in Table 1, Appendix 
A.  

 

Remote sensing vegetation indices 

MODIS vegetation indices (GPP, FPAR and NDVI from MODIS Land Products 

MOD17A2, MOD15A2 and MOD13A1, respectively) for eastern Australia (tiles 

h29v12v12, h30v12 and h30v11) for the years 2000-2009 were obtained from NASA’s 

Earth Observing Systems Clearing House REVERB website 

(http://reverb.echo.nasa.gov/reverb). The spatial resolution was 1 km2 and the temporal 

resolution for GPP and FPAR was eight days and 16 days for NDVI. All vegetation 

index layers were filtered by land-use to only comprise shrubs, grasses and cereal crops, 

and binary MODIS quality flags were used to select only cloud-free data of ideal quality 

(only 00000000, 8-bit binary values for GPP, FPAR or NDVI Quality Assurance 
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Variable – User’s Guide GPP and NPP (MOD17A2/A3) Products NASA MODIS Land 

Algorithm, Available from: <www.ntsg.umt.edu/modis/MOD17 UsersGuide.pdf>). 

For each valid APLC presence/abundance/absence point, I extracted the values of 

vegetation indices for the 1-km pixel that contained the survey point, and also averaged 

the values of each vegetation index for that land-use in the 10 km by 10 km (100 km2) 

and 50 km by 50 km (2500 km2) cells around each survey site 

Bayesian hierarchical analysis of abundance data 

I developed linear regression models to predict mean adult Australian plague locust 

abundance ( ) at a location l (location will also define land-use category for that site) 

on a MODIS 8-day image acquisition date k using the vegetation indices as explanatory 

variables. (The average for each vegetation index at the three scales of 1 km2, 100 km2 

and 2500 km2). Each vegetation index (FPAR, GPP or NDVI) was included as both 

linear and quadratic terms to check for non-linear relationships, with fixed effects of 

land-use and generation and a random effect of day, a y intercept term (γ), and a 

random error (ε) component (see equations below). I utilised the Australian Plague 

Locust Commission 2000-2009 survey data of locust abundance (Cl,k) at location l, and 

day k . Although the locust abundance scores are measured on an ordinal scale, they 

nonetheless very closely fitted a Poisson distribution. For example, a Poisson 

distribution with a mean and variance of 0.55 very closely fits, as determined by the 

method of least squares (proportion of linear covariance: r2 = 0.99), the observed 

frequency of records for the 1st generation GPP data set, which has an observed mean of 

0.54 and variance of 0.55. Thus, the abundance index of the locusts at each location and 

day was drawn from a Poisson distribution such that; 

( ), ,Poissonl k l kC λ∼    

 ( ) ( ), , ,ln l k l k L l k l kL dλ γ δ β ε= + + + +  (9) 

where; 

 ( )
{ }

2
, , , , ,

1,100,2500
l k SS SS l k SS SS l k

SS

VI VIδ α β
∈

= +  (10) 
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is the quadratic effect of vegetation indices at location l, where αss and βss are the 

coefficients of the vegetation indices explanatory variables, SS represents the 1 km2, 100 

km2 or 2500 km2 scales for the average vegetation indices for that landuse and βL(Ll) is 

the influence of land-use Ll at location l. 

Included in each model is a random effect dk of day k and a random error term (εl,k) for 

location l and each day k. 

In the absence of prior information about the parameters estimates, uninformative 

Bayesian prior distributions in the model included; 

• Vague normal prior distributions (mean of 0 and standard deviation of 1000) for 

the regression parameters α and β, and for the fixed effect of land-use (relative 

to the shrub land-use). 

• The random effect of day is normally distributed with a mean of zero and 

standard deviation that is estimated from the data. 

• The random error term εl,k is drawn from a normal distribution, with a mean of 

zero and a standard deviation that is estimated from the data. 

To predict the likelihood of a swarm’s presence (category 3 - Table 13), a similar 

regression model was used but with a logit link function. I utilised the Australian Plague 

Locust Commission 2000-2009 survey data of adult locust presence (Pl,k) at location l, 

and day k. The presence or absence of the locusts at each location and day was drawn 

from a Bernoulli distribution such that; 

( ), ,l k l kP Bernoulli λ∼  

 ( ) ( ), , ,log l k l k L l k l kit L dλ γ δ β ε= + + + +  (11) 

Bayesian hierarchical models were developed using the open source OpenBUGS 3.2.1 

program. Three Monte Carlo Markov Chains (MCMC) were run simultaneously with a 

burn-in of 25,000 iterations to overcome initialisation effects. A further 75,000 

iterations were used for analysis. All models were visually checked for convergence 

(Brooks and Gelman 1998). Models were developed for each of the vegetation indices 
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(FPAR, GPP and NDVI) for each of the two generations. In all models, the vegetation 

indices were standardised by subtracting the mean and dividing by the standard 

deviation as per previous chapters. This aided model convergence and placed the 

vegetation coefficients on a comparable scale. However, the first generation GPP 

predictive swarm presence model (training data set 2000-2008) had MCMC chains that 

did not converge, meaning that it is unsuitable for making parameter inferences for this 

generation and vegetation index.  

Predictive modelling 

The APLC survey data from 2000-2008 seasons were used as a training data set to 

produce parameter estimates of the vegetation coefficients and explanatory variables 

(Figure 49). The 2008-2009 seasons’ APLC survey data were used as the test data set. 

The test data set had the most data for a single year (over 14,000 survey points with 

3,600 adult locust presence and abundance records). Posterior means of the coefficients 

and explanatory variables (y intercept (α) and the six vegetation coefficients (βss)) from 

the 1st and 2nd generation 2000-2008 models (both presence and abundance) were used 

with the appropriate MODIS 8-day 1, 10 and 50 km averaged vegetation indices to 

produce modelled presence/abundance of plague locusts and compared to the observed 

APLC survey data for the 2008-2009 locust.  

To reduce variation, clarify average relationships that might be obscured by large site-

to-site variation and to ensure spatial coverage and adequate samples within any given 

time period, the survey data were combined (binned) into monthly time periods (32 day 

periods; 4 x 8-day (FPAR/GPP) or 2 x 16-day (NDVI)). Predicted abundance of locusts 

or predicted presence/absence of swarms of adult locusts for each pixel was averaged 

over the 2 or 4 MODIS images depending upon vegetation index (see above). These 

averaged predictions were compared to the average observed abundance or swarm 

presence occurring at the survey sites at that point (pixel) over that time. To illustrate 

the spatial arrangement of the predicted locust abundance, I produced 32-day averaged 

predicted locust abundance or swarm presence for the land surface of MODIS tile 

h30v12 (comprising most of NSW) for 2008-2009. Linear correlations using constant 

terms (y-intercept) were undertaken using Genstat® v14. 
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Results 

Generally, all the vegetation indices were weak predictors of presence or abundance of 

adult locusts during the 2000-2009 period (Table 14). NDVI was a slightly better 

predictor than either FPAR or GPP and all vegetation indices had a stronger association 

with the first generation than the second. In all cases, the 50-km spatial scale vegetation 

index was the most useful spatial scale (Figure 51 and 52). The standard deviation of 

the random effect of day was greater than 0 (mean >0.75 in all cases), indicating strong 

variation among days. 

2000 - 2009 Locust abundance  

Abundance models that included vegetation indices at the three spatial scales, random 

and fixed effects of generation, day, and land-use accounted for between 24 to 43% of 

the variation in the observed density of locusts. The best performing (in terms of highest 

correlation coefficient) 2000-09 regression model was the first generation NDVI model, 

while the worst was second generation FPAR (Table 14 and Appendix A).  

  



 

137 

 

 

Table 14. Pearson’s correlation coefficient (adjusted r2) showing strength of relationship 
between observed Australian plague locust abundance to modelled locust abundance for each 
vegetation index and generation using 2000-2009 data. Locust abundance was modelled with a 
quadratic effect of vegetation indices, one linear (e.g. x) and one non-linear (e.g. x2) at three 
spatial scales; 1 km2, 100 km2 and 2500 km2 scales. 

Abundance Model 
 2000-2009 data 

FPAR GPP NDVI 

1st Generation 0.33 0.38 0.43 

2nd Generation 0.24 0.27 0.37 

 
The explanatory vegetation index scale that best predicts locust abundance was clearly 

the 50-km spatial scale vegetation index, which had a stronger effect in the 1st 

generation than in the second (Figure 51 and 52). In contrast again only for the 1st 

generation all the vegetation indices measured at the 10km scale show a clear but 

slightly negative effect. The explanatory variable, random effect of day, had a large 

effect on locust abundance. This is to be expected, as adult presence and abundance is a 

consequence of increasing population size into early summer for the 1st generation and 

into late summer for the 2nd generation.  

The linear and quadratic effect of the six vegetation indices’ coefficients (Figure 52 and 

Appendix A) on locust abundance, are difficult to comprehend even with the direction 

and relative strength illustrated separately (Table 15). The small to negligible effect size 

of the 1-km VI and VI2 and the 10-km VI2 (range -0.1 to +0.2), mean they have little 

value for predicting adult locust abundance. Of the explanatory variables examined, the 

most important variables for predicting locust abundance are the linear effects of 

vegetation indices measured at the 10 km scale (100 km2) and the linear and quadratic 

effects at the 50 km (2500 km2) scale (darker/stronger colours in Table 15). 
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Table 15. The size and direction of the posterior means of the coefficients of the vegetation 
index explanatory variables (to one decimal place) of 2000-2009 locust abundance models. 
Reddish colours indicate negative effects, blue positive effect, and intensity of colour indicates 
relative strength. 

  β1 VI 1 km β2 VI2 1 km β3 VI 10 km β4 VI2 10 km β5 VI 50 km β6 VI2 50 km 

F
P

A
R

 

1st gen -0.1 0.0 -0.5 0.2 0.5 -0.2 

2nd gen -0.1 0.0 0.0 0.0 0.1 0.0 

G
P

P
 1st gen -0.1 0.0 -0.4 0.1 0.6 -0.3 

2nd gen -0.1 0.0 0.0 0.0 0.3 -0.1 

N
D

V
I 

 

1st gen 0.0 0.0 -0.3 0.0 0.7 -0.2 

2nd gen 0.0 0.0 0.0 0.0 0.2 0.0 

 
Using GPP as an example, as values of GPP at the 50-km scale increase (assuming both 

the 1- and 10-km scale values of GPP remain constant) the predicted abundance of 

Australian plague locust initially rises and peaks at about 150 g/C/m2. As GPP then 

further increases, the negative effect of the 50-km VI2 becomes more dominant and the 

predicted abundance decreases (Figure 53). However, the peak predicted locust 

abundance still remains low, only 0.5, well below the observed maximum abundance 

score of 3 (All the VI and VI2 relationships are illustrated in Appendix A; Figure 1). 
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Figure 53. The modelled change in locust abundance with the GPP vegetation index (at 50-km 
scale) compared to observed locust abundance (0-3 ordinal scale).The value of GPP at the 1- 
and 10-km scales are assumed to be constant (either high or low GPP), and only the average 
value of GPP at the 50-km scale varies. Observed locust abundance is represented by green and 
red points based upon the 50-km scale GPP but with constant low or high values of GPP at the 
1- and 10-km scales respectively. Modelled locust abundance is represented as green and red 
solid lines based on fixed high or low GPP at 1- and 10-km scales respectively. Black dotted 
lines represent 5% and 95% confidence intervals of either fixed low or high GPP at 1- and 10-
km scales respectively.  

For both FPAR and NDVI, the model predictions indicated that locust abundance was 

likely to be higher in grass and cereal crop land-use than in shrubs, while for GPP locust 

abundance was slightly more likely only in cereal crops (Figure 52, Table 16 and 

Appendix A). 

Table 16. Posterior summary statistics for mean, median, standard deviations and credible 
intervals of the explanatory variable of land-use using the 2000-2009 data. * The fixed effects of 
land-use are relative to shrubs. 

VI 
Fixed effect 
land-use  * 

Mean Std. dev. Median 2.5% CI 97.5% CI 

FPAR 
Grass 0.36 0.25 0.36 0.31 0.41 

Cereal crops 0.54 0.024 0.54 0.49 0.59 

GPP 
Grass -0.0001 0.03 0.05 -0.05 0.05 

Cereal crops 0.14 0.03 0.19 0.09 0.19 

NDVI 
Grass 0.29 0.03 0.28 0.22 0.34 

Cereal crops 0.30 0.03 0.30 0.24 0.36 
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Predicting locust abundance based on training data set 2000-2008 

Models were developed using the training data set (2000-2008) to test against the 

observed data of the large 2008-2009 Australian plague locust outbreaks in NSW. This 

provides for model validation. The removal of the 2008-2009 data (approximately 

13,000 records -about one third of the total) from the complete data set only slightly 

reduced the strength of the relationship between observed and predicted abundance 

compared to using the full 2008-2009 data. For example it reduced the strength of the 

relationship of 1st generation FPAR (adjusted r2 from 0.33 to 0.30) and NDVI (adjusted 

r2 from 0.43 to 0.33) but increased the strength of the relationship of the 2nd generation 

FPAR and GPP from (adjusted r2) 0.24 to 0.29 and 0.27 to 0.34 respectively (Table 17). 

Table 17. Pearson’s correlation coefficient (adjusted r2) showing strength of relationship 
between observed to modelled Australian plague locust abundance using the 2000-2008 training 
data set. 

Abundance Model – 2000-2008 data FPAR GPP NDVI 

Gen 1 only 0.30 0.38 0.33 

Gen 2 only 0.29 0.34 0.37 

The posterior means of the coefficients and explanatory variables of the 2000-2008 

training data set are comparable to the 2000-2009 model (Figure 51and 52, and 

Appendix A; Table 2, 3 and 4) which had more survey records. As the survey records 

were reduced by a third, the 95% credible intervals were larger. The most notable 

difference is the change in the effect of land-use in the 1st generation GPP showing that 

areas classified as either grass or cereal crops are now likely to have fewer locusts than 

areas classified as shrubs. 

Using 2008-2009 APLC survey records in NSW to test predicted locust abundance. 

The posterior means for each of the vegetation indices’ coefficients (from the 2000-

2008 training data set) were used to predict the abundance of Australian plague locust 

based on the observed vegetation index during monthly time periods during the 2008-

2009 locust season in NSW (Figure 54 and 55). Generally, the observed locust density 

was underestimated with the maximum predictive density value being close to 0.5 (on 

the 0-3 ordinal scale). The strength of the relationship between predicted and observed 

abundance was highly variable from month to month. For example, in April 2009 the 
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correlation coefficient between the GPP predicted and observed locust abundance data 

was 0.53. However for the two preceding months it was 0.00 (Figure 55). 

In the 2008-2009 the 1st generation predictions in NSW, vary over a greater range of 

modelled locust abundance than the 2nd generation (as shown by the variation in orange-

red colours in Figure 56 and 57). The 2nd generation abundance predictions show much 

of the suitable locust area as having uniform (0.4-0.5) locust abundance scores. 

However, the strength of the relationship between observed and predicted locust 

abundance was highly variable over months with both the GPP and NDVI predicted 

abundance correlating relatively well with observed abundance data for one or two 

months and then having little or no correlation the following month(s) (Figure 56 and 

57).  

Using 2008-2009 APLC survey records in NSW to test the predicted presence of 

swarms.  

Again, the vegetation indices were not strong indicators of presence/absence of locust 

swarms (Figure 58). The posterior 95% credible intervals for the FPAR 1st generation 

were consistently much larger than for any of the other vegetation indices or generations 

(Appendix A; Figure 4 and Table 2, 3, 4).The 50-km vegetation index was still the most 

important vegetation factor. Time of year (explanatory variable; Day) still had a large 

effect on swarm presence. Grass and cereal crops were twice as likely to have swarms 

present than shrubs although this was not noticeable in the NDVI first generation 

model. FPAR 1st generation parameter estimates had much larger 95% credible intervals 

than other vegetation indices and generations. 
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GPP - 1st generation predicted abundance Linear regression binned data 

September-October 

 

 

r2= 0.571 
October-November 

 

r2= 0.672
November-December 

 

r2= 0.000 

Figure 54. Modelled compared to observed (APLC surveys) monthly 1st generation locust 
abundance for NSW (MODIS tile h30v12) in late 2008 using GPP at a 1, 10 and 50 km spatial 
scale. The left column shows spatial pattern of modelled monthly abundance with stronger 
orange and red colours indicating a higher predicted scores for locust abundance. The palest 
yellow areas are land-uses that are unsuitable for locusts. The right hand column, scattergram 
show predicted versus observed binned monthly abundance of locusts and Pearson’s correlation 
coefficient (adjusted r2). Black dotted line illustrates the 1:1 or x=y line, red line is regression 
line and blue lines show the 95% confidence intervals.   
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NDVI  -  2nd generation predicted abundance Linear regression binned data 

February-March

 

 
r2= 0.000 

April-May

 

 
r2= 0.348 

Figure 57. Modelled compared to observed monthly 2nd generation APL abundance (APLC 
surveys) for NSW (MODIS tile h30v12) in late 2008 using NDVI at a 1, 10 and 50 km spatial 
scale. The left column shows spatial pattern of modelled monthly abundance with stronger 
orange and red colours indicating a higher predicted scores for locust abundance. The palest 
yellow areas are land-uses that are unsuitable for locusts. The right hand column, scattergram 
show predicted versus observed binned monthly abundance of locusts and Pearson’s correlation 
coefficient (adjusted r2). The red line represents the regression line and the blue lines show the 
95% confidence intervals 



 

 

Figure 58. Post
presence/absenc
the posterior me
Fixed effects of

erior means of the
ce model for all th
eans of the first an
f land-use is relati

e coefficients and
hree vegetation in
nd second generat
ive to shrubs. Not

d explanatory varia
ndices plotted on s
tion respectively. 
te; no GPP first ge

148 

ables of 1st and 2nd

standard deviation
Bars represent tw

eneration graphed

d generation 2000
n scale (z score). C
wo posterior stand
d as non-convergen

0-2008 (training da
Coloured diamond
ard deviations (95
nce of model. 

Diamonds

Squares   

 

 FPAR – o

 GPP – gr

NDVI – b

 

ata set) locust swa
ds () and square
5% credible interv

s (♦) – first gene

() – second ge

orange          

reen               

blue              

arm 
s () represent 

val range). 

eration 

eneration 



 

149 

 

1st generation FPAR Swarm presence GPP Swarm presence NDVI Swarm presence 

Swarm presence  2008/09 

Sept – Oct 08 

 

Predicted and observed 

distribution of swarms 

 

  

 

n/a* 

 

Oct – Nov 08   

 

n/a* 
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Nov- Dec 08 

 

 

  

 

n/a* 

 

2nd generation FPAR Swarm presence GPP Swarm presence NDVI Swarm presence 

Feb – March 09 

 

Predicted and observed 

distribution of swarms 
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March - April 09 

 

 

Predicted and observed 

distribution of swarms 

 

   

April - May 09    

Figure 59. Comparing modelled with observed monthly1st and 2nd generation locust swarm presence/absence for NSW (MODIS tile h30v12) in 2008-
2009 using FPAR, GPP and NDVI at a 1, 10 and 50 km spatial scale. Maps shows spatial pattern of modelled likelihood of swarm presence where 
stronger orange, red colours indicate higher probability of locust swarms present. Palest yellow areas are land-uses that are unsuitable for locusts. Note, 
due to non-convergence of GPP 1st generation model, no predictions were produced. 
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Discussion 

Predicting the spatial-temporal abundance of locusts based on MODIS vegetation 

indices, underestimated locust abundance, and the accuracy of the predictions on a 

monthly basis were highly variable, i.e. had a “hit or miss”. Similar accuracy and 

location issues were apparent for predicting the presence and location of locust swarms. 

Average values of vegetation indices at a relatively small scale (1 km2 and 100 km2) had 

little strength in predicting either presence or abundance of adult locusts or swarms. 

However, locust presence or abundance was related to an increase in the values of 

vegetation indices at larger scales (2500 km2). The relationship between increasing 

values of vegetation indices and increased locust abundance was more noticeable in the 

first generation of locusts, and in grass and cereal crops land-use than in shrubs. 

Nevertheless, when evaluated with independent survey data, none of the statistical 

models could consistently predict spatial variation in monthly locust.  

Abundance 

The Australian Plague Locust Commission’s survey data are very comprehensive and 

possibly the largest collection of pest presence/absence and abundance records in 

Australia. With over 31,000 records of adult locust presence/absence in the 2000-2009 

decade from eastern Australia, it would be expected that any relationship between 

occurrence patterns and vegetative condition, as expressed through vegetation indices, 

would manifest itself. However, I was not able to discover any relationships between 

vegetation indices and the abundance of adult locusts that could reliably predict adult 

locust abundance.  

As values of FPAR, GPP or NDVI at the 50-km scale (2500 km2) increase, the 

predicted locust abundance also initially increases. However, as the values of the 

vegetation indices continue to increase, the predicted locust abundance plateaus and 

then declines. In contrast, local scale change of values in the vegetation index at the 1-

km scale had little relationship to locust presence or abundance. This appears to be 

contrary to anecdotal evidence that locusts are attracted to green and to the information 

provided by the Australian Plague Locust Commission and state agricultural 
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departments (NSW, SA and Vic), that mention avoiding green mesh or shade cloth “as 

locusts are attracted to green” and “Green pastures are very susceptible to locust 

attack”1. 

Laboratory trials have shown that a variety of locust and grasshopper species do 

orientate towards green or yellow green colours (Mulkern 1967; Wasserman and King-

Leung 1982; Bailey and Harris 1991; Bernays and Chapman 1994; Szentesi et al.1996), 

indicating that at a much finer scale (possibly at the metre or sub-metre), greenness is 

attractive and may draw the attention of more locusts. However, there is no field-based 

research that indicates at what level this attraction occurs or begins to decline. Nearly all 

of the research on the spatial scale of resource abundance, quality and distribution on 

locusts has focused on or utilised nymphs rather than adults (Bouaichi et al. 1996; 

Collett et al.1998; Despland and Simpson 2000; Despland et al.2000). The spatial scale 

at which these factors act on nymphs is a matter of metres, while adult female locusts 

may be using less than one km scales for ovipositioning preferences (Babah and Sword 

2004). In contrast, the little existing research on swarms of adult plague locusts and 

habitat indices, indicate that the spatial effects are both medium range (25-50 km) and 

much larger range (300-400 km) (Steinbauer 2011; Steve Simpson and Michael Watts 

pers. comm. 29 September 2011). Both of these studies utilised NDVI as vegetation 

condition indicators. Steinbauer (2011) found that catches of adult locusts increased 

with an increase in NDVI in adjacent areas, while Simpson and Watts found only slight 

improvements to model accuracy when NDVI was included in the models. Despland et 
                                                 

 

 

 

 

1 (http://www.dpi.nsw.gov.au/agriculture/pests-weeds/insects/locusts/home-gardener) 

(http://www.pir.sa.gov.au/locust/fact_sheets/fact_sheet_adult_locust_behaviour) 

(http://www.swanhill.vic.gov.au/services/forms/images/10-LO-0017_Fact_Homes_Web.pdf) 

(http://www.dpi.nsw.gov.au/data/assets/pdf_file/0005/336983/Locust-damage-in-crops-and-pastures.pdf). 



 

154 

 

al.(2004), utilising NDVI but from AVHRR and at a 10 day, 58 km2 scale, could 

partially identify areas of high resource abundance (high NDVI value) and resource 

fragmentation that was associated with desert locust outbreaks. My research supports 

their findings of higher average values of vegetation indices at larger scales being 

positively correlated to adult locust abundance. 

Another approach to use vegetation indices is to examine the temporal change in 

vegetation indices. For example, Deveson (2013) utilising AVHRR monthly 1 km2 

NDVI found that the relative monthly change in maximum NDVI (r-NDVI) was 

positively correlated with locust nymph distribution. However when looking at adult 

locust distribution, he found no difference in predictive ability between the use of NDVI 

or r-NDVI. 

A potential reason for the inability to distinguish any smaller scale (1-10 km) effects on 

locust abundance is the limited spatial and spectral resolution of the MODIS images. 

Most paddocks or fields in Victoria and NSW are between 50-100 ha (0.5-1 km2) in size 

(average sheep, goat and cattle paddock size between 48-91 ha; ABS 2013). In addition, 

adjacent fields may have slightly different farm practices even if they have the same 

land-use thus producing a heterogeneous landscape. As the spectral sensors (arrays) of 

the satellite average the reflectance over the 1 km2 area, both the spectral and spatial 

resolutions may not be sufficient to identify the specific locality of the observed locust 

numbers if they are responding to very local or microsite greenness. However, as Steve 

Simpson and Michael Watts found (pers. comm. 29 September 2011), the most 

important descriptor for the presence and abundance of locusts was the presence of 

locusts at neighbouring points. It is therefore unlikely that the abundance would change 

noticeably over a distance of a kilometre.  

Studies on a range of grasshoppers and locust species have found a variety of spatial 

and temporal autocorrelations. Rong et al. (2006), found spatial autocorrelation in 

oriental migratory locust ovipositioning sites of between 300 m to 450 m. The density 

of a flightless grasshopper in Europe, was spatially autocorrelated up to 1034 m 

(Gauffre et al. 2015), whilst in China, rangeland grasshoppers had spatial clustering 

which varied with spatial scale, clustering at 13-16 km at large scales and at local sclaes 

120-150 m and 300-1300 m (Ni et al. 2003). In contrast, Badenhausser et al. (2012) 
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found only weak spatial patterns at small scales, and spatial autocorrelation patterns of 

800-2600 m were only detected at intermediate scale for another European grasshopper 

species. The above authors suggested that the spatial autocorrelation at local scales 

reflected habitat availability, effects of local management practises and unevenness in 

host plant and habitat patterns, whilst spatial autocorrelation at larger scales reflected 

the variation in spatial distribution of vegetation, dispersal and habitat availability. 

Temporal autocorrelation in the abundance of desert locust in West Africa, was found 

by Cheke and Holt (1993), where there was significant positive autocorrelation of a lag 

of 1 year. In contrast, Todd et al. (2002) found no significant correlation in any time 

lags from 1 to 20 years in brown locusts in southern Africa. This is typical of a species 

with  “boom and bust” population dynamics. In eastern Australia, Deveson (2013) 

describes how the development of locust plagues usually involves an intergenerational 

exchange and migration of adult locusts between the summer and winter rainfall zones. 

Thus, locust plagues are associated with widespread summer rainfall in inland regions 

followed by winter rains further south which often happens during La Niña events 

(Deveson 2013). 

The Australian Plague Locust Commission’s locust survey database is based on regular 

(but not systematic) surveys throughout eastern Australia, during times when locusts are 

active. These surveys are generally vehicle based with regular stops every 5, 10 or 20 

km, to carry out 250 m foot transects (Wright 1988). However, the points for the 

surveys are not consistent, either spatially or temporally. Almost none of the survey 

points where adult locusts were found, over the whole 2000-2009 period, were within 1 

km and very few (<1%) were within 5 km of each other. Because of the insufficient 

number of paired samples that were close to each other, the spatial or temporal 

autocorrelation at local or intermediate scales was not able to be determined.  

Predictive modelling 

All the predictive models (abundance and presence of swarms), although showing 

moderate correlation between the modelled and observed 2008-2009 locust abundance 

data,  performed poorly in respect to the temporal and spatial predictions for the 2008-

2009 years for NSW. On occasions for particular months, especially early on in the 1st 
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generation and late in 2nd generation the predictions were reasonably accurate. 

However, during the rest of times they not suitable for use by pest managers. Modelled 

second generation locust abundance were almost spatially uniform (Figure 54 and 55). 

This effect of almost uniform abundance values of 0.4-0.5 for the whole second 

generation allows for little spatial identification of zones of increased likelihood of 

swarms. Across all vegetation indices, predictions of locust abundance reached a 

maximum score of 0.5 on a 0-3 scale indicating that abundance was underestimated in 

all cases. In some ways, this is not surprising, as the test survey data are for an outbreak 

year when locust abundance is higher than normal. 

Predictions of locust swarms (Figure 59) failed to identify the location of the swarms 

that occurred during the 2008-2009 season. Although swarm concentrations were 

predicted in the ACT area and along the western side of the Great Dividing range these 

did not correspond to the swarms that occurred near the Narrandera and Wagga Wagga 

areas (1st generation, spring) and west of Narrabri (2nd generation, summer)(Figure 

56). However, with only two main swarms occurring in the NSW area of interest during 

2008-2009, no definite conclusions can be made about the effectiveness of the swarm 

prediction model. One further approach to determining the predictive capacity of the 

models would be to iteratively remove a single year’s data and re-run the predictions for 

that year. However, as the 2008-2009 season was one of the larger locust outbreaks 

(Figure 49) the lack of swarms will continue to be hamper comparisons. 

The primary finding from this chapter’s research is that MODIS vegetation indices and 

locust abundance are poorly correlated. Variation among days is the primary driver of 

the models, and as this variation is random, then locust abundance and presence/absence 

are largely unpredictable with these MODIS vegetation indices’ models. This is 

illustrated by the highly variable spatial temporal abundance predictions for NSW, 

which are too unreliable to be used by pest managers.  

As the modelled and observed locust data were binned into monthly time-steps to 

provide sufficient spatial coverage and to clarify average relationships, the use of finer 

spatial resolution remote sensing platforms such as the 16-day temporal and 30 m 

spatial resolution Landsat images could be more useful. However, with only two images 

acquired per month, Landsat images are much more likely to be affected by cloud cover. 
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If there is significant cloud cover for the time period of interest, no data are available 

until the next acquisition date, which can limit the utility of Landsat images for 

predictive modelling. 

My research indicates that the three MODIS vegetation indices are not suitable for 

predicting the spatial or temporal presence of adult locusts (either abundance or swarm 

presence). As I stated earlier in the chapter, vegetation indices are useful for monitoring 

vegetative condition for growth of host plants that lead to population growth of locusts 

and are being utilised by locust managers. However, not all locust populations, even if 

the vegetation condition is suitable, end up swarming and becoming a problem The 

reasons why one population becomes a problem, yet a nearby population on vegetation 

with a similar condition does not, is not known (T. Deveson, pers. comm. 6 June 2011). 

If pest managers can determine which populations are more likely to become pest 

swarms, then early control of the larval stages within those regions could prevent 

outbreaks from these sites. This could lead to cost savings in terms of both control, and 

reduced agricultural impact. A more detailed analysis of historic vegetation condition, 

locust swarms and environmental factors may shed light on this matter.  

Although adult locusts have no knowledge of the vegetation condition (past or present) 

in the region that they are dispersing to, the past condition of the vegetation may affect 

its nutritional suitability as a food source to the arriving locusts. This may affect the 

choice of the locusts as to whether they continue to disperse further or stay. A future 

analysis of the condition of the vegetation prior to locust arrival could be an additional 

component to understanding adult locust distribution. 

Another approach being investigated by the Australian Plague Locust Commission is to 

review the historic locations of swarms (Figure 11 Chapter 3) to determine areas of 

higher likelihood to be impacted by locusts (T. Deveson, pers. comm. 10 June 2015). A 

further extension of this approach could be to incorporate vegetative condition, locust 

population dynamics and climatic factors to build an occupancy-abundance model. 

In the next chapter, I will investigate another potential application of the use of 

remotely-sensed vegetation indices for locust management. 
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Introduction 

The previous two data chapters illustrated the difficulties and issues inherent in utilising 

remotely-sensed vegetation indices as a predictive tool. In comparison, its use in 

retrospective analysis to identify areas where pests have affected vegetation condition is 

more established and successful (literature reviewed in Chapter 3). For pest species, 

satellite data have been used to estimate the amount of area impacted by gypsy moth in 

the USA (de Beurs and Townsend 2008; Spruce et al. 2011), the extent of conifer 

mortality due to pine bark beetle (reviewed by Wulder et al. 2006) and other insect pests 

as well as conditions suitable for locust outbreaks (Cressman 2013; Latchininsky 2013). 

In addition, remote sensing imagery has been used to distinguish a variety of weed 

species and determine the area infested by these weeds (reviewed by Bradley 2013). 

While these studies have identified either area infested, or area of vegetation impacted 

they very rarely link the change in vegetation indices due to pest damage to the level of 

agricultural damage or economic loss. One would expect that the reduction in 

reflectance due to insect damage should be able to linked to the level and extent of the 

impact and hence to give an estimate of the loss in biomass. However, even in well-

researched pests such as locusts, this has yet to occur. 

In outbreak years, the Australian plague locust severely impact pastures and cropping 

industries. The Australian Plague Locust Commission (APLC) and state governments 

are required to monitor and manage the Australian plague locust and undertake control 

to protect agricultural industries. To assist in planning for future outbreaks these 

organisations need to determine the value and benefits of their control operations.  

Economic evaluation of Australian plague locust damage and control programs. 

Economic costs of locusts have been estimated numerous times for the Australian 

Plague Locust Commission in the last decade. Love and Riwoe (2005) estimated 

locust’s impact in agricultural loss and control costs as $8.9 million per annum. This 

estimate was based on a six-year average (1999-2005) that included a two-year period 

with little locust activity (2001-2003). In locust plague years the impacts are 

approximately $40-55 million (Love and Riwoe 2005; Abdalla 2007). The most recent 

economic study (Millist and Abdalla 2011) indicated that locust control operations 
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during the large outbreak in 2009-2011, cost $50 million but avoided agricultural losses 

of $963 million. The net benefit of control, therefore, was $913 million with an 

approximate benefit cost ratio of 20:1. This ratio is in the same range as estimates of 8:1 

and 20:1 from Love and Riwoe (2005) and Abdalla (2007).  

The methods for costing the damage were developed from estimates of green matter 

consumed by locusts, calculated using the relationship below; 

Amount of vegetation consumed per season = Area occupied x insect density x daily 

vegetation consumed x time  

where; 

• area occupied is total area occupied by all the locust bands and swarms (a 

band is defined when the density of nymphs is >80/m2 and swarms when 

adults are at a density >4/m2 - Australian Plague Locust Commission’s 

assessment card);  

• insect density is average insect (nymphs and/or adults) density, and; 

• daily vegetation consumed is the daily plant matter consumption of 

nymphal bands and adult swarms; 

• time is number of eating days before being controlled. 

The economic loss is then the amount of vegetation consumed multiplied by the value 

of damage per tonne of green matter consumed, calculated as the weighted average of 

the different types of green matter attacked and their unit values (Love and Riwoe 2005; 

Abdalla 2007; Millist and Abdalla 2011). From this, the benefit:cost ratio is calculated 

as the sum of the expected benefits from early control (avoided further losses to 

agriculture plus avoided costs of late treatment, if required), divided by the cost of early 

control (Australian Plague Locust Commission expenditure). The total damage is then 

determined by the combined effect of the total area affected (and the economic value of 

that area), the insect’s density and daily green matter consumed. 

However, the estimated impact is based on some assumptions developed in 

collaboration with the Australian Plague Locust Commission, such as density of 
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nymphs (50–4000/m2) and adults (2–125/m2) and estimated daily green plant matter 

consumed (0.04 g/day for nymphs to 0.2 g/day for adults) (Millist and Abdalla 2011). 

However, two of the assumed parameters are ill defined: the density of the nymphs and 

how feeding would transfer to losses in crop production. A sensitivity analysis indicated 

that there would be a direct relationship between the extent of change in any of these 

two parameters and the change to the subsequent benefit:cost ratio (Millist and 

Abdallah 2011). 

An alternative to the above mathematical approach would be to utilise satellite imagery 

to quantify the change in vegetative condition during an outbreak. An area would be 

expected to have reduced biomass or photosynthetic activity if locusts had consumed its 

vegetation. Multi-temporal satellite images (pre-, during and post outbreak) could be 

used to detect and quantify the change and hence the level and extent of the impact.  

Remote sensing to quantify insect damage. 

As outlined in the literature review and in previous chapters, remote sensing is a well-

established technology for monitoring land cover change at a variety of scales (Jin and 

Sader 2005; Stone et al. 2008; Verbesselt et al. 2010; Verbesselt et al. 2012). It has 

successfully detected change in vegetation cover or quality due to insect damage (for 

example; mountain pine beetle (Skakun et al. 2003; Cheng et al. 2010) and gypsy moth 

(de Beurs and Townsend 2008; Eklundh et al. 2009; Jepsen et al. 2009). However, the 

use of remote sensing to quantifying locust damage has received comparatively little 

attention. As stated in Chapter 3, the role of remote sensing for locust control has 

focused on the monitoring of ecological conditions conducive to population explosion 

as a tool for predicting outbreaks (Tucker et al. 1985; Bryceson 1990; Deveson 2005; 

Deveson et al. 2005; Veran et al. 2015) and for identifying regions where locust 

nymphs are more likely to occur (Tappan et al. 1991; Dutta et al. 2004; Liu et al. 2008; 

Sivanpillai and Latchininsky 2008; Zha et al. 2008). Researchers in China have 

documented the direct effects and amount of change of vegetation indices related to 

locust feeding (Ma et al. 2005; Zha et al. 2005) though neither of those scientists then 

went on to use this information to quantify the economic cost or production loss. Zha et 

al. (2008) successfully linked the measured difference in NDVI to five levels of oriental 



 

163 

 

migratory locust density, though they did not calculate or estimate the level of such 

impact on the vegetation. 

The most noticeable effect of locust feeding damage occurs when dense bands of locust 

nymphs (>80 nymphs/m2) form a marching front leaving a markedly bare or brown 

patch behind them. The density of nymphs in these bands can be hundreds per square 

metre (Wright, 1982) and usually are approximately 100 metres in length but may 

measure many kilometres. Locust bands are difficult to see from the ground even from a 

distance of 20 metres (Symmons 1984) but can be very visible from the air at a height 

of 300-500 m and up to 1 km (Hunter et al. 2008). These bands are most visible when 

the nymphs are in the second to fourth instar and when the vegetation is green (Figure 

60).  

 

  

Figure 60. Aerial images of locust nymphal bands (arrows) and feeding impact on grasslands 
(images courtesy of Vic. DEPI). 

 

Nymphal bands move slowly, 100 m or so a day, rarely more than 2 km from their 

hatching area (Symmons 1984; Deveson 2013), and are usually the primary target for 

control by pest managers. Not only do the visible bands contain the highest density of 

nymphs but there are usually non-visible sub-bands (density 31-80 nymphs/m2), 

concentrations and scattered nymphs present within a radius of a kilometre or two of the 

main visible band (Casimir 1976; Symmons 1984). The Australian Plague Locust 
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Methods 

Precise locations of first (spring) and second (summer) generation nymphal bands were 

obtained from the Victorian Department of Environment and Primary Industries, the 

department responsible for coordinating locust control in the state of Victoria. Aerial 

tracks from the aircraft utilised in the aerial surveys were also obtained. These show the 

extensive survey effort and detection of nymphal bands, in the state’s northwest in early 

spring and in the southwest in mid-summer (Figure 62). Aerial survey flights for first 

generation nymphal bands in the Mallee occurred from 14 October to the 16 November 

2010, while second generation survey flights occurred in south western Victoria from 8 

to 27 of February 2011 (Figure 63 and Table 18)  

Because locating nymphal bands on the ground is difficult (Symmons 1984), GPS 

reports of bands from aerial surveys have to be precise. Accuracy of the aerial 

detections was estimated to be within 20 m (Gordon Berg, DEPI, pers. comm. 15 

August 2011) to ensure ground control crews would be able to locate the bands and 

undertake effective baiting. 

Unfortunately, the data sets do not include ground-truthing of the aerial detected bands 

or information about the size of the area infested by the nymphs. 
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Figure 62. Aerial flight paths (blue lines) and locations of sighted nymphal bands (red dots) in 
the Mallee (generation 1; top) and Grampians region (2nd generation; bottom) of Victoria. 

Table 18. Date and number of nymph bands sighted during aerial surveys in the Mallee and 
Grampians. 

Date 1st generation Date 2nd generation 

2010 
North 
Mallee 

South 
Mallee 

2011 
West 

Grampian
s 

East 
Grampian

s 
14/10 3    

20/10 5 16/02 8 25 

21/10 34 17/02  14 

22/10 29 68 24/02  12 

25/10 17 48 25/02 45 4 

26/10 15 26 26/02 5 1 

27/10 12 19    

28/10 1 19    

29/10 7 1    

1/11 1 40    

3/11 5   

4/11 3   

5/11 10   

6/11 8   

7/11 5   

12/11 4   

14/11 9   

16/11 2   

Total 121 270  58 56 
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Figure 63. Frequency and dates of nymph band sightings; 1st generation in North and South 
Mallee (top) and 2nd generation in East and West Grampians (bottom). 

 

Because of the known temporal differences in phenology between regions (Chapter 4), 

the 1st generation Mallee region was split into two; the northern section above the 

Murray Sunset National Park and a second section to the south. Similarly, the second 

generation nymphal bands in south-western Victoria were divided into the west and east 

Grampians sections. The number of bands and corresponding MODIS 8-day image 

acquisition dates are shown in Table 19.  
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Table 19. MODIS 8-day image acquisition dates of detection of aerial bands and sample sizes 
for each time period. 

MODIS  Julian 
and Calendar date 

North 
Mallee 

South 
Mallee 

MODIS Julian 
and Calendar date 

West 
Grampians 

East 
Grampians 

281     8/10/10  3    

289    16/10/10 68 68 041    10/2/11 8 39 

297    23/10/10 52 113 049    18/2/11 45 16 

305      1/11/10 1 71 051    20/2/11 5 1 

313     9/11/10  15    

Total 121 270 Total 58 56 

 

I utilized two approaches to estimate the change in vegetation indices due to nymphal 

feeding. The first compared high density nymphal band locations to pseudo absence 

points, and the second compared the band locations to adjacent pixels. 

Selection of pseudo absence points 

Although the presence and location of nymphal bands was well documented, there are 

no true or verified absence locations. Determining a true absence for a species is a 

difficult task (Senay et al. 2013). Although one might assume that if the aircraft flew 

over a particular point but did not record a sighting of a band then no nymphs were 

present. However, low density locust nymphal bands (<80 nymphs/m2) may not be 

visible from the air (Casimir 1976; Symmons 1984). A better technique for comparison 

of presence/absence when absences are not confirmed is the use of pseudo-absence 

points. Species distribution modelling commonly uses pseudo-absence data (Zaniewski 

et al. 2002; Engler et al. 2004; Elith et al. 2006; Phillips et al. 2009; VanderWal et al. 

2009;Barbet-Massin et al. 2012) and they are an accepted method for generating 

absence points in data poor studies or when absences are unknown (Crossman and Bass 

2008). In place of verified absence records, a sample of pseudo-absences points can be 

taken from the study area (Ferrier and Watson 1996; Phillips et al. 2006).  A 

recommended technique for selecting pseudo-absence points is to generate them at 

random excluding a buffer area around each confirmed presence (Mateo et al. 2010; 

Barbet-Massin et al. 2012). Because the density of nymphs is positively spatially auto-
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correlated and the presence of dense bands indicate the likelihood of sub-bands and 

scattered clumps within a kilometre or two, a buffer of 5 km around each presence point 

(pixel) was applied. Random pixels were selected from sites with the same land-use as 

sites where nymphs were observed (grasses and cereal crops) within a 5-10 km zone 

around each presence location using GIS tools within ARCGIS (Table 20 and Figure 

64). 

Table 20. Median Sample sizes of APL presence and pseudo-absence points for 1st and 2nd 
generations. 

Points 
1st gen. 

North Mallee 
1st gen. 

South Mallee 

2nd gen. 
West 

Grampians 

2nd gen. 
East 

Grampians 

APL Presence 116 258 55 43 

Pseudo-absence 209 312 89 103 

 

 

Figure 64. Location of locust nymphal bands (red) and pseudo-absence points (blue) for Mallee 
– 1st generation spring (top) and Grampians – 2nd generation summer (bottom) regions. 
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A signal of nymphal feeding would be most reliably detected if the average vegetation 

index values prior to the locusts being present were the same at both the presence and 

pseudo-absence points, differ markedly during the nymphal feeding period, and still 

differ in the post attack period (Figure 61). 

Comparison of central band with adjacent pixels 

Comparing the vegetation index values of the 1 km2 pixel associated with the nymphal 

band with values for the adjacent pixels is complementary to using pseudo-absence 

points. Although it is known that nymphs are more concentrated in areas near dense 

bands, the central pixel of the dense band should nonetheless sustain more feeding 

damage than adjacent cells. I expect that even if less dense nymphal populations were 

present in adjacent cells, there would be a difference in the vegetation index values 

between the central pixel and adjacent cells with the difference increasing with 

increased distance from the central point (Figure 65 and 66). To ensure that values of 

the vegetation indices were comparable, only cells in the outer zones with the same 

land-use as the central cell were used to calculate the average vegetation index values 

for each zone. The central cell’s vegetation indices value can be compared to the 

average value of the vegetation indices in the adjacent cells in a number of 

combinations. Central (Zone 0) with Zones 1, 2 or 3 or a combination of Zones, 1 and 2, 

2 and 3, and 1 and 2 and 3 (Figure 65). All of these six combinations were analysed.  

3 3 3 3 3 3 3 

3 2 2 2 2 2 3 

3 2 1 1 1 2 3 

3 2 1 0 1 2 3 

3 2 1 1 1 2 3 

3 2 2 2 2 2 3 

3 3 3 3 3 3 3 

Figure 65. Comparison of central nymphal band pixel (0) with adjacent pixels in either Zones 1, 
2 or 3 cells distance from central presence point.  
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Figure 66. Expected value of the vegetation indices difference from nymphal feeding in central 
zone. Zone numbers represents zones or combination of zones away from central pixel; as per 
Figure 65. Values and error bars are illustrative only. 

To avoid interactions, from non-visible nymphal sub-bands (density of 31-80 

nymphs/m2), between presence points located close to each other, presence points were 

excluded from analysis when another presence point was within 5 km and during the 

same 8-day MODIS image acquisition time period. Because of the smaller sample size 

in both the east and west Grampians regions (10 and 8 respectively), these two regions 

were combined rather than analysed separately (Table 21). 

Table 21. Sample sizes of central point comparison with adjacent pixels/zones for 1st and 2nd 
generations hoppers. 

Nymphal 
band MODIS 

Julian date 
2010 

1st gen. 
N. 

Mallee 

1st gen. 
S. Mallee 

Nymphal 
band MODIS 

Julian date 
2011 

2nd gen. 
West 

Grampians 

2nd gen. 
East 

Grampians 

289 14  041  7 

297 11 15 049 8 3 

305  15    

 

Remote sensing vegetation indices 

MODIS Terra vegetation indices (GPP, FPAR and NDVI from MODIS Land Products 

MOD17A2, MOD15A2 and MOD13A1 respectively) for south-eastern Australia (tile 

h29v12v12) for the years 2010-2011 were obtained from NASA’s Earth Observing 

Systems Clearing House REVERB website (http://reverb.echo.nasa.gov/reverb). The 
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spatial resolution was 1 km2 and the temporal resolution for GPP and FPAR was 8-days 

and 16-days for NDVI using composite images. All the vegetation index layers were 

filtered by land-use (MODIS land cover type product – MCD12Q1 – Land cover type 5 

assessment) to only comprise grasses and cereal crops. In addition, binary MODIS 

quality flags were used to select only cloud-free data of ideal quality as per previous 

chapters. 

The 8-day image acquisition date prior to each presence site recording date was utilised 

to represent the pre- locust level. The 8-day image acquisition date spanning the date 

when locust band was detected was classified as during. The next 8-day image 

acquisition date was used to represent “post” damage. No further post-detection periods 

were included in the analysis as on-ground locust control would have also occurred very 

soon after the aerial survey recorded the band and it is expected that the density of 

nymphs would be severely diminished in the following weeks. All known nymphal 

bands had experienced control action either by on-ground or aerial baiting or spraying 

(Gordon Berg, DEPI, pers. comm. 15 August 2011 and DEPI’s pest database - Bioweb).  

In addition Landsat 4/5 and 7 images for the Mallee and Grampians (Path 95 Row 85 

and Path 94 Row 86 respectively) were also downloaded from the Reverb website. 

Landsat images have a finer spatial (25m) but coarser (16-day) resolution than MODIS 

imagery. With only two images acquired per month, Landsat images are much more 

affected by cloud and the subsequent production of vegetation indices (Table 22 and 

Figure 67) 
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Table 22. Landsat image acquisitions dates and percentage of image affected by cloud cover. 
Grey shaded periods are when nymphal bands were observed by aerial surveys. 

Locust 1st generation Locust 2nd generation 

Region 
and 

Landsat 
tile 

Landsat 
# 

Date 
image 

acquired 

% of 
image 

affected 
by cloud 

cover 

Region 
and 

Landsat 
tile 

Landsat 
# 

Date 
image 

acquired 

% of 
image 

affected 
by cloud 

cover 
Mallee 

P95_R85 

4-5 7/10/10 0 Grampians 

P94_R86 

7 12/1/11 82 

7 15/10/10 96 4-5 20/1/11 0 

 4-5 23/10/10 83  7 28/1/11 1 

 7 31/10/10 92  4-5 5/2/11 82 

 4-5 8/11/10 7  7 13/2/11 81 

 7 16/11/10 99  4-5 21/2/11 95 

 4-5 24/11/10 95  7 1/3/11 55 

 7 2/12/10 54  4-5 9/3/11 95 

 4-5 10/12/10 54  7 17/3/11 19 

 

Figure 67 Landsat imagery for Grampians region illustrating cloud cover (left to right) pre-, 
during and post nymph presence (as per Table 22). 

Analysis of data 

To account for potential change in the values of the vegetation indices across both 

spatial and temporal scales, all data were grouped according to date and region of 

nymphal band sighting. Sites with nymphs present were compared with either pseudo-

absence or adjacent zones for the 8-day (or 16-day for NDVI) image acquisition date 

prior to sightings, the 8-day image acquisition date during and the subsequent 8-day 

image acquisitions date, post-sighting. In addition, the relative change between these 

 



 

174 

 

periods (i.e. from pre- to during and during to post) was also examined. To test if the 

population mean value of the vegetation indices were different, Welch t test and 

ANOVA were employed using Genstat V14 and illustrated as box and whisker plots by 

region and date of sighting. 

Results 

Neither methodological approach (adjacent pixels or pseudo-absence) detected a 

significant difference in the change of the value of the vegetation indices between 

presence and absence sites (Figure 68, 69, Table 24 and Appendix B). Thus, the extent 

or intensity of damage due to nymphs feeding could not be estimated from any of the 

MODIS vegetation indices (FPAR, GPP or NDVI). 

In the example illustrated in Figure 68, there were significant differences between the 

mean FPAR values for nymph and pseudo-absence points, pre-, during and post 

nymphal band sightings. Mean FPAR values for pseudo-absence points were 

significantly higher than for nymph sites for each time. For nymph sites there were 

significant differences between pre- and during or post band sightings but not between 

during and post nymphal band sightings. These differences also occurred when 

comparing pseudo-absence points over the three periods (Figure 68 top row). This 

pattern consistently occurred for all presence/pseudo-absence comparisons for the North 

and South Mallee (Figure 1 and 2 Appendix B). However, what is important is the 

amount of change in the vegetation indices’ values that occurred in both the presence 

and pseudo-absence sites between these three periods (Figure 68 bottom row). When 

analysising these changes, no significant differences were found in any of the 

comparisons in any of the regions in any time period (in all cases, two sample t test, p > 

0.1; Table 23 and 24). 

Similarly, there were no significant differences in the mean change in vegetation 

indices’ values when comparing central pixels to adjacent pixels in any of the situations. 

For example (Figure 69), the relative change in mean values of vegetation indices of the 

known presence pixel (visual location of the nymphal band) between pre-, during and 
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post nymphal band identification times, were not significantly different to adjacent 

pixels (in all cases; ANOVA, p > 0.1;Table 24 and Appendix B).  

 

VI and 
MODIS 

Julian Date  
Average FPAR pre-, during, and post nymphal band sightings 

FPAR 
289 

 

 

 Average change in FPAR between time periods 

FPAR 
289 

 

 

Figure 68. Boxplots of North Mallee comparison of mean FPAR between locust nymph 
presence (orange) and pseudo-absence (black) pre-, during and post locust nymphal bands being 
identified from the aerial surveys for MODIS Julian day 289 time period. Boxes represent 
interquartile range (25-75%), median line and whiskers 1.5x interquartile range. Outliers are 
represented as points (all other boxplots and comparisons are in Appendix B). 
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Table 23. Two sample t-test of mean difference in change of FPAR between nymphs and 
pseudo-absence sites from pre-, during, and post observed nymphal bands, as illustrated in 
Figure 68 (bottom boxplot). 

Pre- nymphal bands and pseudo-absence sites– change in FPAR from MODIS day 281 to 289 
 

Sample Sample size Mean Variance Std. dev. Std. error of 
mean 

Nymphs 51 -6.431 21.09 4.592 0.6431 

Psuedo-absence 192 -7.438 24.05 4.904 0.3539 

 

Difference of means: 1.006  

Standard error of difference: 0.763 

95% confidence interval for difference in means:  (-0.4961, 2.508) 

Test statistic t = 1.32 on 241 d.f. 

Probability = 0.188 
 

During nymphal bands and pseudo-absence sites – change in FPAR from MODIS day 289 to 
297 

Sample Sample size Mean Variance Std. dev. Std. error of 
mean 

Nymphs 52 0.0192 7.74 2.783 0.3859 

Psuedo-absence 193 -0.3834 17.47 4.179 0.3003 

 

Difference of means: 0.403  

Standard error of difference: 0.489 

95% confidence interval for difference in means:  (-0.5662, 1.371) 

Test statistic t = 0.82 on 120 d.f. 

Probability = 0.412 
 
 

Post nymphal bands and pseudo-absence sites – change in FPAR from MODIS day 297 to 305 
Sample Sample size Mean Variance Std. dev. Std. error of 

mean 

Nymphs 43 -6.442 11.54 3.397 0.5180 

Psuedo-absence 173 -7.081 23.19 4.816 0.3661 

 

Difference of means: 0.639  

Standard error of difference: 0.634 

95% confidence interval for difference in means:  (-0.6213, 1.899) 

Test statistic t = 1.01 on 89 d.f. 

Probability = 0.316 
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VI and Date Pre During Post 

GPP 
289 

(16 sites) 

 
(ANOVA, df = 91, F = 0.868, p > 0.5) 

 
(ANOVA, df = 91, F =  0.999, p > 0.5) 

 
(ANOVA, df = 91, F =  0.995, p > 0.5) 

  
(ANOVA, df = 91, F =  0.189, p > 0.1) 

 
(ANOVA, df = 70, F =  0.988, p > 0.5) 

Figure 69. Top row. Boxplots of North Mallee comparing relative (to central pixel - Z0 nymph presence) GPP of Zones, 1 2 and 3 pixels away and 
combinations of adjacent Zones Z12 Z23 Z123. Bottom row. Comparing mean GPP change between pre- and during nymph presence feeding (left) and 
during to post nymph presence (right) of central pixel and zones. Boxes represent interquartile range (25-75%), median line and whiskers 1.5x 
interquartile range. Outliers are represented as points (all other boxplots and comparisons are in Appendix B). Results from one-way ANOVA shown 
below boxplots.  
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Table 24. Summary of statistical analysis showing significance (or non-significance, ns) of 
comparisons between nymph presence or central pixel, and pseudo-absence points or adjacent 
pixels (Zone 123) (all boxplots are shown Appendix B). 

Region 

# MODIS 
Julian 
Date 

Vegetation 
Index 

Nymphs vs 
Psuedo-abs 
Difference 

Significance 

Zones 123 
Anomaly 

Significance 

Zones 123 
Difference 

Significance 

  
 

Two sample  
t-test 

One-way 
ANOVA 

One-way 
ANOVA 

North Mallee 289 FPAR *ns ns ns 
  GPP ns ns ns 
 297 FPAR ns ns ns 
  GPP ns ns ns 
  NDVI ns ns ns 
South Mallee 289 FPAR ns ns ns 
  GPP ns ns ns 
 297 FPAR ns ns ns 
  GPP ns ns ns 
 305 FPAR ns ns ns 
  GPP ns ns ns 
  NDVI ns ns ns 
East Grampians 041 FPAR ns ns ns 
  GPP ns ns ns 
  NDVI ns ns ns 
 049 FPAR ns ns ns 
  GPP ns ns ns 
West Grampians 041 FPAR ns ns ns 
  GPP ns ns ns 
  NDVI ns ns ns 
 049 FPAR ns ns ns 
  GPP ns ns ns 

*ns represents statistical test that showed no significant difference in change of vegetation indices (VI) 
between nymphs and either pseudo-absence points or adjacent pixels in matrix. P>0.1. # MODIS Julian 
date is date of observed sighting of nymphal bands 

 

In addition, one can analyse only the difference between the central pixel value and the 

values of the adjacent eight pixels in Zone 1 during the period when bands of nymphs 

were observed. The frequency of values where the values of Zone 1 pixels were greater, 

less or equal to the value of the central pixel are shown in Table 25 and Figure 70. 

Again, no significant differences in the values of vegetation indices were found when 

comparing Zone 0 and Zone 1. 
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Table 25. Summary of the frequency of differences of Zone 1 pixels to the central pixel (Zone 
0) for all regions and vegetation indices; Positive, negative and equal indicate the Zone 1 value 
was greater than, less than or the same as, respectively, the central pixel value. * The expected 
outcome was that Zone 1 should have higher values (i.e. positive values). 

Region *Positive Negative Equal Total 

Nth Mallee 36 27 12 75 

Sth Mallee 34 16 33 83 

Grampians 13 32 11 56 

Total 83 75 56 214 

 

 
Figure 70. Column graph illustrating the percentage of a 3x3 matrix (Zone 0 compared to Zone 
1) where the value for a vegetation index of the central pixel was less than (green, +%), greater 
than (brown, ̶ %) or equal to (orange, =%) adjacent cells for each of the three regions. 

 

Because of the high cloud cover in the Landsat images during the presence of nymphal 

bands (Table 22), no suitable data for either analysis (pseudo-absence or 7x7 matrix) 

could be extracted from these images.  
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Discussion 

The main aim of this chapter was to evaluate the use of MODIS vegetation indices to 

quantify the impacts of nymphs on primary production. Although no significant 

differences were observed in changes in values of the vegetation indices between sites 

with dense nymphal bands and absence sites, field officers could relatively easily see 

the impact (Figure 60). So why is there such a discrepancy between visual and satellite 

assessment? To understand this conundrum, the points discussed in Chapter 3 on 

satellite sensing and resolution (spatial, spectral and temporal) and how MODIS 

composite vegetation index values are produced need further explanation and 

discussion. This chapter illustrates the complexities and compromises in dealing with 

temporal spatial remote sensing information.  

MODIS composite vegetation indices are produced not only by different uses of 

reflectance values and algorithms, but also by considering how the production of the 8-

day composite value differs across products. FPAR values are produced by a simple 

selection rule whereby the maximum highest quality FPAR (as discussed in Chapter 3; 

reduced or no cloud cover and sensor performance) is selected as the 8-day output for 

that pixel. GPP is calculated daily and summed for the 8-day period. The NDVI 16-day 

product uses a more elaborate technique being a type of weighted average of all the 

values based on their quality. For all of these vegetation index products, relevant quality 

assurance and other tile level metadata are included in data layers (Huete et al. 2002; 

Running, Nemani et al. 2004; Huete et al. 2011). Even though MODIS satellites acquire 

daily information, the issue of minimising cloud cover effects and variation in 

reflectance and angle means that the composite images have been shown to be the best 

compromise in reducing errors while maintaining accuracy and consistency (Huete et al. 

2002; Justice et al. 2002; Huete et al. 2011). 

Vegetation change analysis examines yearly trends or differences over a number of 

years. In these cases, 8-day composite images are very useful. However, when 

determining change between consecutive 8-day periods, the compositing methodology 

is important. If the only high quality value for a pixel is at the end of the 8-day cycle 

and is compared to an early value for the next 8-day cycle, then any changes might be 

obscured. Regardless of the methodology utilised, errors are expected to be greatest 
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when only a single value is available during a compositing cycle (Huete et al. 2002). 

These effects are more likely to occur in determining FPAR values than GPP or NDVI 

due to the methodology (maximum versus summation) or 8-day versus the 16-day cycle 

with NDVI. As I only used ideal quality flagged data (filtering out all non 0 QA data - 

i.e. data with cloud cover or extrapolated vegetation indices) most of the issues 

mentioned above should be minimised for non-FPAR analysis. 

As discussed in the literature review (Chapter 3) the use of satellite data are a 

compromise among spatial, spectral and temporal resolutions. For a given application, 

the finer temporal resolution leads to less spatial resolution, quite often in conjunction 

with decreased spectral resolution. In relation to my research, temporal resolution was a 

higher priority to ensure capture of the damage at the appropriate time and to minimise 

the risk of cloud cover interrupting acquisition of useful images but at the associated 

cost of reduced spatial and spectral resolution. Although most Victorian rural pasture 

and cropping properties are less than 100 ha (1 km2) in size (ABS 2013) the same issue 

of spatial misalignment discussed in Chapter 6. That is a 1 km2 pixel may not align with 

a single property or overlaps with adjacent properties with different land-use practices 

or condition of crops/pastures. However, Landsat images with a finer spatial resolution 

and a temporal scale of 16-days can be employed. As shown in Table 22, if there is 

significant cloud cover for the time period of interest, no data are available until the next 

period which negates the usefulness of Landsat imagery for specific temporal 

comparisons. If significant resources, are available then higher resolution aerial imagery 

can be acquired. However, this is expensive and requires multiple overpasses for the 

specific time periods desired and knowledge about which regions need to be imaged. 

MODIS vegetation indices utilise MODIS land-use information (MCD12Q1) in their 

algorithms (Friedl et al. 2010). This annual land-use image has a 500 m spatial 

resolution. However, land-use practices are not fixed but depend upon the land-manager 

making seasonal decisions as well as decisions about specific timing upon sowing, 

cultivation and pasture management. As above, a single land-use pixel, even one a 

quarter the size of the vegetation index pixels, may cross over multiple paddocks with 

different land-use practices or growth stages, but the MODIS vegetation indices will 

average the reflectance over its whole area. This may the affect ability to detect change 

at a pixel level. 
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Other complications arise due to the methods available in defining areas with no or low 

nymph density/presence. Firstly, bands of nymphs may be many kilometres long, but 

most are less than 100 meters, especially in Victoria (Wright 1979; Symmons 1984; G. 

Berg pers. comm. 15 August 2011). As vegetation index products represent an average 

reflectance from the whole pixel area (100 ha or 1 km2) then even intense damage 

confined to a small area would comprise only a fraction of a pixel. In such cases, the 

impact of the intensely damaged area on the overall value of the vegetation indices for 

the whole pixel might be small. 

Secondly, another complication of utilising pseudo-absence points with buffered 

regions around known presence data are related to the spatial composition of the 

presence points in the landscape. In both the Mallee and especially noticeable in the 

Grampians region (Figure 64), presence points were clustered ,forcing the pseudo-

absence points into regions surrounding rather than intermixed within the presence 

points. This could force the pseudo-absence points into areas not favourable for the 

Australian plague locust and that may have lower vegetation indices values, making any 

differences harder to detect. However, although the spatial distribution of the pseudo-

absence points appear to be adjacent to less suitable habitat (forested or native 

vegetation), the values of the vegetation indices did not differ noticeably between 

absence and presence points prior to detection of nymphs (pre-nymph) in any of the 

regions over any date range (Table 24 and Appendix B).  

Thirdly, even though nymphs do not travel more than a few kilometres from their 

hatching area during their five-week nymph development stage (Symmons 1984, 

Deveson 2013), bands are visible only in later stages (second to fourth instars). Hence, 

some of the pixels in zones 1 to 2 could have been affected by feeding of the earlier 

stages. This would reduce their spectral values again reducing the ability to find 

vegetation index differences between the central and adjacent pixels.  

A fourth possible effect is that adult female locusts preferentially lay their eggs in 

compact relatively dry soils with little vegetation cover (Clark 1965; Wardhaugh 1980; 

Szabo 2005). By the time nymphs emerge in either spring or as part of the later 

generations such areas may have greened up with a peak in vegetation response to the 

previous rainfall (Deveson 2013). Thus, where the nymphs are absent may also be areas 
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having above-normal greenness and any feeding damage would cause this area’s 

spectral signature to be in accord with the surrounding vegetation. However, I found no 

evidence that sites close to nymphal bands were greener prior to nymphal bands being 

present. 

The positive spatial correlation of nymphs is well known (Casimir 1976; Symmons 

1984) with non-visible sub-bands and scattered nymphs usually present within a 

kilometre or two of the dense nymphal bands. Their presence may also reduce the 

difference in value of the vegetation indices between the central point and the closest 

zones (Zone 1, Zone 2 and Zone 1,2). Another aspect is that my expected spatial 

distribution of nymphal feeding (shown in Figure 66), may not be correct. 

Although in my analysis of nymphal feeding in Victoria, the use of MODIS vegetation 

indices to discern feeding impact did not produce any useful outcomes, other research 

has shown that one can differentiate the impact of feeding damage with the use of 

higher spectral resolution imagery. Jiawan (et al. 2005), studying the east asian 

migratory locust, detected significantly different reflectance in Landsat ETM imagery, 

particularly in the spectral range of 690-730nm, from healthy reeds with those that had 

been seriously or even slightly affected by nymph and adult feeding (Figure 71). 
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Figure 71. Spectral curves of reeds showing differences in reflectance due to feeding from 
locusts. A – healthy reed site, B – slightly affected reed site, C – seriously affected reed site; and 
D – live nymphs and adult locusts (adapted from Ma et al. 2005). 

 

Although Ma’s research successfully utilised Landsat imagery, the temporal issue of 

having cloud cover during the period of feeding damage remains. His results show that 

where cloud cover does not interfere, this process using Landsat can also produce 

measurable results. However, my results indicate that the spectral and spatial resolution 

of MODIS imagery may be too coarse to detect the level of vegetation change caused 

by locust nymph feeding. 

As stated in the literature review (Chapter 3) and introduction in this chapter, remote 

sensing of locusts in Australia aims to monitor habitat to indicate conditions favourable 

for locust population explosion. Locust control programs outside of Australia also use a 

variety of remote sensing data to assess the ecological conditions favourable for locust 

survival, breeding, and gregarisation (reviewed in Latchininsky 2013). However, none 

use remotely-sensed imagery to estimate economic impact and production loss. As 

stated earlier, remotely-sensed imagery that is able to quantify the change in vegetative 

condition could be used to improve estimations of economic damage of locusts. 

However, my analysis using MODIS vegetation indices, was not able quantify any 

differences in values of the vegetation indices between sites with dense nymphal bands 

and absence sites. 
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Summary  

The focus of this chapter was to examine the utility of MODIS vegetation indices to 

detect feeding damage from locust nymphs in Victoria. Most likely due to the spatial 

and spectral resolution limitations of the images, it was not possible to determine any 

differences due to nymphal feeding damage. Although other researchers have been 

successful utilising Landsat imagery, in this Victorian case, the temporal resolution of 

Landsat with heavy cloud cover during the period of late instar nymphal feeding 

negated its use. Further research may indicate how useful Landsat is for other pest 

incursions or in other parts of Australia. 

If vegetation indices are to be used to quantify feeding damage and to verify the 

assumptions in the locust benefit:cost analysis, then ground-truthing of the production 

loss and the change in the value of the vegetation indices is required. However, my 

research indicates that this might be challenging. 

 

 

 

 



 

186 

 

 

 

 

Chapter 8 -  
Synopsis, Discussion and Extensions 
 
 

Prediction is very difficult, especially if it is about the future.  
 

(K.K. Stiencke 1948, often attributed to Niels Bohr) 
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Introduction 

Predicting the future location and abundance of insect pests is critically important in 

managing and restricting their impact. Managers know that insects will not stay in one 

place but will disperse to resources or hosts that are often highly patchy and variable in 

distribution and quality. Optimal foraging theory suggests that organisms should make 

choices or decisions that maximise their or their offspring’s fitness (Shoonhaven et al. 

2007). The insect’s host selection then involves not only choosing the right species of 

plant, but also selecting an individual plant within that species that is, or will be, the 

most suitable for feeding, survival and development. In order then to understand the 

most likely locations to find insect pests, managers have to understand the pest’s search 

target, what the present condition of the vegetation and the condition of the vegetation 

in the near future. 

Although the present and future condition of the host or susceptible vegetation is 

important to pest managers, this information has not been utilised in incursion 

management for several reasons. Firstly, there is little to no literature on how to 

successfully predict future locations of pests based on changing vegetative conditions, 

although the theories (optimal foraging and marginal value) indicate this should be 

feasible. Secondly, current predictive models cannot link pests to vegetative condition. 

Thirdly, there are no existing models or tools are available that managers could easily 

use or adapt. 

So how can one measure suitable vegetation to determine how susceptible it is or will 

be to pests? There are well-developed processes for monitoring vegetative condition and 

change. Land surface phenology is the seasonal pattern of variation in vegetated land 

surfaces observed from remote sensing (Jolly et al. 2005; Justice et al. 1985; Lloyd, 

1990; Schwartz et al. 2002). However, land surface phenology forecasts are inherently 

use-specific. Their applicability is specific to the vegetation type, climatic zone, 

locality, and topic of interest (White and Nemani 2006). 

However, the concept of using vegetation indices as surrogates of condition of the 

vegetation is sound. Both Mulla (2013) and Kuenzer et al. (2014) recently reviewed the 

role of remote sensing in agriculture and biodiversity monitoring, outlining the historic 
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progress, the key advances and the present knowledge gaps. Similarly, there are 

multiple environmental and vegetative remote sensing journals and books illustrating 

multiple applications and processes for monitoring the condition of vegetation. 

However, no practical predictive tools based on suitability of vegetation are available 

for incursion managers.  

In this thesis, I explored the feasibility and the utility of MODIS vegetation indices as a 

potential component of NASA’s Terrestrial Observation and Prediction System to assist 

management of plant pest incursions (and in my case the Australian plague locust). As 

specified in Chapter 1, my objectives were to: 

1. Examine the inter- and intra-annual spatio-temporal variation in MODIS 

vegetation indices across multiple scales. 

2. Investigate the utility of MODIS vegetation indices, particularly Terrestrial 

Observation and Prediction System outputs (Gross Primary Production) in 

predicting pest locust presence and abundance. 

3. Investigate at what spatial scale vegetation indices have the strongest relation to 

locust presence and abundance. 

4. Compare select MODIS vegetation indices to see which correlate most strongly 

with locust presence and abundance. 

5. Investigate other potential uses and limits of MODIS vegetation indices in locust 

management. 

Summary of the findings 

The introduction (Chapter 1) set the scene of the problem that faces pest incursion 

managers and outlined the concepts behind the aims and objectives. It also described 

how environmental factors (such as climate) affect both the pest and its host, and it 

outlined the Terrestrial Observation and Prediction System that has the ability to predict 

the future condition of vegetation in terms of photosynthetic activity or growth rate. 

MODIS vegetative indices were identified as suitable remote sensing inputs to integrate 



 

189 

 

into the Terrestrial Observation and Prediction System, due to its relatively short 

temporal image acquisition time (8-day cycle). 

The two literature review chapters (Chapters 2 and 3) described insect visual capacity. 

They explained how locusts are able to strongly differentiate between yellow and 

greens, and that in laboratory trials, locusts actively orientate towards green objects. 

This supports anecdotal information from the Australian Plague Locust Commission 

and state agriculture departments that manage locust outbreaks, that the Australian 

plague locust is attracted to green colours. In addition, nutritional studies provide 

evidence as why this happens, as green grass is generally more suitable for locusts than 

dried grass as it is less tough and has protein that is more available and carbohydrate. 

The literature review also showed that satellite remote sensing imagery has a very 

strong track record in its ability to monitor vegetative condition and change as well as 

identifying abiotic and biotic stresses.  

In the first data analysis chapter (Chapter 4), I investigated MODIS’s vegetation indices 

annual and seasonal variation across eastern Australia at three different scales (tiles, 

regions and local areas) and determined (as expected) that the phenology of vegetation 

types is quite temporally and spatially specific, varying within and between years, and 

between regions and locations. Hence, any spatio-temporal averaging of vegetation 

indices for predicting or forecasting is not suitable as the variation between years or 

regions is too large for accurate predictions. I also determined that any prediction based 

on the condition of the vegetation has to be at both a fine spatial and temporal scale. 

NDVI is the most commonly used vegetation index, and I found FPAR was closely 

correlated with NDVI, while GPP was not correlated to either NDVI or FPAR.  

Chapter 5 was based on the 2010-2011 locust incursion into Victoria, where I weekly 

surveyed a number of locations that had pasture sites of various levels of green for 

presence and abundance of two generations of adult locusts. However, when I modelled 

the relationship between MODIS vegetation indices and locust presence and abundance, 

I found that the vegetation indices at the 1-km scale did not correlate with the density of 

locusts. However, I found a strong spatial auto-correlation of locust densities at two 

spatial scales (locations and sites) that was not explained by the vegetation indices. 
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To further examine this spatial auto-correlation and to have a larger data set spread over 

a greater area and a longer time, in Chapter 6 I examined 10 years of historical locust 

survey data for eastern Australia and included a spatial scale component of one, ten, and 

fifty kilometres in the models. Again, none of the MODIS vegetation indices were 

strongly correlated or performed better in predicting locust presence or abundance. 

However, the 50-km spatial scale showed the strongest relationship. When utilising the 

vegetation indices as a predictive tool for the 2008-2009 locust records in NSW, I found 

spatial accuracy varied widely from month to month and underpredicted abundance. 

In Chapter 7, I investigated another potential use of MODIS vegetation indices in locust 

management, the capacity to estimate the level of damage of larval feeding on primary 

production using two different methods/approaches. Although aerial observers could 

easily discern the visual impact, neither of my approaches was able to differentiate the 

amount of change in vegetation indices due to larval feeding. 

In summary, I aimed to utilise MODIS vegetation indices, as a remote sensing input 

into NASA’s Terrestrial Observation Prediction System, to model photosynthetic rates 

or primary productivity values of vegetation types for south-eastern Australia. I hoped 

to measure their suitability to manage particular pests, in my case the Australian plague 

locust. I found some statistically significant relationship between values of MODIS 

vegetation indices and locust presence/abundance. However, there was a large random 

component and the vegetation indices only explained a relatively small amount of the 

variation in observed locust presence and abundance. In addition, I found that the 

MODIS vegetation indices examined correlated too weakly and variably over time with 

observed adult locust abundance (Table 26). Thus, there is little support at present for 

their use in incursion management of locusts. 
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Table 26. Summary of results for each objective 

Objectives Chapters Summary of results 
Examine the inter- and intra-

annual spatio-temporal variation 

in MODIS vegetation indices 

across multiple scales. 

 
 

Chapter 4 

Large spatial- temporal variation of vegetation 
indices occurred within and between years at state, 
regional and local scales.  
Spatial temporal averaging is not suitable for 
predictions. 
Any prediction based on vegetative condition has to 
be at both a fine spatial and temporal scale 
FPAR and NDVI closely correlated, GPP more 
different. 

Investigate the utility of MODIS 
vegetation indices, particularly 
Terrestrial Observation and 
Prediction System outputs (Gross 
Primary Production) in 
predicting pest locust presence 
and abundance 

 
 

Chapter 5 
and 6 

The models had a reasonable correlation with the 
data, predicting specific temporal and spatial presence 
and locations of swarms in NSW. 
However, they generally underpredicted abundance. 

Investigate at what spatial scale 
vegetation indices have the 
strongest relation to locust 
presence and abundance. 

 
 

Chapter 5 
and 6 

Chapter 5 found spatial auto-correlation at two spatial 
scales (location and site).  
Chapter 6 showed that there is very little predictive 
power at 1 and 10 km. Strongest effect is the 50 km 
spatial scale.  
Higher values of vegetation indices at the 50-km 
scale also increased the likelihood of presence and 
increased abundance of locusts. 

Compare select MODIS 
vegetation indices to see which 
correlate most strongly with 
locust presence and abundance 

 
Chapter 5 

and 6 

All of the vegetation indices had the same predictive 
capacity, even though Chapter 4 indicated that GPP 
was different to NDVI and FPAR. 

Identify other potential uses and 
limits of MODIS vegetation 
indices in locust management. 

 
Chapter 7 

MODIS has insufficient spatial and spectral 
resolution to quantify impact of locust nymphs on 
greenness or primary production even when that 
impact is visible from aerial surveillance. 

 

Implications 

So “do locusts seek greener pastures” as the title of this thesis queried?  

The theory and logic is sound; organisms should choose resources that increase their 

fitness and for locusts, this is primarily lush green grass. Research also shows that that 

locusts can see differences between yellows and greens and there is strong anecdotal 

evidence from reliable sources (Australian Plague Locust Commission) to suggest that 

in the field, locusts are attracted to green pastures and green cereal crops. If the object of 
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the thesis was to test this hypothesis, then during my 2010-2011 locust surveys in 

Victoria, I would have measured the reflectance (using a handheld radiometer) to 

determine how green each transect was and compare these radiometric values to the 

MODIS imagery. However, the object was to test the feasibility of MODIS vegetation 

indices to assist pest managers in incursion management, not to test if locusts were more 

common in greener areas of pasture.  

From a satellite or remote sensing perspective, there are a number of international 

journals specifically aimed at remote sensing of the environment, with numerous papers 

(as documented in Chapter 3) utilising either specific spectral signatures or vegetation 

indices (such as NDVI) showing that imagery can easily differentiate vegetation types 

and condition.  

So why were locusts not more common or abundant in greener or higher primary 

production areas (as defined by MODIS vegetation indices)? The placement of the 

Commission’s yearly survey data independently of green pasture (along roadsides 

throughout the locusts’ range at every 10 to 20 km) precludes any sampling bias, so the 

result is unlikely that the lack of relationship is an artefact of not sampling in greener 

paddocks. 

This leaves five main potential reasons: 

(i) Locusts do NOT preferentially congregate (or are found) in greener pastures; 

(ii) Locust foraging behaviour is more random than expected, sometimes they 

are attracted to green, other times not; 

(iii) The models may be inappropriate or not well specified; 

(iv) The vegetation indices indicies were not strongly correlated with locusts in 

Victoria (Chapter 5) possibly because Victoria is an expansion of its range 

beyond the locusts traditional home range.  

(v) The spectral, spatial or radiometric resolution of MODIS imagery is not 

sufficient to differentiate vegetative condition or determine vegetation 

suitability for locusts. Locusts may also be selecting at a micro-level beyond 

the resolution capabilities of MODIS imagery (as mentioned in Chapter 5). 
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The results from Chapter 7 (inability of vegetation indices to estimate larval feeding 

impact) indicate that the last reason is more likely. Aerial spotters could see strong 

colour differences of pastures due to feeding nymphal bands (Figure 62 in Chapter 7) 

but these could not be identified when analysing MODIS vegetation imagery.  

As discussed throughout this thesis, there are many reasons, primarily involving 

resolution and data averaging, as to why MODIS imagery may not adequately predict 

presence/abundance of locusts. In order to maximise the chance of early intervention in 

pest outbreaks, pest managers need relatively accurate temporal and spatial predictions 

(Kuhn et al. 2004; Venette et al 2010), and for the task of pest management, resolution 

matters.  

In summary the primary issues with the three types of resolution are: 

(i) Spatial Resolution – MODIS 8-day imagery is at a resolution of 1 km, 

while locusts may be selecting suitable host patches at a much finer 

scale. 

(ii) Temporal Resolution – In remote sensing, temporal resolution is usually 

negatively correlated with spatial resolution; obtaining higher spatial 

resolution usually means coarser temporal resolution. For example, 

Landsat has a 25-30 m spatial resolution, but a 16-day acquisition 

frequency; in contrast, MODIS has an 8-day composite at 1 km spatial 

resolution.  

(iii) Spectral and Radiometric Resolution – These refer to the number of 

bands measured over the visible and infrared wavelengths and the 

number of bits recorded for each band. Landsat and MODIS both 

measure five bands, but MODIS records 12-bit data to Landsat’s 8-bit. 

The greater number of bands and higher quantisation (number of bits) 

allow for greater discrimination of pixels. 

In addition, with remote sensing there are averaging effects over multiple scales: 

(i) Spatially –The sensors average the reflectance over the whole pixel 

irrespective of land-use or land management. Adjacent fields within a 

pixel may have the same land-use but different management (e.g., 
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irrigated and dryland pasture). The reflectance value would average the 

two but might not represent the true values of either. 

(ii) Spectrally – The sensors also average reflectance over sections of light’s 

wavelength (e.g., MODIS averages reflectance over 50 nm from 620-670 

nm). 

(iii) Temporal – Although MODIS has daily global acquisition, daily images 

are not directly comparable due to images being acquired at different 

angles, times and cloud cover. The 8-day composite image is the most 

appropriate as it reduces atmospheric effects, and as discussed in Chapter 

3 produces per pixel a weighted mean based on frequency of occurrence. 

These resolution and averaging issues affect all remote sensing analysis where the 

object is to determine, quantify or predict change. As discussed in Chapter 3, the 

priority requirement for the use of predictive vegetation indices is the need for high 

temporal frequency (to conform to the weather forecast limitation). MODIS vegetation 

indices with their 8-day outputs are thus the best possible compromise of the imagery 

examined. However, with more recent earth observing satellites now available, other 

options are available and these are discussed below. 

Given the data available, were locusts a suitable subject for evaluation of MODIS 

vegetation indices? There were a number of requirements for pest information (as 

discussed in Chapter 1). These were; 

(i) A need for pest data collection since 2000 to coincide with the launch of 

MODIS and the availability of its data. 

(ii) The survey records need to be collected over a large area, multiple years 

and to include absence, presence and abundance data with accurate site 

location. 

(iii) Most importantly, there must be some biological relevance that links the 

pest’s presence with the host’s condition (phenology) that could be 

monitored using reflectance data.  
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The Australian Plague Locust Commission’s annual survey data fully satisfied these 

criteria. Other potential pest records or databases such as Queensland Fruit fly trapping 

records lacked one or more of these requirements and most importantly the biological 

basis for linking vegetation reflectance to host suitability. 

So how can we progress in using remotely-sensed data to monitor and predict pest 

activity? Are there other better sources of remotely-sensed data with higher spatial and 

spectral resolution and especially with the short temporal acquisition requirement? As 

discussed in Chapter 3’s literature review, MODIS data was the only appropriate 

imagery (with relevant temporal resolution) to review the historic 2000-2010 data. I 

evaluated MODIS vegetation indices that were either inputs or outputs of the TOPS 

process (Chapter 1 and 3) however, other MODIS vegetation indices could also be 

examined. These include the enhanced vegetation index (EVI), Leaf Area Index (LAI) 

or just focusing on MODIS NDVI and utilising the 16-day, 250 m and 500 m products; 

however lower temporal resolution remains for NDVI. Importantly, in 2015, NASA 

completed a reprocessing of all MODIS archival images and produced Collection 6 

which include FPAR and GPP as an 8-day, 500 m spatial resolution product. A repeat of 

the analysis using this higher spatial resolution product may assist in determining the 

relationship between the vegetation indices and abundance of adult locusts. 

Another approach would be to utilize other sensors/platform’s vegetation indices such 

as the soil-adjusted vegetation index (SAVI) (Huete 1988). As soil moisture is one of 

the most important ecological factors controlling vegetation condition, soil moisture 

remote sensing tools such as temperature/vegetation condition index (Patel et al. 2009) 

and radar may also be useful. 

New earth-observing satellites have become available in the last few years. Landsat 8 

was launched in 2013 with imagery available from mid-2013, and when combined with 

Landsat 7, may provide adequate temporal and spatial coverage (8-day coverage at 30 m 

spatial resolution) for future analysis. Two new vegetation monitoring satellites 

launched by the European Space Agency (Sentinel 2A and 2B) will by the end of 2016 

provide multispectral images (13 spectral bands across visible to shortwave infrared 

wavelength), with spatial resolution ranging from 10-60 m and a revisit time of five 

day. Another approach would be to purchase higher resolution images such as from 
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IKONOS or Quickbird (spatial resolution 2.5-4 m, 1-5 day temporal acquisition), which 

have a series of satellites orbiting the earth and repeat the validation process. This 

obviously would be more expensive and require ongoing costs. An alternative approach 

would be to utilise a different type of remotely-sensed data. The Plant Biosecurity 

Cooperative Research Centre is funding a project exploring the feasibility of utilising 

unmanned aerial vehicles (UAVs) for a plant biosecurity surveillance project (Project 

number 2135). These UAVs will be using multispectral and hyperspectral cameras to 

image vegetation types for suitability and/or presence of plant pests at potentially fine 

scale (1 m - 1 cm) (McFayden et al. 2014; Brian McCornack, pers. comm., 2 November 

2014). 

Irrespective of the type or resolution capacity of the remotely-sensed data, any further 

development of a pest predictive model will nonetheless require a TOPS or similar 

process to predict future vegetation condition. This would involve a process that 

integrates the known present condition of the vegetation with a growth and climatic 

model. However, the main limiting factor is a national soil moisture model, which is a 

key component of a vegetation growth model. Although historic soil moisture for the 

whole of Australia is now available via COSMOS (Zreda et al. 2012; Dong et al. 2014) 

and CosmOz (Renzullo et al. 2014), there is at present no available tool or process in 

Australia to integrate weather data into a nation-wide soil moisture forecasting model. 

This and finding a suitable correlative vegetation index are still the main obstacles for a 

widespread pest incursion predictive tool.  

Other non-remote sensing approaches to assist in targeted surveillance. 

So how can one progress or improve surveillance strategies to predict location, presence 

and abundance of insect pests to aid in incursion management? Some alternative and 

complementary approaches are: 

• Community reporting/citizen science; 

• Determining environmental and climatic conditions that favour plagues; and 

• Optimising surveillance 

I will discuss the above options in relation to my research on locusts. 
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Observed vs Community science 

Utilising citizen science or public reporting is increasingly common in environmental 

monitoring. However, there a couple of known issues with using community reporting, 

primarily with sampling bias, verification and validation (Remsen 1994; Bortolus 2008; 

Crall et al. 2010; Kelling et al. 2011; Bonter and Cooper 2012; Gardiner et al. 2012; 

Roy et al. 2012; Fuccillo et al. 2014). 

During the 2010-2011 locust incursion into Victoria, the then Victorian Department of 

Primary Industries provided the ability for the public to report the location of locust 

nymphs, adults or swarms in Victoria via a web/map-based interface or a phone hotline. 

Individuals could also upload locust photos to the department’s website, but a review of 

these showed that not all images were of locusts (G. Berg pers. comm. 15 August 2011). 

Similarly, some people in the Albury - Wodonga region misinterpreted an outbreak of a 

green long-horned grasshopper (Conocephalus spp.)(Figure 72 and 73) as locusts (The 

Border mail, March 1st, 2011, Bugs life on the border; The Sydney Morning Herald, 

March 4th, 2011, Mosquitos, locust, now rain brings cricket boom). The issue of 

misidentification is common with community reports (Remsen 1994; Bortolus 2008; 

Kelling et al. 2011; Gardiner et al. 2012). 

Figure 72. “Bugs life on the border” - Photo: 
Border Mail, 4th March 2011 

Figure 73. Green long-horned grasshopper/ 
Upolu meadow katydid 
(Conocephalus upoluensis (Karny)). 

 

Secondly, public reports are often not ground-truthed or validated against field 

measurements to determine their level of accuracy. As I was also doing locust surveys 

during the 2010 - 2011 locust incursion in Victoria, this provided an opportunity to do 

such a validation. During this locust plague, the department’s web based interface and a 
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phone hotline were available for the public to report locusts. Respondents were asked to 

report location (street name and locality) and locust stage and density (as per Australian 

Plague Locust Commission’s criteria, Table 13 in Chapter 5) or numbers per square 

meter). A total of 3906 reports were collated and geocoded by the Victorian locust 

management team. I then selected from these any adult locusts reports that occurred 

within two kilometres and within a day of my ground surveys (as conducted in Chapter 

5) with my observations (Figure 74).  

A total of 21 reports met this criteria and were suitable for analysis. When the reported 

Australian plague locust density was compared to my survey data (Figure 74) it 

produced a slight positive relationship (Pearson product-moment correlation, r2 = 0.17, 

gradient = 103). The upper far right point in Figure 74a has strong leverage on the 

correlation and if this point is removed there is no correlation (r2<0.01). However, this 

data point represents a site where I found the densest infestations of locusts and where 

the public also stated high densities, thus its inclusion in the analysis is justified. What 

is most noticeable is that the reported locust abundance was generally an order or two 

magnitudes greater than my counts. 

a) 

 

r2 = 0.17   gradient =103 

b) 

 

r2 = 0.00 

Figure 74. Relationship between community reported locust density and my observed locust 
density. Red line indicates linear regression with 95% confidence limits (black dotted lines) and 
strength of relationship shown by Pearson product-moment correlation. a) all data, b) excluding 
point (circled in red in figure a) with high leverage. 

 

Summary of utilising community reporting or citizen science for surveillance 
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Although public reports can be useful, especially for reporting the presence of a 

widespread and easily identified organism, there are a number of issues with relying 

solely on these reports. These limit the usefulness of community reporting. 

Climatic factors linked to plagues – SOI, El Niño and La Niña. 

Another approach to increase the likelihood of detecting locusts is to predict times when 

they are more likely to be abundant and then survey more extensively. However, this 

may result in a danger of overestimating the likelihood of plague events and consuming 

limited resources. It has been well recorded that locust populations respond positively to 

rainfall and subsequent greening-up in inland regions of Africa and Australia (Wright 

1987; Todd et al. 2002; Deveson and Walker 2005; Deveson 2013). This then has 

sometimes been used to infer a relationship between the Southern Oscillation Index 

(SOI) and plagues, particularly with La Niña events (Deveson 2013). 

The Southern Oscillation Index is a simple measure of the strength and phase of the 

Walker Circulation and the development and intensity of El Niño or La Niña events. It 

is calculated using the monthly average air pressure difference between Tahiti and 

Darwin. When the Walker circulation weakens, and the SOI becomes persistently 

negative (below -8) an El Niño event is said to have developed. This generally leads 

lower winter and spring rainfall over much of eastern Australia. In contrast, sustained 

positive SOI values (above +8) indicate a La Niña event and an increased probability of 

eastern Australia being wetter than normal (BOM 2005) (Figure 75). 
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Figure 75. 1930-2012 Southern Oscillation Index (SOI); Monthly (bars) and 5 monthly mean 
(black line). Positive SOI values shown in blue, negative in orange. 

 

It is hard to disentangle the relationship between locust plagues and the SOI, as plagues 

are more closely related to rainfall patterns rather than to SOI directly (Deveson 2005; 

Deveson 2013). For example, Todd et al. (2002) showed that in Africa, brown locust 

activity was most strongly associated with increased December rainfall over the Karoo 

region in southern Africa. This rainfall was often associated with sustained high values 

of SOI, and hence locust activity was generally higher during La Niña than during El 

Niño events.  

However, in Australia the relationship between locust plagues and positive SOI (La 

Niña events) is less clear. Deveson (2013) describes how the development of locust 

plagues in eastern Australia usually involves an intergenerational exchange and 

migration of adult locusts between the summer and winter rainfall zones. Thus, locust 

plagues are associated with widespread summer rainfall in inland regions followed by 

winter rains further south which often happens during La Niña events (Deveson 2013). 

As an example, the most recent major plague (2010-2011) was preceded by two 

generations of successful breeding after heavy rainfalls in inland Queensland in 
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November 2009 to February 2010. The subsequent development of an intense La Niña 

by March 2010, one of the strongest on record (BOM 2012), produced further 

widespread rainfall in inland Queensland and New South Wales, allowing a third 

generation of locusts which resulted in autumn migrations into southern NSW, South 

Australia and Victoria (Deveson 2013). However, not all major La Niña events have 

locust plagues associated with them. Since 1934, there have been nine major plagues in 

eastern Australia while there are many more years with no locust plagues (greater than 

50 for the same period) (Figure 76, Deveson and Walker 2005). In contrast to the long 

term average of one plague per decade, since 1993 there have been four major outbreaks 

in eastern Australia, in 1993-1994, 1999-2001, 2003-2004 and 2009-2011 (Figure 76). 

To investigate the relationship between plagues and SOI, I examined the Bureau of 

Meteorology’s and Australian Plague Locust Commission’s databases using two 

slightly different approaches. Firstly, I utilised the Australian Plague Locust 

Commission’s seasonal level of plague score which has six levels of intensity (0 – a few 

bands or swarms to 5 – major plague >0.5 million hectares infested) from 1934-2012 

and correlated this scale to historic SOI (The monthly SOI value was transformed to an 

averaged seasonal SOI) (Figure 77). Secondly, I utilised the 2000-2010 Australian 

Plague Locust Commission’s roadside surveys of monthly frequency of sites with adult 

locusts present, with the SOI for the last decade (Figure 78, 78 and Table 27). The first 

approach utilised a longer time but locust levels were based upon seasonal (spring, 

summer, autumn) values, while the second compared monthly data over a shorter period 

(2000-2010).  
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Figure 76. Level of Australian plague locust outbreaks in eastern Australia between 1934 and 
2012. The years are divided into three seasons: summer, autumn and spring with the scale of 
outbreak; 0 – very few outbreaks to 5 – major plague with over 0.5 million hectares infested. 
The scale for the graph above is estimated from the area infested by locusts based on historical 
reviews by Casimir (1962), Farrow (1977), Key (1938), Magor (1970), Wright (1987) and 
APLC Locust Bulletins (1977-2012). http://www.daff.gov.au/animal-plant-
health/locusts/about/history. 

 

a)

 

b)

 

Figure 77. Relationship between SOI and seasonal level of locust plagues in eastern Australia 
from 1934-2012. a) Orange points represent level of locust plagues from Figure 76 with black 
line representing SOI value. b) Relationship between plague level and SOI with linear 
regression. 

 

I found no significant correlation (adjusted r2= 0.004, slope =0.012, P = 0.09) between 

SOI and the 1934-2012 level of locust plagues in eastern Australia (Figure 77b). 
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Figure 78. Monthly (vertical bars) and five month average SOI (black line) for the period 2000-
2013 showing La Niña and El Niño events. Positive monthly SOI values shown as blue 
columns, negative in orange. 

 

Table 27. La Niña and El Niño events and strength during 2000-2012 (Bureau of Meteorology 
2012). 

Year Events Strength Impact 

2002-03 El Niño  Weak Very strong, extreme drought 

2006-07 El Niño  Weak - Moderate Strong, lowest rainfall on record in Vic. 

2007-08 La Niña  Weak - Moderate Moderate to strong in north and eastern 
Australia. 

2008-09 La Niña  Weak - Moderate Very short, wetter in northern Australia 

2009-10 El Niño  Weak - Moderate Weak, very dry in southern Australia. 

2010-12 La Niña  Strong Strongest on record. Wettest 24 month 
period recorded for Australia. 

 

Again I found no significant correlation (adjusted r2= 0.09, slope =8.6, P = 0.31) 

between SOI and the monthly number of sites having adult locust present (Figure 79). 

Neither approach indicated a significant relationship between abundance of locusts (in 

either area infested or frequency of presence recorded in surveys) and the SOI. 

However, these approaches could be essentially reporting on the same thing. To 
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ascertain this, I compared the two approaches (after amalgamating the survey data into 

seasonal sets) (Figure 80). The two abundance scores (plague level and frequency of 

adult presence) surprisingly showed no relationship to each other (adjusted r2= 0.04, 

slope =0.0004, Pearson’s r = 0.27). 

 

Figure 79. Relationship between frequency of locusts present at sites (APLC surveys) and SOI 
(2000-2010). 

Figure 80. Scattergram showing relationship between locust plague level and seasonal (spring, 
summer and autumn) frequency of adult locusts found in surveys from 2000-2010. 

  

Although I am unsure why these two scores should not be correlated, of primary interest 

is that neither showed any direct or linear relationship between SIO and locust plagues. 

Although there are suggestions that plague cycles have been associated with widespread 

summer rainfall in inland regions often associated with La Niña phases (Deveson 2013), 

the dynamic is most likely more complex, as with most ecological interactions. Locust 

plagues may occur after an El Niño event or extended dry spell followed by consistent 

rainfall or a La Niña event (T. Deveson and G. Berg, pers. comm. 6 June 2011) or may 

occur after a time lag of months or years after an event. 
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To further investigate the effect of any SOI lag phase on the likelihood of locust 

plagues, I undertook a more comprehensive analysis of the 1934-2012 data. I developed 

linear regression models, using the APLC historical data of locust plagues (Xt) at time t 

(Figure 76), to predict the probability of both the occurrence of a major plague (score 4-

5, Figure 76) or of no plague (score 0-1). Time (t) relates to the seasons when locusts 

are active (spring, summer and autumn; not winter). I included a six, twelve or eighteen 

month SOI lag phase (δt) as well as a seasonal component (fixed effect of season 

compared to spring). As abundance of locust in the prior season will have an effect on 

the abundance of locust at time t, I also included a temporal element in locust 

abundance. The occurrence (or absence) of a locust plague at each time period (t) was 

drawn from a Bernoulli distribution such that; 	 ~	 	 ) 
 ( ) ( ) ( )1log t t s t t tit p S Xγ δ β β −= + + +  (9) 

Where βs(St) is the influence of season at time t and βt (Xt-1) is the influence of the 

abundance of locusts during the prior season; and to determine the influence of the 6, 

12, or 18-month time lag of the SOI; 

 ( )
{ }

,
0,6,12,18

t L L t
L

SOIδ β
∈

=   (10) 

Where βL is the coefficient of the SOI time lag (L) at time t.  
 
In the absence of prior information about the parameters estimates, uninformative 

Bayesian prior distributions were included in the model for all parameters. 
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Probability of locust Plague

 

Figure 81. Posterior means of the coefficients and explanatory variables relating to probability 
of plagues with SOI. Bars represent two posterior standard deviations (95% credible interval 
range. 

The results of the analysis (Figure 81) indicate that locust plagues are slightly associated 

with positive values of SOI but not with any lag period. There also appears to be little 

seasonal effects and as expected there are strong temporal effects (the abundance from 

the previous season is strongly related to the abundance during the present season).  

Probability of NO locust Plague 

Figure 82. Posterior means of the coefficients and explanatory variables relating to probability 
of no plagues with SOI. Bars represent two posterior standard deviations (95% credible interval 
range. 

 

In contrast to the likelihood of plagues, the likelihood of there being no plague (Figure 

82) is associated with increasing SOI (without a lag and with a 12-month time lag), but 
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negatively with a 6-month lag. Again, there was no significant effect of season and a 

strong temporal effect of prior locust abundance. 

Summary – Locust plagues and SOI 

In general, the relationship between SOI and locust plagues is not clear in Australia. 

Plagues are less likely to occur in El Niño events, but it is less certain what happens 

during La Niña events. La Niña events may have a small initial effect but negative 

effects may offset this six months later. 

The relationship between locust plagues and the SOI appears to be more linked to 

rainfall patterns than SOI directly or possibly is affected by other variables, such as a 

long dry spell leading up to a La Niña. In general, the SOI, El Niño or La Niña events 

are not good predictors of locust plagues. What is more important is rainfall in both 

inland Queensland and northern New South Wales. NDVI is a good monitoring tool for 

“greening up” of this region (Deveson and Hunter 2002; Deveson 2005; Deveson et al. 

2005) and a more appropriate and reliable indicator for potential plagues. Since 2005 

the Australian Plague Locust Commission has been using NDVI to measure greening of 

this area to help monitor locusts. 

Optimal surveillance 

My doctoral research indicated that targeting surveillance for locusts in particular areas 

based on either predicted vegetative condition using MODIS vegetation indices or based 

on SOI has limited practical applications or value. Faced with having to continue wide-

spread yearly monitoring with fixed resources, an alternative approach might be to 

optimise or find the minimum number of surveys required to have a reasonable certainty 

of finding the pest. However, we know that any biological survey is never 100% 

accurate; in fact, imperfect detection is the rule rather than the exception (Chen et al. 

2013).  

Another approach to surveillance is to determine the minimum effort required to obtain 

a desired probability of detection (Royle et al. 2005; Elphick 2008; Kery and Schmidt 

2008; McDonald-Madden 2011; Wintle et al. 2012; Moore et al. 2014). Surveillance is 

often limited by available resources (personnel and travel costs) ensuring a trade-off 
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between amount and length of each survey and area explored. Surveyors have to decide 

between fewer, spatially close locations or those more spread apart (with increased 

travel time) and the associated benefit of detecting new occurrences. If there is no 

variation in the detectability of the species, surveyors need only survey each site once to 

minimise the cost of travel. An optimal surveillance strategy for the allocated resources 

can thus be determined. However, if there is variability in detection (due to different 

densities, life stages, vegetation or other factors) then failure to account for this 

variation can lead to inefficient surveys. Moore et al. (2014) found that if variability in 

detection increases then for optimal surveillance, one should undertake more and shorter 

surveys per site.  

The data I have examined in my thesis can be used to evaluate if a predicted optimal 

surveillance method that takes into account variable detection provides the best locust 

surveillance method. Moore et al. (2014) indicated that for common species such as 

locusts (assuming a high mean detection rate) it is optimal to have more dispersed 

surveys. In comparison rare, hard to detect species (low detection rates) should have 

fewer but more intense (longer) surveys. 

The model of Moore et al. (2014) predicts the optimal number of surveys (and length of 

each survey) to maximise the probability of finding a target at least once given a 

particular search budget (total time available for searching and travelling). The model 

accounts for the average detection rate of surveys, variation in the detection rate 

between surveys, and the travel time for each survey. The travel time for each survey is 

lost from the total time budget when a new survey is conducted. This loss of searching 

time trades off against the increased likelihood of encountering good survey conditions 

at least once when more (but shorter) surveys are conducted. Moore et al. (2014) 

evaluated the predicted optimal survey method using experimental data at the scale of 

small plots; the locust data provides an opportunity to evaluate the method at a national 

scale using non-experimental survey conditions. 

I reviewed the locust survey data for 2000 to 2008 in the locust’s central range and 

divided the area into six equal areas (each 300 km x 300 km) (Figure 83). I used the 

2000 to 2004 spring data to determine the mean and standard deviation of the detection 

rates for each of the areas (Table 28 and Figure 84). These estimated values were used 
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to predict the survey strategy (as per Moore et al. 2014) that would maximize the 

probability of detection, and these predictions were evaluated with the spring 2005-

2008 data. As the level of available resource (or cost of the survey) is arbitrary for the 

purposes of this evaluation, three different values of 3, 7, and 14 hours were used for the 

travel times. I used the process, methodology and equations identified by Moore et al. 

(2014). 

a) 2000-2004 b) 2005-2008

Figure 83. Six regions each 300 km x 300 km a) Spring 2000-04 used to derive model  b) 
Observed data Spring 2005-08 (Red, absence – green, presence). 

 

Table 28. Number of spring surveys for 2000-2004 and 2005-2008 for each region showing 
number of locust presence and absence records. 

Region Spring years Weeks Total surveys Presences Absences 

1 
00-04 22 469 28 441 

05-08 26 450 27 423 

2 
00-04 19 697 168 529 

05-08 30 1,421 318 1,103 

3 
00-04 26 401 195 206 

05-08 33 1,181 343 838 

4 
00-04 39 983 509 474 

05-08 40 1,499 354 1,145 

5 
00-04 13 360 94 266 

05-08 16 639 161 478 

6 
00-04 21 720 379 341 

05-08 29 2,280 1,103 1,177 

Subtotal 
00-04 140 3,630 1,373 2,257 

05-08 174 7,470 2,306 5,164 

Total  314 11,100 3,679 7,421 
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Region 1 

 

Region 2 

 

Region 3 

 

Region 4 

 

Region 5 

 

Region 6 

 

Figure 84. Mean Detection rates and 95% confidence intervals for the six regions based on 
spring 2000-2004 locust survey data.	
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a) Cost = 3 

 
Slope = 0.73    r2 = 0.89  Pearson's r = 0.94 

b) Cost = 7 

 
Slope = 1   r2 = 0.96   Pearson's r =0.98 

c) Cost = 14 

 
Slope =1.1   r2 = 0.97  Pearson's r = 0.99 

Figure 85. Relationship between observed versed predicted optimal number of surveys required 
to detect locusts for the spring period 2005-2008 in the 6 regions at three different arbitrary 
costs (3, 7, 14). The strength of the relationship between the observed and predicted values is 
indicated by the Pearson product-moment correlation, adjusted r2, slope of regression line with 
fixed y intercept at 0. The solid line indicates x=y. 
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Discussion on optimal surveillance 

What is most noticeable is that the predicted optimum number of surveys based on the 

2000-2004 spring detection data correlates highly in nearly all cases, over all grids and 

irrespective of costs with the observed optimal number of surveys for 2005-2008 

(Figure 85). The mean detection rates and 95% credible intervals (Figure 84) vary 

between the six areas, with the three western areas (1, 2 and 5) having greater 

uncertainty and lower probabilities of detection per visit than the three eastern areas. 

However, the only major difference is Region 5 where cost is 3 hours. In this particular 

case, the most likely cause for discrepancy between observed and predicted optimal 

survey is a significant change in detection in this region between 00-04 and 05-08.  

The strong correlation between the predicted and observed optimal number of surveys 

suggests that the method of Moore et al. (2014) can optimise detection in the presence 

of travel costs and variation in detection rates, even over large areas and when using 

data collected for operational rather than experimental purposes. This method can help 

to determine the trade-off between surveying fewer sites more intensively (for longer 

periods) or more sites for shorter periods but with increased travelling times. Although 

this evaluation is less relevant for locust management where managers want to know 

more than simply presence within the large geographic areas that I examined, this could 

be important for other less prevalent pest species, or for rarer but widespread threatened 

species, and at finer spatial resolution. 

Final comment 

At present, there are no predictive spatio-temporal tools for pest incursion managers. 

My thesis evaluated the use of MODIS vegetation indices to predict the presence and 

abundance of locusts. I found some statistically significant relationship between values 

of MODIS vegetation indices and locust presence/abundance. However, there was a 

large random component and the vegetation indices only explained a relatively small 

amount of the variation in observed locust presence and abundance. In addition, I found 

that the MODIS vegetation indices examined, correlated too weakly and variably over 

time to the density of adult locusts. 
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However, other options show potential for future decision tools for pest management. 

Improved sensors and multiple satellites (e.g. multiple Landsat platforms) may provide 

sufficient temporal, spatial and spectral resolution for a predictive model to be 

developed. The use of unmanned aerial vehicle systems with hyperspectral imaging 

capabilities may also provide a more suitable tool for incursion managers. In addition, , 

I have shown that optimal surveillance has the potential to support pest management, 

with an empirical test demonstrating good performance of optimal surveillance 

methods. 
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Appendix A – Additional data relating to Chapter 6 

Table 1 Number of APLC survey records for each vegetation indices by locust density 
class, land-use and generation for the 2000-2009 APLC data sets. 
FPAR       APL Density 0 1 2 3 TOTAL 

Gen1 (Shrubs) 7629 1733 183 69 9,614 

Gen1 (Grass) 1680 624 131 53 2,488 

Gen1 (Cereal) 1322 654 149 171 2,296 

Total Gen 1 10,631 3,012 465 296 14,398 

Gen2 (Shrubs) 7486 4032 412 136 12,066 

Gen2 (Grass) 1220 912 166 98 2,396 

Gen2 (Cereal) 914 868 291 111 2,184 

Total Gen 2 9,620 5,812  869 345 16,646 

TOTAL ALL FPAR 20,251 8,823 1,332 638 31,044 

 

GPP       APL Density 0 1 2 3 TOTAL 

Gen1 (Shrubs) 2938 1101 127 37 4,203 

Gen1 (Grass) 1586 607 130 56 2,379 

Gen1 (Cereal) 1298 637 146 170 2,251 

Total Gen 1 5,822 2,346 405 266 8,833 

Gen2 (Shrubs) 2970 2298 267 87 5,622 

Gen2 (Grass) 1103 852 152 91 2,198 

Gen2 (Cereal) 864 845 281 91 2,081 

Total Gen 2 4,937 3,995 700 269 9,901 

TOTAL ALL GPP 10,759 6,340 1,103 532 18,734 

 
NDVI     APL Density 0 1 2 3 TOTAL 

Gen1 (Shrubs) 4274 1027 117 53 5,471 

Gen1 (Grass) 1059 395 82 51 1,587 

Gen1 (Cereal) 919 464 87 76 1,546 

Total Gen 1 6,252 1,887 288 183 8,610 

Gen2 (Shrubs) 2603 1892 219 71 4,785 

Gen2 (Grass) 312 456 108 55 931 

Gen2 (Cereal) 363 549 170 80 1,162 

Total Gen 2 3,278 2,897 497 206 6,878 

TOTAL ALL NDVI 9,530 4,783 783 386 15.482 
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Figure 1. The modelled change in locust abundance with the vegetation indices  (at 50-km scale) compared to observed locust abundance 

(0-3 ordinal scale).The value of vegetation indices at the 1- and 10-km scales are assumed to be constant (either high or low GPP), and only 

the average value of the vegetation indices at the 50-km scale varies. Observed locust abundance is represented by green and red points 

based upon the 50-km scale value of the vegetation index but with constant low or high values of the vegetation index at the 1- and 10-km 

scales respectively. Modelled locust abundance is represented as green and red solid lines based on fixed high or low values of the 

vegetation index at 1- and 10-km scales respectively. Black dotted lines represent 5% and 95% confidence intervals of either fixed low or 

high values of the vegetation index at 1- and 10-km scales respectively.  
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Table 2. 2000-2009 – Log Abundance model. Posterior means of the coefficients and explanatory variables of 1st and 2nd generation 
locust abundance model for all three vegetation indices with 95% credible intervals in parentheses. Fixed effects of land-use is relative to 
shrubs.  

  γ β1 VI 1 km 
β2 VI2 1 

km 
β3 VI 10 

km 
β4 VI2 10 

km 
β5 VI 50 

km 
β6 VI2  50 

km 
Fe Grass Fe Cereals Sd_Modd Sd_re 

F
P

A
R

 

1st
 g

en
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[-2.1, -1.6] 

-0.10 
 

[-0.21, 0.01] 

-0.032 
 

[-0.08, 0.01] 

-0.45 
 

[-0.65, -0.25] 

0.17 
 

[0.08, 0.26] 

0.51 
 

[0.33, 0.68] 

-0.19 
 

[-0.27, -0.11] 

0.52 
 

[0.44, 0.61] 

0.79 
 

[0.71, 0.87] 

1.03 
 

[0.87, 1.2] 

0.040 
 

[0.007, 0.11] 

2nd
 g

en
 

-1.05 
 

[-1.2, -0.88] 

-0.082 
 

[-0.14, -0.02] 

0.016 
 

[-0.005, 0.04] 

0.047 
 

[-0.05, 0.15] 

-0.033 
 

[-0.07, 0.003] 

0.12 
 

[0.04, 0.21] 

-0.033 
 

[-0.07, 0.002] 

0.37 
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0.48 
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0.021 
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0.80 
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G
P
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 1st
 g

en
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[-1.4, -0.91] 

-0.084 
 

[-0.24, 0.07] 

-0.034 
 

[-0.11, 0.04] 

-0.37 
 

[-0.65, -0.10] 

0.11 
 

[-0.04, 0.25] 

0.64 
 

[0.41, 0.87] 

-0.28 
 

[-0.41, -0.15] 

-0.020 
 

[-0.11, 0.07] 

0.22 
 

[0.13, 0.31] 

1.03 
 

[0.86, 1.2] 

0.035 
 

[0.008, 0.09] 

2nd
 g

en
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[-1.0, -0.63] 
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-0.090 
 

[-0.27, 0.09] 

0.019 
 

[-0.04, 0.08] 

0.29 
 

[0.14, 0.45] 
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0.019 
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D
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[-0.61, -0.04] 
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[-0.10, 0.22] 

0.75 
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-0.24 
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0.25 
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0.21 
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[-1.4, -0.77] 

0.0094 
 

[-0.08, 0.10] 

0.0019 
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0.011 
 

[-0.12, 0.14] 

-0.0073 
 

[-0.044, 0.03] 

0.18 
 

[0.07, 0.28] 

-0.031 
 

[-0.06, 0.0009] 

0.43 
 

[0.34, 0.52] 

0.44 
 

[0.35, 0.53] 

0.018 
 

[0.005, 0.043] 

0.88 
 

[0.69, 1.2] 
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Table 3. Posterior means of the coefficients and explanatory variables of 1st and 2nd generation 2000-2008 training data set locust 

abundance model for all three vegetation indices with 95% credible intervals in parentheses. Fixed effects of land-use is relative to shrubs.  

  γ β1 VI 1 km 
β2 VI2 1 

km 
β3 VI 10 

km 
β4 VI2 10 

km 
β5 VI 50 

km 
β6 VI2  50 

km 
Fe Grass Fe Cereals Sd_day Sd_re 

F
P

A
R

 1st
 g

en
 

-1.72 
 

[-2.0, -1.5] 

-0.030 
 

[-0.18, 0.12] 

-0.050 
 

[-0.11, 0.007] 

-0.26 
 

[-0.54, 0.20] 

0.089 
 

[-0.03, 0.20] 

0.67 
 

[0.42, 0.92] 

-0.19 
 

[-0.30, -0.09] 

0.27 
 

[0.15, 0.38] 

0.34 
 

[0.22, 0.45] 

1.11 
 

[0.92, 1.4] 

0.030 
 

[0.003, 0.08] 

2nd
 g

en
 

-1.09 
 

[-1.3, -0.89] 

-0.061 
 

[-0.13, 0.01] 

0.0084 
 

[-0.02, 0.03] 

0.055 
 

[-0.06, 0.17] 

-0.019 
 

[-0.06, 0.02] 

0.17 
 

[0.07, 0.27] 

-0.068 
 

[-0.11,-0.03] 

0.36 
 

[0.29, 0.44] 

0.48 
 

[0.41, 0.55] 

0.85 
 

[0.71, 1.0] 

0.024 
 

[0.005, 0.05] 

            

G
P

P
 1st

 g
en

 

-1.00 
 

[-1.3, -0.73] 

0.027 
 

[-0.2, 0.26] 

-0.088 
 

[-0.19, 0.01] 

-0.036 
 

[-0.45, 0.38] 

-0.013 
 

[-0.21, 0.19] 

0.51 
 

[0.14, 0.87] 

-0.19 
 

[-0.37, -0.007] 

-0.30 
 

[-0.43, -0.18] 

-0.25 
 

[-0.38, 0.13] 

1.10 
 

[0.91, 1.3] 

0.035 
 

[0.007, 0.08] 

2nd
 g

en
 

-0.87 
 

[-1.1, -0.65] 

-0.076 
 

[-0.2, 0.05] 

0.017 
 

[-0.02, 0.06] 

-0.066 
 

[-0.28, 0.15] 

0.032 
 

[-0.04, 0.1] 

0.34 
 

[0.15, 0.52] 

-0.13 
 

[-0.19, -0.06] 

0.14 
 

[0.05, 0.22] 

0.18 
 

[0.1, 0.27] 

0.86 
[0.70, 1.05] 

0.015 
 

[0.0006, 0.05] 

             

N
D

V
I 1st

 g
en

 

-1.44 
 

[-1.8, -1.09] 

-0.072 
 

[-0.27, 0.13] 

-0.055 
 

[-0.15, 0.04] 

-0.26 
 

[-0.6, 0.08] 

0.038 
 

[-0.15, 0.22] 

0.68 
 

[0.41, 0.96] 

-0.22 
 

[-0.38, -0.06] 

0.21 
 

[0.10, 0.33] 

0.22 
 

[0.10, 0.34] 

1.17 
 

[0.92, 1.5] 

0.040 
 

[0.005, 0.09] 

2nd
 g

en
 

-1.18 
 

[-1.6, -0.8] 

-0.0059 
 

[-0.11, 0.1] 

0.0032 
 

[-0.02, 0.03] 

0.024 
 

[-0.12, 0.17] 

-0.0029 
 

[-0.04, 0.04] 

0.18 
 

[0.07, 0.30] 

-0.038 
 

[-0.07, -0.005] 

0.42 
 

[0.32, 0.51] 

0.41 
 

[0.32, 0.51] 

0.97 
 

[0.72, 1.3] 

0.02 
 

[0.001, 0.05] 

. 
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Table 4. Posterior means of the coefficients and explanatory variables of 1st and 2nd generation 2000-2008 (training data set) locust swarm 
presence/absence model for all three vegetation indices with 95% credible intervals in parentheses Fixed effects of land-use is relative to 
shrubs. Note; GPP first generation shaded due to non-convergence of model. 

  γ 
β1 VI 1 
km 

β2 VI2 1 km β3 VI 10 km β4 VI2 10 km 
β5 VI 50 
km 

β6 VI2  50 
km 

Fe Grass Fe Cereals Sd_day Sd_re 

F
P

A
R

 1st
 g

en
 

-15.64 
 

[-29.6, -9.6] 

-0.019 
 

[-1.8, 1.8] 

-0.25 
 

[-1.5, 0.68] 

1.23 
 

[-2.2, 4.6] 

-1.58 
 

[-4.4, 0.54] 

0.25 
 

[-2.49, 3.4] 

0.41 
 

[-1.7, 24] 

1.47 
 

[0.22, 3.5] 

0.012 
 

[-1.3, 1.4] 

2.57 
 

[3.93, 12.7] 

7.09 
 

[0.57, 7.0] 

2nd
 g

en
 -8.10 

 
[-9.9, -
6.67] 

-0.15 
 

[-0.57, 0.27] 

0.028 
 

[-0.097, 0.16] 

-0.081 
 

[-0.81, 0.63] 

-0.0066 
 

[-0.23, 0.20] 

1.00 
 

[0.38, 1.60] 

-0.34 
 

[-0.54, -0.11] 

1.52 
 

[1.06, 2.0] 

2.05 
 

[1.6, 2.5] 

3.58 
 

[2.5, 5.2] 

0.54 
 

[0.26, 1.0] 

G
P

P
* 1st

 g
en

* -115.2 
 

[-247, -18.1] 

9.37 
 

[-4.8, 33.5] 

-3.36 
 

[-19.5, 6.6] 

5.35 
 

[-26.0, 43.9] 

-19.8 
 

[-50.0, -1.38] 

-8.1 
 

[-43.1, 1.9] 

12.24 
 

[-1.3, 34.0] 

5.16 
 

[-2.22, 22.9] 

-5.84 
 

[-17.0, 3.5] 

54.9 
 

[9.5, 98.4] 

26.7 
 

[2.9, 67.4] 

2nd
 g

en
 

-8.67 
 

[-12.5, -6.7] 

0.24 
 

[-0.46, 0.97] 

-0.053 
 

[-0.29, 0.17] 

-1.85 
 

[-3.1, -0.64] 

0.74 
 

[0.28, 1.20] 

2.43 
 

[1.3, 3.7] 

-1.05 
 

[-1.7, -0.5] 

1.38 
 

[0.83, 2.0] 

1.46 
 

[0.92, 2.0] 

4.10 
 

[2.6, 6.8] 

0.61 
 

[0.29, 1.2] 

N
D

V
I 1st

 g
en

 -1.48 
 

[-1.9, -
1.1] 

-0.073 
 

[-0.26, 0.12] 

-0.054 
 

[-0.15, 0.04] 

-0.26 
 

[-0.6, 0.08] 

0.037 
 

[-0.14, 0.22] 

0.69 
 

[0.40, 0.96] 

-0.22 
 

[-0.38, -0.06] 

0.21 
 

[0.10, 0.33] 

0.23 
 

[0.11, 0.34] 

1.18 
 

[0.92, 1.5] 

0.054 
 

[0.02, 0.10] 

2nd
 g

en
 

-11.73 
 

[-16.5, -7.0] 

0.03 
 

[-0.56, 0.63] 

0.059 
 

[-0.08, 0.20] 

-0.40 
 

[-1.3, 0.44] 

0.13 
 

[-0.10, 0.36] 

1.43 
 

[0.74, 2.2] 

-0.45 
 

[-0.66, -0.25] 

2.26 
 

[1.6, 3.1] 

2.55 
 

[2.0, 3.3] 

6.27 
 

[3.08, 11.7] 

0.87 
 

[0.19, 2.0] 

*Logit model for 1st generation GPP did not converge. Posterior density function statistics had very large credible interval range and were 
not graphed. 
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Figure 2. Pearson product-moment correlation correlation (adjusted r2), showing strength of relationship between observed and modelled 
locust abundance when utilising 2000-2009 (first two columns) 2000-2008 (training data set third and fourth columns) and swarm 
predictive 2000-2008 training data (last two columns). The red line represents the regression line and the blue lines shows the 95% 
confidence intervals 

 00-09 full – 1st gen 00-09 full 2nd gen 00-08 log 1st gen 00-08 log 2nd gen 00-08 logit 1st gen 00-08 logit 2nd gen 

FPAR 
 
 
r2= 0.33 0.24 0.30 0.29 0.80 0.27 

GPP 
 
r2= 0.38 0.27 0.38 0.34 

* n/a 

0.38 

NDVI 
 
 
r2= 0.43 0.37 0.33 0.37 0.11 0.42 

*Logit model for 1st generation GPP did not converge. PDF summary statistics had very large credible intervals and were not graphed. 
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Appendix B – Additional data relating to Chapter 7 

Figure 1. Boxplots of North Mallee comparison of mean VI (FPAR, GPP and NDVI) 
between locust nymph presence (orange) and Pseudo-absence (black), pre-, during and 
post locust nymphal bands being identified from the aerial surveys for MODIS Julian 
day time periods. Boxes represent interquartile range (25-75%), median line and 
whiskers 1.5x interquartile range. Outliers are represented as points. 

VI 
Date 
sighted 

Average VI pre-during-post sighting Change in VI between time periods 

FPAR 
289 
n = 68 

 

FPAR 
297 
n = 52 

 

GPP 
289 
n = 68 
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GPP 
297 
n = 52 

 

NDVI 
n = 120 
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Figure 2  Boxplots of South Mallee comparison of mean VI (FPAR, GPP and NDVI) 
between locust nymph presence (orange) and Pseudo-absence (black) ), pre-, during 
and post locust nymphal bands being identified from the aerial surveys for MODIS 
Julian day time periods. Boxes represent interquartile range (25-75%), median line and 
whiskers 1.5x interquartile range. Outliers are represented as points. 

VI 
Date 
sighted 

Average VI Boxplot pre, during, post 
sighting 

Change in VI between time periods 

FPAR 
289 
n = 68 

 

 

FPAR 
297 
n = 113 

 

 

FPAR 
305 
n = 71 
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GPP 
289 
n = 68 

 

GPP 
297 
n = 113 

 

GPP 
305 
n = 71 

 

 

NDVI 
n = 182 
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Figure 3. Boxplots of East Grampians comparison of mean VI (FPAR, GPP and NDVI) 
between locust nymph presence (orange) and Pseudo-absence (black), pre-, during and 
post locust nymphal bands being identified from the aerial surveys for MODIS Julian 
day time periods. Boxes represent interquartile range (25-75%), median line and 
whiskers 1.5x interquartile range. Outliers are represented as points. 

VI 
Date 

sighted 

Average VI Boxplot pre, during, post 
sighting 

Change in VI between time periods 

FPAR 
041 

n = 39 

 

FPAR 
049 

n = 16 

GPP 
041 

n = 39 
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GPP 
049 

n = 16 

 

NDVI 
041 

n = 182 

  

 

Figure 4 Boxplots of West Grampians comparison of mean VI (FPAR, GPP and NDVI) 
between locust nymph presence (orange) and Pseudo-absence (black) ), pre-, during 
and post locust nymphal bands being identified from the aerial surveys for MODIS 
Julian day time periods. Boxes represent interquartile range (25-75%), median line and 
whiskers 1.5x interquartile range. Outliers are represented as points. 

VI 
Date 
sighted 

Average VI Boxplot pre, during, post 
sighting 

Change in VI between time periods 

FPAR 
041 
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FPAR 
049 

 
 

GPP 
041 

 
 

GPP 
049 

 

NDVI 
041 
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Figure 5. Top row - Boxplots of North Mallee comparing relative (to central pixel - Z0 
nymph presence) FPAR of Zones, 1 2 & 3 pixels away and combinations of adjacent 
Zones, Z 1,2, Z 2,3 and Z 1,2,3. Bottom row - Comparing mean FPAR change between 
pre- and during nymph presence feeding (left) and during to post nymph presence 
(right) of central pixel and zones. Boxes represent interquartile range (25-75%), median 
line and whiskers 1.5x interquartile range. Outliers are represented as points. 
VI & 
Date 

Pre- During Post 

Anom

aly 

 

 

 

FPAR 

289 

n = 15 

 

 

 

FPAR 

297 

n = 11 
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Figure 6. Top row- Boxplots of North Mallee comparing relative (to central pixel - Z0 nymph 
presence) GPP of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 1,2, Z 2,3 
and Z 1,2,3. Bottom row - Comparing mean GPP change between pre- and during nymph 
presence feeding (left) and during to post nymph presence (right) of central pixel and zones. 
Boxes represent interquartile range (25-75%), median line and whiskers 1.5x interquartile range. 
Outliers are represented as points. 
VI & 
Date 

Pre- During Post 

GPP 

289 

n=16 

 

GPP 

297 

n = 11 
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Figure 7. Top row -Boxplots of North Mallee comparing relative (to central pixel - Z0 nymph 
presence) NDVI of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 1,2, Z 
2,3 and Z 1,2,3. Bottom row - Comparing mean NDVI change between pre- and during nymph 
presence feeding (left) and during to post nymph presence (right) of central pixel and zones. 
Boxes represent interquartile range (25-75%), median line and whiskers 1.5x interquartile range. 
Outliers are represented as points. 
VI & 
Date 

Pre- Post 

NDVI 
297 
n= 22 
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Figure 8. Boxplots of South Mallee comparing relative (to central pixel - Z0 nymph presence) 
FPAR of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 1,2. Z 2,3 and Z 
1,2,3. Bottom row - Comparing mean FPAR change between pre- and during nymph presence 
feeding (left) and during to post nymph presence (right) of central pixel and zones. Boxes 
represent interquartile range (25-75%), median line and whiskers 1.5x interquartile range. 
Outliers are represented as points 

VI & 
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Pre- During Post 

FPAR 
297 
n = 16 

 

FPAR 
305 
n = 13 
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Figure 9.  Boxplots of South Mallee comparing relative (to central pixel - Z0 nymph presence) 
GPP of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 1,2. Z 2,3 and Z 
1,2,3. Bottom row - Comparing mean GPP change between pre- and during nymph presence 
feeding (left) and during to post nymph presence (right) of central pixel and zones. Boxes 
represent interquartile range (25-75%), median line and whiskers 1.5x interquartile range. 
Outliers are represented as points. 
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Date 

Pre- During Post 

GPP 
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Figure 10. Boxplots of South Mallee comparing relative (to central pixel - Z0 nymph 
presence) NDVI of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 
1,2. Z 2,3 and Z 1,2,3. Bottom row - Comparing mean NDVI change between pre- and 
during nymph presence feeding (left) and during to post nymph presence (right) of 
central pixel and zones. Boxes represent interquartile range (25-75%), median line and 
whiskers 1.5x interquartile range. Outliers are represented as points. 
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Figure 11. Boxplots of combined Grampians comparing relative (to central pixel - Z0 nymph 
presence) FPAR of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 1,2. Z 
2,3 and Z 1,2,3. Bottom row - Comparing mean FPAR change between pre- and during nymph 
presence feeding (left) and during to post nymph presence (right) of central pixel and zones. 
Boxes represent interquartile range (25-75%), median line and whiskers 1.5x interquartile range. 
Outliers are represented as points. 
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Figure 12. Boxplots of combined Grampians comparing relative (to central pixel - Z0 nymph 
presence) GPP of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 1,2. Z 
2,3 and Z 1,2,3. Bottom row - Comparing mean GPP change between pre- and during nymph 
presence feeding (left) and during to post nymph presence (right) of central pixel and zones. 
Boxes represent interquartile range (25-75%), median line and whiskers 1.5x interquartile range. 
Outliers are represented as points. 
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Figure 13. Boxplots of combined Grampians comparing relative (to central pixel - Z0 nymph 
presence) NDVI of Zones, 1 2 & 3 pixels away and combinations of adjacent Zones, Z 1,2. Z 
2,3 and Z 1,2,3. Bottom row - Comparing mean FPAR change between pre- and during nymph 
presence feeding (left) and during to post nymph presence (right) of central pixel and zones. 
Boxes represent interquartile range (25-75%), median line and whiskers 1.5x interquartile range. 
Outliers are represented as points. 
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