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Abstract 

Pollination is vital for ecosystem health, with 60 – 90% of plant species globally requiring 

animal pollination. This has a direct impact on humans, with over 80% of all crops 

depending on insect pollination to some extent. This is estimated to be worth a total of 

€153 billion annually (approximately 9.5% of the total production value of all crops). 

Honeybees (Apis mellifera) have a globally significant role in crop pollination and are the 

most economically valuable pollinator for many monoculture crops. With honeybee 

nutrition a key factor in pollination efficacy, Western Australian apiarists heavily utilise the 

Corymbia calophylla forests to both manage the condition of their bees as well as produce 

some of the highest antimicrobial honey in the world. As these forests cover an area of 

more than 84,000 km2, apiarists travel thousands of kilometres every year to inspect apiary 

sites and move bees between optimal locations during the Corymbia calophylla flowering 

period of February to March. 

As mature Corymbia calophylla trees are over 10 m tall and honeybees typically seek food 

sources up to 1 km from their hives, it is not feasible to accurately determine the flower 

abundance of an apiary site from the ground. With the rapid increased availability of high-

quality, recreational UAVs in recent years, an algorithm has been developed to measure 

relative differences in flower abundance both between apiary sites and over the flowering 

period. The recommended UAV survey specifications from a clustering analysis of Corymbia 

calophylla images using standard red-green-blue multispectral sensors can classify flower 

abundance to 90% accuracy. 

To assist apiarists with apiary site assessment remotely, analysis of ground-based 

spectroradiometer data was done to determine the optimum satellite-based sensor to 

detect changes in Corymbia calophylla flowers. The Marri Flowering Index was developed 

based on the spectral bands with the highest sensitivities to flower abundance. This index is 

calculated by dividing the green visual band data by the near-UV band (Band 10 / Band 8 for 

MODIS for example). The index was able to reliably discriminate good honey producing 

years versus moderate to poor years for a mature Corymbia calophylla forest site near 

Perth, Western Australia. However, further work is required to assess the index’s efficacy in 

areas of lower forest coverage and its ability to measure changes in flower abundance 

during a single season. 

To develop a predictive model of honey harvest for a given apiary site, honey harvest data 

over 8 years from 16 apiary sites were compared with vegetation indices. The MODIS NDVI 
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was reliably able to discriminate between good versus moderate to poor harvest yearsusing 

a Decision Tree model but unable to distinguish between moderate and poor years. 

Addition of weather data for the month immediately prior to flowering improved the 

discrimination of good harvest years and was able to discriminate between good, moderate 

and poor years with 70% accuracy. 

With the combination of satellite-derived vegetation indices and weather proven able to 

classify honey harvest quality, machine learning algorithms were applied to larger set of 

weather and satellite vegetation index data to create a quantitative prediction model. After 

several stages of analysis, a Gradient Boosted Regression model was developed, capable of 

predicting the honey harvest per hive with a Mean Average Error of +/- 8.9 kg, against a 

harvest range of 0 to 71 kg. This model used the January Evapotranspiration data from the 

MODIS sensor and the average maximum temperature for November. With Corymbia 

calophylla typically starting in February, an additional Gradient Boosted Regression model 

was created using only the November average maximum temperature. While the Mean 

Average Error was higher (+/- 11.7 kg), this model gives apiarists a harvest prediction two 

months prior to the onset of flowering, giving more time to adjust apiary management 

plans accordingly with a more accurate prediction given closer to the start of flowering. 

While each of the three algorithms developed in this research have been specific to 

Corymbia calophylla trees, the development method for each algorithm can be readily 

applied to other honey producing species. The machine learning prediction model in 

particular has used datasets that are widely available across the honey producing areas of 

the world. As a result, the methodology can be readily used to create predictive models for 

other species or regions with sufficient availability of honey harvest records. 
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1 General Introduction 

1.1 Overview 

The beekeeping industry in Western Australia has grown rapidly in the past decade, from 

660 registered beekeepers in 2010 to over 3,000 in 2019 (Thomson 2019). In addition, 

honey produced from Western Australia has some of the highest antimicrobial properties 

known for honey (Irish et al. 2011). As these high antimicrobial honey varieties are 

produced from Corymbia calophylla (marri) and Eucalyptus marginata (jarrah) trees that 

occur across a large area (see Figure 1-1) of approximately 84,000 km2 (Herbarium 2015), 

beekeepers often travel long distances to inspect apiary sites and manage their beehives. 

Access to a geospatial tool to map and predict areas of higher and lower honey production 

would make apiary management more efficient and improve industry safety by reducing 

the amount of rural driving required. 

 

Figure 1-1: Geographic extent of Corymbia calophylla (Herbarium 2015) 

While there have been several studies into the potential for remote sensing data to provide 

this information for south-east Australia (for example Webber (2011) and Arundel et al. 

(2016)), there has been limited work in this research in the south-west of Australia, nor has 
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there been significant progress in developing the qualitative relationships identified in 

these studies into a quantitative model. 

This thesis presents the research conducted to develop methods to map and predict the 

volume of Corymbia calophylla honey produced per beehive for a given apiary site from a 

combination of remote sensing and weather station inputs. This includes: 

- The development of a drone imagery flower detection algorithm for detailed 

inspection of specific apiary sites 

- Spectral separation analysis of marri flowers compared with their environment 

- Development of a machine learning predictive model, the development process of 

which may be applied to other species or regions around the globe. 

This chapter provides general background of the economic and ecological importance of 

honey bees, some of the recent research pertaining to the medicinal and nutritional 

properties of honey from Western Australia, an outline of the research presented in this 

thesis and how the research objectives may assist with improving honey bee health, honey 

production and assessing ecosystem health. 

1.2 Background 

Pollination is a vital role in ecosystem services around the world, with 60 – 90% of plant 

species requiring animal pollination (Kremen et al. 2007). Humans are direct beneficiaries 

of these pollination services, with over 80% of all crops depending on insect pollination to 

some extent (Aizen et al. 2019). This was estimated to be worth a total of €153 billion by 

Gallai et al. (2009), with this figure representing 9.5% of the total production value of all 

crops grown for consumption by humans. A later study by Lautenbach et al. (2012) showed 

that while the value of pollinated crops was fairly stable at the start of the 21st century, the 

value has risen noticeably since 2009 when consistent increases in producer prices began to 

be seen. In addition to the direct benefits of pollination, Patel et al. (2020b) has suggested 

that bees can contribute to 15 of 17 of the United Nation’s Sustainable Development Goals 

(SDGs). 

While there are over 20,000 different species of insects that contribute to pollination 

(Lieutier et al. 2017), honey bees (Apis mellifera) have a globally significant role in crop 

pollination (Potts et al. 2016), and are indeed the most economically valuable pollinator for 

many monoculture crops around the world (Klein et al. 2007). 
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Considering Australia in particular, Gill (1989) established that the economic value of honey 

bees was between A$600 million and A$1.2 billion. This figure was updated by Karasinski 

(2018) to be between A$8.35 billion and A$19.97 billion for the 2014-2015 financial year 

(1st July 2014 to 30th June 2015), compared with a gross value of production (GVP) for the 

Australian honey bee industry of A$101 million over the same period (van Dijk et al. 2016). 

With the economic value of honey bees in Australia being over 100 times the GVP of the 

honey bee industry, speculation by Voorhies (1933) that the economic value of honey bees 

is of far greater value than the products from the beehives is well and truly proven as 

correct. 

For Western Australia, which is the focus of this thesis, the economic value of honey bee 

pollinators is estimated to be between A$800 million and A$1.4 billion for 2014-2015 

(Karasinski 2018), compared with total agricultural production of A$5.7 billion in Western 

Australia for the same period (Value of Agricultural Commodities Produced, Australia, 2014-

15  2016). This represents between 14 and 25% of the state’s total agricultural production. 

With the proportion of crops effectively pollinated by insects linearly related to honey bee 

population size in or near the producing landscape (Vaissière 1991), it is important to have 

strong and healthy colonies available for pollination. Honey bee nutrition is crucial for 

strong and healthy colonies (Haydak 1970), with poor nutrition directly linked to reduced 

brood production for a given colony size (Sagili and Pankiw 2007) and subsequent reduction 

in hive population. Healthy diets for honey bee colonies require a minimum suite of 10 

different amino acids (De Groot 1952), typically sourced from pollen when honey bee 

colonies are in a natural environment. However, the nutritional value of pollen varies 

considerably between species (Somerville 2005). A lack of any of any of these nutritional 

inputs can lead to a decrease in hive health and therefore reduced pollination services. The 

effects of a poor nutritional diet for a colony initially results in reduced brood production, 

followed by cannibalization of young larvae as a source of protein for more developed 

larvae, then death of the hive from starvation (Brodschneider and Crailsheim 2010). 

Research into the nutritional value of pollen from Western Australian plants (Manning 

2008) has shown that pollen from marri trees has a high concentration of protein and 

exceptionally high concentration of some amino acids. More recent research comparing the 

amino acid concentrations of marri pollen to established requirements for bee health (Kratz 

et al. 2019) has shown that marri pollen meets all of the amino acid nutritional 

requirements for honey bees and has high concentrations of three out of the ten essential 
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amino acids. Therefore, marri pollen is an excellent source of nutrition for honey bees. This 

can be either for during the honey production season, or marri pollen can be harvested 

during the marri flowering  season, and fed to the bees later in the form of pollen patties 

(Somerville 2005) prior to commercial pollination contracts to improve their pollination 

effectiveness.  

In addition to the economic value of pollination services to the Western Australian 

agricultural sector, many honey varieties produced by honey bees from flora endemic to 

the state can have antimicrobial properties (Roshan et al. 2017). Indeed, multiple studies 

have shown that honey from marri (Corymbia calophylla) and jarrah (Eucalyptus marginata) 

trees often have a higher antimicrobial effect than honey from manuka (Leptospermum 

scoparium) plants, that are endemic to south-east Australia and New Zealand (for example 

Manning (2011) and Irish et al. (2011)). Jarrah honey has also been found to be significantly 

more effective against three species of Candida fungus than manuka honey and manuka-

derived medical products (Irish 2006). The medicinal value of Western Australian honey 

extends to improved wound treatment. For example, use of honey on horse leg wounds has 

been reported to reduce the time required for veterinary gels and sterile pads (Camarda 

2007). 

These high levels of medicinal properties have resulted in the value of honey from 

Corymbia calophylla forests increasing in recent years, with beekeepers receiving as little as 

A$3 per kilo a decade ago and up to A$30 per kilo in recent years at the farm gate (Hastie 

2018). These high values for honey, combined with the volume of the honey produced from 

a typical apiary site in a Corymbia calophylla forest, means that in a producing year an 

apiary site in a Corymbia calophylla forest can yield a beekeeper upwards of A$50,000 of 

honey from 100 bee hives in less than two months (Barbour et al. 2019). 

With the Corymbia calophylla forests of southwest Australia being unique to the geographic 

region described as the South West Australia Floristic Region (Beard 1980), there are a 

number of endemic fauna species that rely on the Corymbia calophylla trees as a food 

source. This includes both the nectar from the flowers and seeds from the nuts produced 

post flowering. Some of these species have been listed as nationally threatened under the 

Federal Environmental Protection and Biodiversity Conservation (EPBC) Act, such as the 

Red-tailed Black Cockatoos (Calyptorhynchus banksii). These birds are listed as vulnerable 

under the EPBC Act (Beeton 2009) and rely heavily on the seeds from the marri trees as a 

food source (Cooper et al. 2003). 
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Baudin's Cockatoo (Calyptorhynchus baudinii) is another threatened species endemic to 

these forests. As with the Red-tailed Black Cockatoos, the Baudin's Cockatoo relies heavily 

on Corymbia calophylla trees for food, feeding off the seeds, buds, nuts and nectar at 

various times of the year (Johnstone and Kirkby 2008). There is some evidence that in years 

of poor Corymbia calophylla flowering, followed by low nut and seed production, these 

cockatoos tend to rely more heavily on cultivated crops as a food source (Cooper et al. 

2003). This can inflict severe damage on viticulture crops (Proffitt 2019) as the Corymbia 

calophylla trees typically flower just prior to the viticulture harvest, providing the cockatoos 

with an excellent source of nectar. The absence of this nectar source causes the cockatoos 

to seek food from the nearly fully formed grapes. 

Carnaby’s cockatoo (Calyptorhynchus latirostris) is the third of the cockatoo species of the 

Corymbia calophylla forests. It too is a declared threatened species, and relies on the 

Corymbia calophylla trees for food (Cooper et al. 2002). Interestingly, due to the different 

beak shapes of the three species of cockatoos mentioned here, the Corymbia calophylla 

nuts left on the ground after feeding can be used to identify which species has been feeding 

in the area based on the beak marks (Fleming 2018).  

With southwest Australia being recognised as a global biodiversity hotspot (Myers et al. 

2000), these three species of cockatoos are just a few examples of the many endemic, and 

threatened, species that rely on the Corymbia calophylla forests for habitat in the form of  – 

forage, roost and nesting sites. A greater understanding of the phenology of the Corymbia 

calophylla trees, and the ability to project food availability on an annual scale and the 

impacts of a warming and drying climate due to  climate change on a long term scale 

(Andrys et al. 2017) may represent valuable information for conservation planning and 

management.  

1.3 Research Objectives and Significance 

The primary research objective of this thesis is to develop methods to map and predict 

Corymbia calophylla honey harvest weight, utilising readily available temporospatial input 

data such that the models can be used for: 

1. Tools for apiarists in Western Australia to optimally manage their Corymbia 

calophylla honey apiary sites 

2. A development template to develop similar tools for honey harvests from other 

species and regions 
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The development of this model comprises four distinct sequential steps: 

1. Development of a simple algorithm to calculate percentage flower coverage of an 

apiary site’s canopy using readily available Unmanned Aerial Vehicles (UAVs), such 

as could be deployed by a beekeeper 

2. Spectral separation analysis of Corymbia calophylla flowers against other 

environmental features that are typically found in Corymbia calophylla forests, and 

use of this analysis to determine the most suitable satellite sensors for detection of 

marri flowers 

3. Assessment of relationships between weather data, remotely sensed vegetation 

indices and Corymbia calophylla honey harvests 

4. Use of machine learning tools to develop a quantitative prediction model based on 

the key findings from steps 1 – 3. 

The direct economic significance of this research is with the potential for increased honey 

production, particularly in years where the Corymbia calophylla harvest weights exhibit 

significant spatial variability. With the Corymbia calophylla honey harvested per hive 

ranging from 0 kg for some apiary sites in some years to as high as 71 kg per hive (Campbell 

et al. 2019), and varying by as much as almost 55 kg per hive between sites in a single year, 

knowing in advance the expected honey production across different apiary sites each 

season can have a significant impact on both bee health and apiary profitability. For a 

commercial beekeeper operating 1,000 beehives, an additional 55 kg of high value honey 

per hive at a ‘farm gate’ price of A$30 equates to an increased revenue of A$1,650,000 over 

the typical Corymbia calophylla flowering period of six weeks (Brooker and Kleinig 2001). 

With the machine learning model development process described in this thesis using 

feature inputs that are widely available across most of the globe, the process used to 

develop the Corymbia calophylla honey prediction model could feasibly be used to create a 

predictive model for other honey varieties, both in the same region or elsewhere in the 

world (subject to reliably accurate historic honey harvest data). This has the potential to 

broaden the direct economic significance of the research considerably. 

As has been discussed earlier, under Section 1.2 (Background), wild and managed honey 

bee populations have a significant role in the pollination of commercial crops. This 

represents a larger economic benefit than the direct value of honey and related product 

sales, as well as impacting on global food security. With ‘failed’ honey seasons often 

resulting in reduce bee and hive health, and even death of entire hives (Huntsdale 2019), 
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being able to predict these seasons ahead of time may allow beekeepers to adjust their 

apiary management for the season accordingly, thereby reducing the impact of the failed 

season. 

1.4 Research Design and Thesis Outline 

This exegesis thesis is structured according to Curtin University’s “Guidelines for Thesis by 

Publication and Hybrid Thesis”. Accordingly, as summarised in Table 1-1, Chapters 1 and 2 

of this thesis cover the general introduction to the research, the literature review and 

review and discussion of the findings. Chapters 3 through 6 present the research, both as 

thesis chapters and peer-reviewed papers published from the research. The findings, 

limitations and recommendations for further work are presented in Chapter 7. 

The general introduction contained in Chapter 1 covers background to the research, 

including the potential significance of the research, as well as an overview of the research 

program and thesis structure. The literature review presented in Chapter 2 provides more 

detail on the economic value of honey bees and introduces key terms that are used 

commonly in the thesis and published papers. This is followed by a review of the published 

material of factors affecting nectar and honey production, the use of remote sensing for 

phenological applications and specific efforts to develop tools to map flowers and predict 

honey production.  

The publications and research presented in chapters 3 through 6 document the process of 

developing a model to predict Corymbia calophylla honey harvests. Chapter 3 presents the 

development of a simple algorithm to detect Corymbia calophylla flowers in images 

collected from lower cost, off-the-shelf UAV platforms, such as are readily available to 

beekeepers without extensive training and certification by the Civil Aviation and Safety 

Authority (CASA) in Australia. This publication also describes optimal UAV survey 

parameters for Corymbia calophylla flower mapping. 

Spectral separation assessment of Corymbia calophylla flowers from their typical 

environment is presented in the publication in Chapter 4. This assessment was performed 

on field data collected with a hand-held spectroradiometer in Corymbia calophylla forests, 

with the spectral data adjusted to reflect the synthetic spectral separation of satellite-

borne sensors commonly used for vegetation and ecological studies. Assessment of these 

sensors included estimates of the canopy cover and flower cover required for flowers to be 

detected in an average pixel size. This was tested against actual honey harvest data over 

several years for an apiary site in mature Corymbia calophylla forest. 
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Having established UAV and satellite-based methods for detection of Corymbia calophylla 

flowers, the research was extended in the publication in Chapter 5 to cover a wider range 

of Corymbia calophylla apiary sites (such as partially cleared forest and farmland with 

remnant Corymbia calophylla trees). In addition, following on from related studies 

discussed in the literature review in Chapter 2.6, efforts were made to include vegetation 

indices and weather variations into the assessment and an initial Corymbia calophylla 

honey prediction model was developed. 

The quantitative prediction model is improved in the publication in Chapter 6, with the 

development of a larger, multidimensional dataset that contained over 100 input feature 

variables. Use of machine learning algorithms resulted in a predictive model able to provide 

a commercially useful prediction several months before the Corymbia calophylla honey 

typically starts to be collected, with only a few input features required. 

Chapter 7 is a review and discussion of the key outcomes of each published paper, including 

the scope and limitations of these outcomes, and explores potential areas for further 

research (including expansion of the outcomes to other regions and even continents). 
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Table 1-1 - Summary of thesis structure 

Chapter Title Summary 

1 General Introduction General background on the importance of 

the honey industry, the research objectives 

and significance. 

2 Literature Review Literature review of factors affecting honey 

production, remote sensing for 

phenological applications and studies 

specifically relating to remote sensing and 

honey production. 

3 PUBLISHED PAPER 

Simple remote sensing detection of 

Corymbia calophylla flowers using 

common 3 –band imaging sensors 

(Campbell and Fearns, 2019) 

DOI: 10.1016/j.rsase.2018.04.009 

Development of a simple algorithm to 

calculate percentage flower coverage of an 

apiary site’s canopy using readily available 

Unmanned Aerial Vehicles (UAVs), such as 

could be readily deployed by a beekeeper 

4 PUBLISHED PAPER 

Honey crop estimation from space: 

Detection of large flowering events in 

Western Australian forests 

(Campbell and Fearns, 2019) 

DOI: 10.5194/isprs-archives-XLII-1-79-

2018 

Spectral separation analysis of marri flowers 

against other environmental features that 

are typically found in Corymbia calophylla 

forests and use of this analysis to determine 

the most suitable satellite sensors for 

detection of marri flowers. 

5 Prediction and detection of honey 

harvests from remote sensing and 

weather data 

Assessment of relationships between 

weather data, remotely sensed vegetation 

indices and Corymbia calophylla honey 

harvests. 

6 PUBLISHED PAPER 

Machine learning regression model 

for predicting honey harvests 

(Campbell et.al. 2020) 

DOI:  10.3390/agriculture10040118 

Use of machine learning tools to develop a 

quantitative prediction model based on the 

key findings from published papers listed 

above. 

7 Review and Discussion Summary of findings from this study and 

perspectives on the further work. 

8 Bibliography A complete list of all publications 

referenced in both the thesis exegesis and 

the candidate’s published papers. 
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2 Literature Review 

2.1 Overview 

The literature review in this chapter is supplemented by the respective introductory 

sections of the publications and research chapters of this thesis (Chapters 3 through 6). 

Therefore, this literature review focuses on the details that are not explicit in the contents 

of the publications. In particular, this chapter reviews the main factors that influence nectar 

and honey production, a summary of the underlying physics of remote sensing and 

common ecological applications of remote sensing and a summary of current work done on 

the use of remote sensing data to map and/or predict honey and nectar production. 

Section 2.2 gives a brief background on the coevolution of plants and pollinators, including 

some unique examples from Australia. 

Section 2.3 reviews the main ecological and climatic factors affecting phenology, for both 

agricultural crops in managed landscapes and perennial plant species in natural landscapes. 

Section 2.4 provides an outline of the underlying physics of remote sensing, a summary of 

the main types of sensors and platforms and the main considerations regarding sensor 

selection. 

Section 2.5 gives an overview of the history and current applications of remote sensing for 

phenological applications. 

Section 2.6 provides a brief summary of existing studies on the use of remote sensing for 

nectar and honey production.  

2.2 Coevolution of Plants and Pollinators 

Land plants evolved approximately 450 million years ago (Morris et al. 2018), appearing 

during the middle of the Cambrian−Early Ordovician interval. Flowering plants, or 

angiosperms, are a relatively recent evolutionary group of plants, with the oldest fossils to 

date from the Middle–Late Jurassic period, approximately 160 million years ago (Liu and 

Wang 2016). Current estimates of the estimated number of species in the Kingdom Plantae 

are constantly being revised due to the discovery of new species and adoption of new 

phylogenetic tools, with an average of 2000 species resolved as new to science per year for 

the past decade (Christenhusz and Byng 2016). As of 2016, there were an estimated 

403,911 described species of land plants, of which 369,434 were angiosperms (Lughadha et 
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al. 2016). This means that angiosperms dominate the plant kingdom, representing more 

than 90% of the diversity of land plant species. 

The concept of coevolution between flowering plants and their animal pollinators dates 

back to the earliest theories of evolution, and indeed is discussed in Charles Darwin’s 

seminal work ‘On the Origin of Species’ (Darwin 1859). One of Darwin's earliest specific 

coevolution theories was regarding the Madagascan long-spurred orchid (Angraecum 

sesquipedale), and the hawk moth (Xanthopan morganii praedicta), as this moth possessed 

the exceptionally long proboscis required to pollinate the exceptionally deep flowers of the 

orchid. This theory was proved by video observations late in the 20th century (Arditti et al. 

2012) over a century after Darwin’s prediction of the type of pollinator. 

Studies of fossilised angiosperms has shown that as far back as the Early Cretaceous period, 

the majority of basal angiosperms were zoophilous (Hu et al. 2008). With a coevolutionary 

time frame well in excess of 100 million years, the pollination adaptations by both plants 

and animals is varied and widespread. Some plants have evolved flowers to appeal to as 

wide of a range of pollinators as possible (‘generalists’), while others focus on a particular 

niche for specific pollinator interactions (‘specialists’), as described by Fenster et al. (2004). 

One widespread example of the coevolution towards specialised plant-pollinator 

interactions is the spectral signature of flowers. Several studies have shown that insects 

from the Hymenoptera order (which includes bees, wasps and ants) have poor to no colour 

discrimination for light with wavelengths greater than approximately 550 nm, or green light 

(Chittka et al. 1994; Chittka and Waser 1997). Comparisons between the spectral signatures 

of flowers and the vision characteristics have shown that often insect pollinated flowers 

have spectral signatures that closely match the spectral discrimination capabilities of 

hymenopteran pollinators, by Bischoff et al. (2013) for example. Indeed, it has been shown 

in Australia that on average, insect pollinated plants have flowers of lower wavelengths 

while bird pollinated plants have flowers with colours of higher wavelengths (Shrestha et al. 

2013). 

An extreme example of specialised pollination is the Drakaea genus of orchids, from 

southwest Australia (Hopper and Brown 2007). This genus of 10 species have evolved 

sexual mimicry of the females of several wasp species for pollinator attraction, including 

both the physical appearance and release of pheromones. When the male wasps land on 

the flower, he grabs the female ‘wasp’ and attempts to fly away to mate. A hinge in the 

flower swings the male upside down with his own momentum and onto the orchid’s 
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reproductive structure. Such sexual deceptive tools are amongst the most sophisticated 

systems developed in the angiosperms for pollination, with the bulk of plant species 

engaging in this strategy found in the South West Australian Floristic Region (Hopper and 

Brown 2007). 

2.3 Factors Affecting Flowering Phenology Times 

With Angiosperms found on every continent (Cronquist et al. 2019), including two flowering 

plants on Antarctica (Bravo et al. 2001), these plants have evolved to survive in a wide 

range of environments. As a result, the phenology of flowering has developed to respond to 

a similarly wide range of environmental cues, particularly temperature and photoperiod for 

angiosperms in temperate environments (Tooke and Battey 2010). 

Efforts to record flowering times over extended periods and determine the reasons for 

variations in flowering times have resulted in some datasets containing data for durations 

of over several centuries, for example the records started by the naturalist Robert Marsham 

in Norfolk in 1736, that were continued though to 1958 (Sparks and Lines 2008). Another 

approach is to compile historic records, such as done by Aono and Kazui (2008). Due to the 

historic cultural significance of the annual Japanese cherry blossom festival, these 

researchers were able to build a flower phenology dataset from 801 – 2005 by compiling 

data from herbarium specimens, photographs, diaries and even advertisements for the 

annual festivals. 

An important consideration in recording flowering phenology is that the start of flower bud 

formation is also noted in addition to the emergence of the flower itself (Grainger 1939). 

Indeed, for some species floral initiation in the form of buds visibly starting to form 

commences up to a year before anthesis (for example Nerine sarniensis (Rees 1966) and 

Eucalpytus marginata in south-west Australia (Davison and Tay 1989)). Due to the 

variability of phenological timescales between species, and the variability of the definitions 

of flowering commencement (such as ‘visible anthers’ (Fitter et al. 1995) or ‘an open flower 

is a flower in which stamens or stigmas could be seen without the observer pushing petals 

aside’ (Last 2001)), there have been efforts to develop a standard universal system for 

phenological stages, including flowering phenology. One example of this is the BBCH scale 

for agricultural crops (Lancashire et al. 1991), named after the institutions that co-

developed it (Biologische Bundesanstalt, Bundessortenamt, Chemische Industrie). 

Studies have used these measures of flowering phenology to unravel the effect of the 

numerous factors that affect flowering times, including photoperiod, nutrients, ambient 
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temperature, drought, salinity, exogenously applied hormones and chemicals, and 

pathogenic microbes (Cho et al. 2017; Mouradov et al. 2002), to improve the understanding 

of how these factors interact with a view to improve agricultural crop production. 

The complexities of the relationships between flowering times and environmental factors 

are summarised well by a study of flowering patterns of four species of co-occurring 

Eucalyptus trees in south-east Australia by Hudson et al. (2009). This study found that there 

is a non-linear relationship between flowering intensity and temperature, which varied 

between the four species. Two species flowered more intensely with increased minimum 

and maximum temperatures, one species flowered less intensely with increased minimum 

temperature and one species flowered less intensely with increased maximum 

temperature. Therefore, even for plants of the same genus that have evolved in the same 

climatic region, there is far from a simple relationship between flowering times and key 

climatic variables. 

Due to the sensitivity of flowering phenology to these environmental conditions, studies 

have used data on the variation of flower phenology timing over several years to assess the 

impacts of climate change on phenology and, by extension, ecosystem services. This has 

included two species of plants in Florida (USA) that had significantly later flowering times 

and one species flowered significantly earlier in the season, due to colder winters and 

warmer summers from the early to late 20th century (Von Holle et al. 2010). Menzel et al. 

(2006) found that across Europe from 1971 to 2000, 31% of study locations recorded a 

significant advance in flowering times, whereas 3% of locations recorded a delay in 

flowering times. It has been suggested that these changes to flowering times may have 

severe long-term consequences to the ecosystems, with a phenological mismatch between 

the flowering times and the pollinator lifecycles leading to reduced pollination rates 

(Petanidou et al. 2014). 

2.4 Remote Sensing Overview 

Remote sensing is defined by Khoram et al. (2012) as “the acquisition and measurement of 

information about certain properties of phenomena, objects, or materials by a recording 

device not in physical contact with the features under surveillance”. While this general 

definition includes such areas as medical imaging with X-rays, the use of the term ‘remote 

sensing’ is generally understood to relate to targets on, above or below the Earth’s surface 

using active and/or passive electromagnetic sensors (Kyalo Kiema 2013). 
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The most common form of remote sensing, that is used many people every day, is the 

photograph. The first recorded example of remote sensing in the modern context is by 

Gaspar Felix Tournachon in 1858, who used a hot air balloon to take a photograph of a 

French village from an altitude of 80 m (Estes et al. 1977). Over the next few decades, 

photographic equipment was mounted on kites, pigeons (see Figure 2-1) and even rockets 

by 1912. 

 

Figure 2-1: Example of remote sensing images obtained via a carrier pigeon 
(https://www.professionalaerialphotographers.com/)  

While human eyes, and most cameras, can discern the visible part of the electromagnetic 

(EM) spectrum, the full range of this spectrum is much wider than what we can naturally 

perceive, as Figure 2-2 shows. With different chemicals and molecules having different 

responses across parts of the spectrum, recording measurements in the correct 

wavelengths gives the ability to discern between materials (Zielinski et al. 2005), even if 

they are indistinguishable to the human eye (see Figure 2-3). 

 

Figure 2-2: The electromagnetic spectrum (image courtesy of NASA) 
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Figure 2-3: Typical spectral reflectance responses for a range of vegetation types. Note that ‘visible light’ (i.e. 
light that the average human eye can discern) is from wavelengths 380 nm to 740 nm (image courtesy of NASA) 

Measurement of spectra requires specialised equipment, that typically use the diffraction 

properties of different wavelengths of the EM spectrum to focus different wavelengths on 

different parts of the sensor which record the intensity of the signal received for the 

different wavelengths. This can be from the entire Field of View (FOV) of the instrument 

(spectroscopy), or for each pixel of an image (image spectroscopy). 

In order to record a sufficiently strong signal for accurate measurements, often instrument 

design is a compromise between the different types of resolution as defined by Liang 

(2012) below: 

- Spatial resolution is a measure of the smallest object that can be resolved by the 

sensor 

- Spectral resolution describes the number and width of spectral bands in a sensor 

system 

- Temporal resolution is a measure of the repeat cycle or frequency with which a 

sensor revisits the same part of the Earth’s surface 

- Radiometric resolution refers to the dynamic range of the sensors, with a lower 

resolution having a lower dynamic range and therefore a lesser ability to measure 

more subtle changes in reflectance 

Each of these resolutions has an impact on the overall capability, for example a sensor with 

a very high spatial resolution will receive less EM radiation per pixel, so may have to have 

lower spectral resolution to ensure sufficient signal is received for each pixel. These are also 

affected by the distance between the sensor and the remotely sensed object; as EM 
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radiation decreases by the square of the distance, a sensor 20 m from the target will 

receive four times as much EM radiation, or signal, as a sensor 40 m away. When 

comparing handheld, airborne and satellite borne sensors, this has a sizeable impact on the 

sensor capabilities due to the underlying physics. A comparison of the different resolutions 

for commonly used satellite borne sensors is given in Table 2-1. From this table, there is a 

clear inverse relationship between the spatial and temporal resolution. Note that there is a 

range given for the spatial and spectral resolutions for each sensor, with some spectral 

bands in each sensor having a lower spatial resolution and a higher spectral resolution and 

vice versa. This widens the applications for which each sensor can be used for. 

Table 2-1 - Comparison of resolution specifications for some commonly used satellite borne imaging 
spectrometers 

SENSOR NAME SPATIAL 

RESOLUTION 

SPECTRAL 

RESOLUTION 

TEMPORAL 

RESOLUTION 

Himawari8 500 – 2,000 m 30 – 960 nm 10 minutes 

MODIS 250 – 1,000 m 10 – 500 nm 1 day 

Sentinel 2A 10 – 60 m 15 – 175 nm 10 days 

As satellite borne sensors measure the EM radiation reflected from the surface of the Earth 

and transmitted to the Top of Atmosphere (TOA), corrections must be applied. One of 

these corrections is the viewing angle (Kimes et al. 1984), which is particularly relevant for 

geo-stationary satellites that are able to view nearly a whole hemisphere of the earth for 

one image scan, such as Himawari8 (see Table 2-1) with a Field of View (FOV) of up to 78.3 

either side of the equator. An initial correction can be for the attenuation of the signal by 

the square of the distance due to spherical spreading (Herman et al. 1995). The more 

complex corrections account for the effect of the atmospheric column, including the effect 

of a thicker atmospheric column at greater angles from nadir in the FOV. Repeatable and 

accurate corrections are particularly important when multi-temporal images are compared 

in time series for change detection (Hadjimitsis et al. 2010). 

While the comparison of sensors in Table 2-1 is for satellite borne sensors, spectrometers 

can also be mounted on aircraft, Unmanned Aerial Vehicles (UAVs, or ‘drones’) or hand 

held platforms. While these platforms are rarely suitable for regular re-surveys of locations 

(hence have no effective temporal resolution), the sensors can have significantly higher 

spatial and spectral resolution than satellite borne sensors. In addition, the effects of 

viewing angles and the atmospheric column are reduced, or can even be effectively zero, 
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further improving the accuracy of the measurements (Iqbal et al. 2018). However, 

calibration of the EM radiation signal strength is still required for detailed spectral analysis 

(Honkavaara and Khoramshahi 2018). 

Once the remote sensing spectral data has been appropriately corrected, the data can be 

analysed and interpreted. This can be a visual interpretation of features, where the 

accuracy of the result depends almost entirely on the skills of the interpreter (Richards and 

Jia 1999). More often however, computer algorithms are used for this process, with the 

interpreter making the final decision on the interpretation outcome based on a statistical 

analysis of the algorithm outputs and their professional expertise. These approaches are 

broadly separated into two groups; ‘supervised classification’ and ‘unsupervised 

classification’ (Congalton 2010). 

Unsupervised classification, or ‘clustering methods’, attempt to group all data together into 

groups that are spectrally similar, i.e. there is a statistically significant difference between 

the average spectra of each group (Duda and Canty 2002). Typically the interpreter’s input 

to this process is limited to specifying the number of spectral groups to classify into, 

although even this part of the process can be automated. Once the clustering process is 

completed, the interpreter typically reviews the different clusters produced and uses their 

professional expertise to determine the most suitable outcome (Richards 2013). 

While unsupervised classification does produce a statistically rigorous separation of pixels 

into groups, unless there is a strong spectral separation between the target groups the 

algorithm may not be able to separate target groups effectively (Enderle and Weih 2005). 

As a result, the unsupervised classification approach is often used to investigate the 

separation characteristics of groups prior to undertaking the more time consuming, but 

often more accurate, supervised classification methods (Long and Srihann 2004). 

Under the supervised classification approach, the interpreter selects data image areas of 

pixels from a known classification group, and this ‘training’ dataset is used by the algorithm 

to classify the remainder of the dataset into the prescribed classification groups (Abburu 

and Babu Golla 2015). These training datasets can come from a variety of sources, such as: 

- Established spectral libraries (Herold et al. 2004) 

- Field mapping of the image area (Key and Benson 2006) 

- Visual interpretation of the image, or higher resolution imagery of a subset of the 

image area (Schowengerdt 2006) 
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Generally, an initial assessment is performed to ascertain how separable the target groups 

are, such as the Analysis of Variance (ANOVA) test (Vaiphasa et al. 2005), which is a 

measure of separation of the means of each target group combined with each group’s 

standard deviation. If the ANOVA results indicate that the spectra of two groups are not 

statistically separate, that metric is often not used for more detailed analysis. This method 

can be used to determine which parts of the spectra are best suited for spectral separation 

of target groups (De Castro et al. 2014). More detailed calculations on spectral separability 

can also be applied to the optimal spectral regions, such as calculation of the Jeffries-

Matusita (JM) Distance (Yongji et al. 2018) or Principal Component Analysis (PCA) (Munyati 

2004). 

With the optimum spectra identified, the data or image can then be classified into the 

different classes. This can be a simple Parallelepiped approach (Lu and Tang 2011), where 

upper and lower limits for each class in each spectra are specified. This method works well 

when there is little to no overlap between the spectra of the classes, but is not suitable for 

cases where there is spectral overlap (Perumal and Bhaskaran 2010), or where the image 

pixels contain a spectrum from a combination of classes. This “mixed spectrum” is common 

when the spatial resolution of the sensor is larger than target features (Quintano et al. 

2012). 

Where there is some overlap between classes, a maximum likelihood classification 

algorithm can be applied to interpret the data (Bolstad and Lillesand 1991). These 

algorithms have been long established as effective tools across different land cover types, 

conditions and sensor systems (Swain and Davis 1981). The key advantage of the maximum 

likelihood approach over parallelepiped methods is the inclusion of a likelihood/error 

metric in the output allowing users to determine how reliable the classification process has 

been and screen results accordingly (Strahler 1980).  

To overcome the issue of measured spectra from individual pixels resulting from the 

combined radiance of multiple classes, spectral unmixing algorithms are commonly applied. 

These algorithms typically use spectral libraries to determine the proportion each class 

contributes to the nett radiance of a pixel (Du 2018). The output of this process is an 

expression of the linear combination of the class for each pixel, with an associated 

uncertainty metric (Plaza et al. 2004). 

With the increase in readily available computing power over the past few decades, the 

ability of algorithms to handle large, highly multidimensional datasets has led to more 
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advanced classification algorithms being applied under the umbrella of ‘Machine Learning’ 

(Lary et al. 2016). While the mathematical models for these algorithms have often been in 

existence for several decades, there has been insufficient computing power generally 

available to make the application of these algorithms to remote sensing datasets 

widespread. These advances have improved the ability of algorithms to map target classes 

with very complex, and interrelated, characteristics (Maxwell et al. 2018). The commonly 

used algorithms include: 

- Recursive Decision Trees (DT), which are essentially a set of if-then rules of if data is 

above or below a certain value (Pal and Mather 2003) 

- Random Forest (RF), which uses multiple Decision Trees with weighted averages for 

results to find a global optimum result (Breiman 1984) 

- Artificial Neural Networks (ANN), essentially mathematical analogues of an animal 

brain’s axons and their many interconnections through synapses (Atkinson and 

Tatnall 1997) 

The ability of these algorithms to handle large, complex, interrelated datasets (Elith et al. 

2008) has allowed extraction of detailed biophysical and harvest quality properties in some 

cases, such as phosphorus levels in grassland (Gao et al. 2019), leaf chlorophyll content 

(Upreti et al. 2019) and smoke contamination in horticultural crops (Fuentes et al. 2019). 

The volume of data produced to from high-resolution UAV imagery in particular lends itself 

to advanced algorithms such as ANNs, with this approach used for such applications as crop 

biomass calculations (Han et al. 2019), individual tree species mapping (Miyoshi et al. 2020) 

and rapid detection of the yellow-rust pathogen (Zhang et al. 2019). 

2.5 Ecological and Agricultural Applications of Remote Sensing 

The use of remote sensing for ecological and agricultural purposes was a key objective of 

NASA’s Project Earth Resources Observation Satellites (EROS), with the Secretary of the 

Interior Stewart Udall announcing in 1966 that "the program will provide us with the 

opportunity to collect valuable resource data and use it to improve the quality of our 

environment." (Udall 1966). The Landsat 1 satellite launched in 1972 included a Multi-

Spectral Scanner (MSS) with four bands – green, red and two infrared bands (MSS Standard 

Interface Document  1978). 

The data from Landsat 1 was used to commence a program of global landcover 

classification within a few years of the satellite being launched (Williams and Coiner 1975), 
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with initial classification schemes based on up to nine major classification groups, such as 

Urban, Agricultural, Rangeland, Water, etc. with 37 subgroup classifications (Anderson 

1976). Early efforts to obtain more detail on vegetation landcover classes included forest 

wood type, such as hardwood versus mixed wood or softwood (Beaubien 1979) and forest 

inventory data (Strahler 1981). These often had mixed results, owing to the ecological 

complexity of the classes and the limited spatial and spectral resolution of the data. 

Early estimates for classification of landcover into agricultural crop types were generally 

more successful owing to the relative homogeneity of monoculture crop fields compared 

with natural forest ecosystems (for example Wiegand and Gautreaux (1977) and Malila et 

al. (1980)). 

As the time series of remote sensing data built up, the ability to monitor change in 

landcover over time improved. In 2008,  the GLS2005 unified global landcover dataset was 

created (Gutman et al. 2008) with a goal of global monitoring of landcover changes every 5 

years. Historic data were used to create earlier versions for 1975, 1990 and 2000 and the 

program continued through to create GLS2010 (Gutman et al. 2013). Time-series remote 

sensing data has also been used to map landcover change on regional scales, such as the 

Amazon Rainforest (Souza et al. 2013) and the impact of palm oil plantations on 

deforestation in Indonesia (Margono et al. 2012). 

Vegetation change detection often utilises Vegetation Indices (VIs), such as the Normalised 

Difference Vegetation Index (NDVI), to calculate relative changes in vegetation over time 

(Gandhi et al. 2015). NDVI was first developed by Rouse et al. (1974) to measure above 

ground biomass of the Great Plains region of the USA and was defined at this time as the 

Band Ratio Parameter (BRP) between Landsat-1 bands 5 (green) and 7 (NIR). This index is 

based on highlighting the spectral response of plant matter, with the chlorophyll in plant 

leaves absorbing a large proportion of visible light (band 5) and having a high reflectance of 

infrared light (band 7). 

While NDVI is widely used, other indices have also been developed in efforts to counter the 

limitations of NDVI. These include the Soil Adjusted Vegetation Index (SAVI), which uses a 

constant factor to adjust for the effect of bare soil on NDVI (Huete 1988), the Enhanced 

Vegetation Index (EVI), which accounts for some atmospheric impacts as well as constant 

factors for soil effects (Huete et al. 1999). 

To measure changes in NDVI over time, for assessment of seasonal and/or annual variations 

in vegetation properties, the series of individual NDVI measurements must be transformed 
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into a time-series dataset. This is often hindered by noise sources inherent to remote 

sensing datasets, such as  varying atmospheric conditions (Carreiras et al. 2003), with 

aerosols having a particularly large impact on infrared reflectance (Goward et al. 1991). 

Many algorithms have been tested to create accurate, continuous time-series remote 

sensing datasets. Algorithms have included polynomial smoothing (Van Dijk et al. 1987), 

Fourier wave adjustment (Sellers et al. 1994), asymmetric Gaussian function fitting (Jönsson 

and Eklundh 2002) and double logistic functions, which can be uniquely defined for each 

pixel by parameters that describe annual NDVI time series (Beck et al. 2006). These 

approaches have the general limitation of relying on data points earlier and later in the 

time series for their calculation; utilisation of these algorithms to calculate more accurate 

VIs for currently acquired data borders on extrapolation and hence these approaches to 

build time series datasets are generally more appropriate for recent to historical data 

analysis. 

Several programs are available to create continuous time series data from multiple input 

files, such as TIMESAT (Jönsson and Eklundh 2004), and automatically detect changes in VIs 

related to key seasonal parameters, such as DBEST (Jamali et al. 2015). Both of these 

examples allow users to select the optimum time series creation algorithm for the project 

objective and input data considerations. 

Ultimately, there is no ideal ‘fit for purpose’ solution to all applications and users must 

assess their objectives and the nature of the noise present selecting an approach to noise 

reduction and time series creation (Hird and McDermid 2009) 

The insights obtained from differences in seasonal variations in VIs derived from remote 

sensing time-series datasets can improve classification of vegetation cover regimes (Yan et 

al. 2015) and ecosystem types (Clerici et al. 2012), with concomitant improvement in 

habitat and biodiversity mapping. 

In deciduous forest environments, VIs have been used to measure timing of Start of Season 

(SOS), Growing Season Length (GSL)  and End of Season (EOS) metrics, with these related to 

annual variations in weather (Testa et al. 2018). For temperate and tropical evergreen 

forests, these parameters can also be measured, although seasonal variations of VIs are 

smaller than deciduous forests to the point at which in some cases seasonal fluctuations 

are not reliably measurable (Moulin et al. 1997). 
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Long time series investigations can be used to assess the effect of large-scale climatic 

events on vegetation behaviour, such as El Nino and La Nina periods (Asner et al. 2000) and 

climate change (Du et al. 2014). This can be done in a quantitative manner through 

calculation of changes in annual SOS, GSL and EOS over time via VIs (Hogda et al. 2001). 

Due to the spatial coverage of remote sensing datasets, long term trends across different 

climate regions and latitudinal changes can be assessed concurrently (Butt et al. 2011). 

While NDVI has proven to be a reliable measure of relative visible green biomass, it is a 

dimensionless ratio. Many efforts have been made to relate NDVI, and other dimensionless 

vegetation indices, to on-ground biophysical parameters. These are often measurements of 

leaf cover such as Leaf Area Index (LAI), which has been shown to have strong correlation 

with NDVI in grasslands (Fan et al. 2009) but often a more variable relationship with 

forested terrains (Wang et al. 2005) with strong intra-annual and inter-annual effects. 

Due to the relative homogeneity of paddocks used for crop production, relationships 

between NDVI and crop biophysical parameter are generally more reliable. This includes LAI 

(Duchemin et al. 2006) and above ground biomass (Kross et al. 2015), which can be 

extrapolated to predict harvest yields based on peak NDVI over the growing season (Thorp 

et al. 2012). 

Crop yield predictions have been made over large regions using a combination of weather 

and vegetation indices, with Seiler et al. (2000) for example forecasting crop yields in 

Argentina two months before harvest with an RMSE of between 5 and 7%. Wannebo and 

Rosenzweig (2003) analysed crop yields over the US cornbelt compared to the El Nino-

Southern Oscillation (ENSO) fluctiations for 15 years and used this information to show that 

the ENSO has a relatively small effect on NDVI and corn yields. 

With the increasing spatial and temporal resolution of remotely sensed datasets, farm and 

paddock-scale yield predictions are increasingly common (Al-Gaadi et al. 2016), with 

Variable Yield Technology (VYT) and other precision farming techniques used to target 

agricultural management practices for under-performing areas . 

Many crop yield prediction studies have used a combination of NDVI with Vegetation 

Condition Index (VCI) and Temperature Condition Index (TCI), which are measures of NDVI 

and temperature scaled by multi-year absolute maximum and minimums (Kogan 1995). 

These indices assist with scaling remote sensing data to local conditions (reducing the 

relative nature of NDVI between locations) and have proven to provide useful information 
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on droughts, both wide spread, long term and localised, short term droughts (Jiao et al. 

2016) and vegetation stress (Singh et al. 2003). 

In order to incorporate local weather conditions, studies have also been conducted using 

remotely sensed VIs with remotely sensed local weather data, such as Prasad et al. (2006). 

This study combined NDVI data with temperature, rainfall and soil moisture data to 

estimate corn and soybean crop yields for Iowa (USA). In this study, a crop prediction model 

was created from a non-linear Quasi-Newton method which yielded R2 values of 0.78 for 

corn crops and 0.86 for soybean. It was noted that other factors not incorporated into the 

model, such as pests, diseases and human activities are serious limitations to the model. 

Efforts have been put towards development of generic freeware tools for crop prediction, 

such as the Crop Statistics Tool (CST), developed by Kerdiles et al. (2017). This program uses 

both multiple regression and historic data similarities to forecast a crop yield. 

Due to the effects of non-linear relationships, multicolliniarity and other complex 

relationships between input factors and crop yields, artificial intelligence (AI) or Deep 

Learning (DL) algorithms have begun to be applied in recent years (Wang et al. 2018). While 

these algorithms typically outperform other techniques (You et al. 2017), significantly larger 

training datasets are typically required for this improved performance. As mentioned 

earlier in Section 2.4, the volume of data created from high-resolution UAV surveys typically 

lends itself to these applications. 

Possibly one of the most comprehensive efforts to combine various remote sensing 

datasets into a crop yield prediction tool is the Graincast app, developed by the 

Commonwealth Scientific and Industrial Research Organisation (CSIRO) in Australia. This 

app provides a fortnightly forecast of seasonal grain yields on national, state, local and farm 

paddock scales over the growing season (Hochman and Horan 2019). As described by Lawes 

et al. (2019), the following stages are used to generate the yield forecasts: 

1. Remote sensing classification of crop type using Random Forest machine learning 

(Breiman 1984), with thousands of roadside images used in the training dataset. 

2. Calculation of crop yield from the C-Crop model, based on MODIS-derived Fraction 

of Photosynthetically Active Radiation (FPAR) data and national weather grids from 

BOM (Donohue et al. 2018). 

3. Delivery of the model to users via integration with APSIM, which provides farm 

management recommendations for the growing season (Holzworth et al. 2014) 
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2.6 Previous studies on flower detection and predicting honey flow 

While mapping of vegetation species with multispectral data is often difficult due to the 

high degree of spectral correlation across vegetation foliage from their common chemical 

composition (Portigal et al. 1997b), zoophilous flowers have generally evolved to contrast 

against leaves for detection of flowers by pollinators (Dyer et al. 2012). 

Studies have shown that in the spectral space there is often a greater spectral separation 

between leaves and flowers (Gross and Heumann 2014) and even between flowers of 

different species than between leaves of different species (Shrestha et al. 2013). High 

resolution airborne hyperspectral data were shown to have a high degree of accuracy in 

detecting flowering in native vegetation in Africa (Landmann et al. 2015). 

In assessing the ability of multispectral data to map canola yields based on detection of 

their yellow flowers, Sulik and Long (2015) clearly demonstrated the high level of spectral 

separation of canola flowers versus leaves in the visual bands. The difference was such that 

a multispectral capable UAV with a standard RGB camera was able to map changes in 

flower abundance. This was developed further into a normalized difference yellowness 

index (NDYI) based on MODIS sensor characteristics, which correlated better with canola 

yields than NDVI across North Dakota for the study period (Sulik and Long 2016). 

Several studies have investigated using NDVI-derived seasonal metrics to predict the timing 

and/or volume of honey harvests. For example, a European study of honey yield against 

temporal variations in the NDVI from the Moderate Resolution Imaging Spectroradiometer 

(MODIS) sensor (Blomstedt 2014) showed a consistent time delay between the Start of 

Season (SOS) ‘green-up’ indicator and peak honey flow time. The NDVI SOS measurement 

was shown to be a reasonably consistent predictor of peak honey flow timing (R2 = 0.76). 

In Australia, eucalypts across south-eastern Australia yielded a broad, qualitative 

correlation between changes in vegetation indices derived from MODIS data and honey 

yield data, with recommendations made for more detailed studies on local variations in 

floristic communities and the impact of climatic variables (Webber 2011). Similar work 

using the ‘BeeBox’ web-based portal (Winter et al. 2013) showed a stronger correlation 

between annual peak Enhanced Vegetation Index (EVI) from MODIS and Eucalyptus tricarpa 

(ironbark) winter honey flow over a 15-year period (Arundel et al. 2016). Again, this was a 

qualitative correlation and no quantitative model formed. These studies have both 

recommended incorporation of local weather data to improve honey yield correlations. 
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Vlad et al. (2008) developed a quantitative tool to predict honey yield from sunflower crops 

in Romania, based purely on the effect of temperature on the sunflower growing season. 

While good results were obtained, they were not transferrable between regions, 

highlighting the need for individual, localised models in this case. 

Hastono et al. (2017) developed a method to predict honey harvest by Apis cerrana (Asian 

honeybee) from Calliandra flowers in Central Java, Indonesia, using rainfall data and the 

Tsukamoto Fuzzy Inference System. This simple input data resulted in an RMSE of less than 

1% of the annual harvest yield. 

Incorporation of weather data into predictive models is not always a straightforward 

process, with for example Myrtaceous trees in Australia found to have complex 

relationships between weather and phenology. A study over 30 years by Hudson et al. 

(2009) found that while temperature was consistently a key factor in flowering intensity, 

the effect was far from consistent, with trees in the same forest having opposite 

phenological responses to maximum and minimum temperatures. 

Rocha and Dias (2018) found similar complexities when using Radial Basis Functions to 

predict honey yields in Andalusia, Spain, concluding that “meteorological variables are good 

predictors of honey production but they depend on the geographic region and the time 

frame considered.” 

Hawkins et al. (2018) developed a qualitative, relativistic model for landscape/regional 

scale nectar availability in subtropical eastern Australia for assessing forage availability for 

nectarivores over an area of 314,400 Ha. This study identified some key factors that were 

related to nectar availability, notably the Gross Primary Productivity for the previous 12 

months, average annual solar radiation and rainfall for the previous 6 months. 

These studies have shown that while there is often a relationship between NDVI and/or 

weather with honey harvest volumes, the relationship is often localised, species specific 

and complex. With species-specific honey harvest data over a sufficient time frame to 

capture annual variations, a modelling approach capable of handling complex interrelated 

input factors may be capable of producing a predictive honey harvest model. 
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A R T I C L E I N F O
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A B S T R A C T

With Apis mellifera (the European Honey Bee) having an average forage radius of less than one kilometre from
their hive, selecting the best location for beehives is critical for commercial beekeepers to optimise their honey
production. In this study, we have used standard three-band digital cameras to develop and assess a simple
parallelpiped algorithm to detect the flowers of the Corymbia calophylla tree in Western Australia, the largest
source of honey in the state.

The algorithm has been tested in a number of situations and, within the bounds of the study, works to a better
than 90% classification accuracy for Digital Single Lens Reflex camera images of trees within 15m distance, and
often better than 95%.

To determine how this approach could be used by Unmanned Aerial Vehicle platforms to detect flowering
Corymbia calophylla flowering, image resolution was progressively degraded until flowers could not be de-
tected. It was found that the cluster size of flowers (i.e. whether flowers occur individually or in groups) played
an important role in determining the accuracy of flower detection, but overall a minimum resolution of 10 pixels
per flower is required for reliable detection of flower pixels. While there is some improvement above this re-
solution, the effect is minimal. The key to accurate measurement of percentage flower cover is the accuracy of
the classification of the background. If the background classification error is known for an image or scene, the
percentage flower cover can be calculated with as little as 2% flower cover.

Based on this study, UAV platforms with standard RGB cameras appear to be suitable for detection of
Corymbia calophylla flowers if surveys are designed within the bounds described. Thus, UAV surveys may prove
to be useful for beekeepers to optimise the location of their beehives amongst a choice of different locations.

1. Introduction

Classification of vegetation using remote sensing methods relies on
the differences between the spectral responses of vegetation types being
detectable within the constraints of the detection system. The ability to
classify vegetation based on spectral differences is also often hampered
by the spectral reflectance “signatures” of different species of vegeta-
tion overlapping in spectral classification space. Even with the appli-
cation of detailed hyperspectral measurements with possibly hundreds
of spectral bands, the spectral variability within a class, and the simi-
larity between classes, has limited the use of generic ‘spectral libraries’
in being able to aid in species mapping across different regions (Price,
1994), or even within regions in some cases (Zomer et al., 2009).

The high degree of spectral correlation across vegetation species is
due to their common chemical composition (Portigal et al., 1997). The
overlapping of spectra between species is due to the similar chemical
composition of leaf matter across species, and the variability of the

composition within a species due to factors external to the plant, such
as:

– Environmental factors, e.g. micro-climates, soil characteristics,
precipitation, topography and others (Portigal et al., 1997)

– Stress factors, e.g. air pollution, heavy metals and drought
(Westman and Price, 1987)

– Successional and phenological stages and seasonal impacts
(Carvalho et al., 2013)

The spectral variability between plants due to the above factors is
used in precision agriculture for inferring differences in crop health,
Leaf Area Index (LAI), biomass and other biophysical variables
(Thenkabail et al., 2000). In fact there can also be significant variability
in spectral reflectance between individual leaves on a single tree
(Cochrane, 2000).

However, flowers have evolved to contrast against leaves for
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detection of flowers by pollinators. There is strong evidence for the co-
evolution of flowers with the visual systems of Hymenoptera genus
insects, where vegetation relies on these insects for pollination (Chittka
et al., 1994) and it has been shown that some species that rely on birds
for pollination have evolved different chromatic clues to be more
visible to birds (Shrestha et al., 2013). As flowers have evolved to stand
out visually against a background of leaves for pollinators, it is expected
that they should have well defined spectral separation from leaves, and
potentially between species depending on their target pollinators.

A study on the correlation of Hymenoptera vision and flower col-
ours (Dyer et al., 2012) used an Ocean Optics S2000 spectrophotometer
to measure the spectral reflectance of flowers from 300 nm to 700 nm
with a resolution of between 0.3 and 10 nm (due to different resolutions
of the instrument in different regions of the spectrum) in order to infer
the potential parallel evolution of angiosperm flower colours and Hy-
menoptera visual cues. Their study found the largest portion of colour
signals from flowers resides in the blue to green part of the spectrum,
with pure UV or UV to blue ranges poorly represented.

Gross and Heumann (2014) collected 388 vegetation reflectance
spectra from prairie fens in Michigan, USA, to compare the leaf and
flower spectra across 22 species of plants. Using a StellarNet BlueWave
spectroradiometer, they recorded spectra with a resolution of 1 nm
across the 350 nm – 1000 nm range and showed that flowers can pro-
vide better spectral discrimination than leaves. An example of some of
the study’s flower and leaf spectral curves are shown in Fig. 1. For the
three different species represented, the leaf spectra are all nearly
identical, however the flower spectra are distinctly different from the
leaves and also from flowers of the other species.

In a study of the effect of canola flowers on LAI calculations for
canola plants (Sulik and Long, 2015), ASD FieldSpecPro data were used
to calibrate multispectral Unmanned Aerial Vehicle (UAV) data. Using
the high spectral resolution of the ASD tool (< 10 nm), it was proven
that the yellow canola flowers did affect the spectral measurements and
therefore reduced the accuracy of Normalised Difference Vegetation
Index (NDVI) datasets for Leaf Area Index (LAI) calculations. A ‘Yel-
lowness Index’ was derived to better estimate flower coverage and
therefore estimate canola yield.

2. Visual band multispectral classification

2.1. Data collection

This study focused on the use of visual band multispectral data for
identification of Corymbia calophylla flowers, as a precursor to more
detailed research into the ability of remote sensing data to assist
apiarists with predicting the timing and quality of honey-yield from this
species. As well as producing an exceptionally large volume of nectar,
the high density of flowers Corymbia calophylla produces makes the
flowers clearly visible to the naked eye, even at a distance of many tens
of meters, as Fig. 2 shows.

Initially a training dataset was collected, consisting of a series of
digital images of three different Corymbia calophylla trees in flower in
Kings Park, Western Australia. For each tree, a series of images were
taken on 12/03/2015 with a Nikon D610 camera with natural light. As
the objective of the study was to assess the ability to use standard drone
RGB cameras for flower detection, automated exposure, aperture, ISO
and F-stop settings were used to approximate how a camera would
adjust settings to different light environments, flight heights and image
composition. For this dataset, exposure ranged from 1/400 – 1/640 s
and ISO from 400 to 1000, with an initial assessment of the colour
spectrum for key image components made in the field to check whether
there was any significant effect on the RGB components of key image
features (flowers, leaves, etc). While there was a minor impact on
feature brightness, the RGB ratios remained constant. An example of
the range of images for each tree is presented in Fig. 3. A total of 11
images were used for classification training purposes.

3. Spectral clustering assessment

3.1. Parallelepiped training dataset

A simple approach, known as the ‘Parallelepiped’ approach (Lu and
Tang, 2011), was used to assess the spectral clustering of objects in the
images. This is a supervised classification method, whereby maximum
and minimum values for each band of a multispectral image are defined
for each class of objects. Pixels are then classified according to which
minimum and maximum thresholds they fit within across all available
bands of data.

Fig. 1. Example of flower and leaf spectra from wetland species (Gross and
Heumann, 2014). Leaves are solid lines and flowers are dashed lines. Green, red
and blue spectra are Asclepias tuberosa, Cirsium muticum and Rudbeckia hirta
respectively. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.).

Fig. 2. Image of Corymbia calophylla in flower in Kings Park in March 2015
(Photo credit: Robert Campbell).
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Due to issues with pixels being unclassified if they are not exactly
within the classification bounds, as well as overlap between maximum
and minimum values for training pixels, this method is not widely
adopted (Perumal and Bhaskaran, 2010). However, these limitations
were not considered to have a significant impact on classification per-
formance for this study as:

• Only a binary classification scheme is required (i.e. is the pixel a
flower or not), therefore all pixels would be within the classification
bands

• There was expected to be a good separation of flower pixels vs leaf
pixels based on previous studies on the spectral separation of leaves
and flowers (see Fig. 1 for example).

• For the purposes of detecting flowers in 3-band images, designation
of pixels into multiple classes is not required, only a binary result to
whether or not the pixel falls into the range of minimums and
maximums for flowers as defined by the training set. Further clas-
sification of ‘non-flower pixels’ is not needed.

For the training dataset, image components were classified by visual
interpretation of the digital images to define a range of vegetation
components, including flowers, leaves, buds and branches, as well as
background objects in different amounts of sunlight. Then the pixel
intensity information for selected pixels from each component class
were extracted from the digital files and analysed. An example of the
results from one image are provided in Fig. 4(a – c). The figure shows
the red, green and blue intensities for pixels in the image plotted as
pairs across the five components. For the classification to be effective,
the points for different components need to be in a cluster separate to
other components.

A visual assessment of Fig. 4(a – c) shows that the flower pixels
generally plot towards the upper right corner of the intensity range and
are therefore generally separated from the majority of the other com-
ponents in the image.

Fig. 4(d – f) also shows the results of the same data from Fig. 4(a –
c), with the intensities from each band normalised by the total intensity
of the pixel (i.e. the sum of the intensity of all three bands). Normal-
isation was applied to reduce the impact of different illumination on the
same components across the image (Feilhauer, Asner, Martin, and
Schmidtlein, 2010). As was expected from predominantly white
flowers, the normalised intensity for each of the three bands for flower
pixels was generally close to 33%. For the data in Fig. 4, representative
of only one of the training images, a simple classification threshold of
0.29 for the normalised intensity of the blue band successfully sepa-
rated the petals from all but 1 of the other training pixels (with 48
training points this results in an accuracy of 98%).

For the normalised results, the red versus green intensity data for
the flowers were clustered very closely together and show how the

flowers can potentially be separated from the majority of the other
image components with three band minimum and maximum criteria
compared with using the blue band only.

The process of classifying image components and extracting pixel
intensity values was repeated for each of the 11 training images, re-
sulting in a total of 494 training classification points. The cross-plots of
red vs green vs blue data for both the raw and normalised intensities
across all 11 images are presented in Fig. 5. While the flowers in full
sunlight are well clustered in each of the different cross-plots, the
flowers in shade display a wide range of both raw and normalised band
intensity ratios. As the primary aim of this study is to look at the pos-
sibility of simple processing of airborne and spaceborne data to detect
flowering Corymbia calophylla trees, only flowers in full sunlight were
considered in the assessment of the accuracy of flower detection due to
these datasets being acquired at near nadir orientation, the issues of
flowers in shade are greatly reduced compared to taking images at
ground level. To assess whether the flowers near the bottom of the tree
varied in RGB space from flowers at the top, a series of pixels of flowers
in full sunlight were extracted from Fig. 2 at different heights. An
Analysis of Variance (ANOVA) analysis of the RBG values from flowers
at the top and bottom of the tree showed that there was no statistical
difference between the heights for each band (ρ > 0.05 in all cases).

The threshold values for flowers in full sun (summarised in Table 1)
consistently span the range of approximately 0.30 – 0.33 for the nor-
malised blue bands and approximately 0.33 – 0.35 for the normalised
red and green bands.

In order to determine an optimum generic classification approach
for all images, the median cutoff values in Table 1 were used, with a
variation of 1 standard deviation (SD) in the minimum or maximum
criteria (e.g. the normalised blue band minimum criteria was set at
(0.30 – 0.02=0.28)). This approach resulted in the correct classifica-
tion of 56 out of 60 training data points of flowers in full sun (93%
accuracy), with 393 of the remaining 434 training dataset points cor-
rectly classified as non-flowers using the same criteria (90.6% accu-
racy). Across all 494 data points, 449 were classified correctly (90.9%
accuracy).

Increasing the variation criteria to 2 standard deviations resulted in
60 of 60 training data flowers in full sun to be classified correctly but
overall there was a decrease in accuracy of training data points to 445
points classified correctly of the total of 494 points (90.1% accuracy)
due to the increased number of pixels from other objects incorrectly
classified as flowers. As the primary objective of the classification
process was to detect flowers, the 2 x SD variation criteria were applied
going forward owing to the 100% accuracy in classifying flower pixels.

The same process as described for the normalised data was applied
to calculating cutoff criteria for the raw intensity data from each band,
with an accuracy of 94.5% achieved for a variation of 1 × SD and
92.1% for a variation of 2 x SD. A joint classification was also

Fig. 3. Example of the types of images collected of each tree (Image credit: Robert Campbell).
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performed, using both the raw and normalised criteria data together
where all 12 criteria must be met for the pixel to be classified as a
flower (minimum and maximum criteria for red, green and blue bands
in raw and normalised intensity data). The criteria bounds for both
normalised and raw intensity data are presented graphically in Fig. 6,
which is the same data from Fig. 5 zoomed into the flower data extent.

Table 2 details the classification accuracy of each image component,
with the normalised, raw and joint criteria applied. The parallelepiped
process classifies pixels as either flowers or non-flowers, so for the
“incorrect” counts in Table 2 for each non-flower component, the count
represent how many pixels were classified incorrectly as flowers. The
table shows the improvement in the overall flower classification accu-
racy with the raw data compared to the normalised data discussed
above (94.5% accurate vs 90.1% accurate respectively) and no differ-
ence between the accuracy of the raw and joint flower classification
approaches. Based on this outcome, use of the raw classification criteria
alone gives the most accurate result with the least amount of data
processing.

In order to assess the sources of inaccuracy in more detail, the
breakdown of the incorrect classification accuracy for each individual
image component was assessed (see again Table 2). The results show
that, for the raw data, the majority of inaccuracies are due to flower
pixels being incorrectly classified as non-flower pixels (12 out of 27
incorrect pixels, or 44% of the inaccuracies). As discussed earlier,

widening the criteria to include all flower pixels (sun and shade) re-
sulted in an overall less accurate classification due to more non-flower
pixels being classified as flowers so this result cannot be improved with
the current dataset.

The majority of the remainder of the inaccuracies for the raw data
occur due to objects that are in full sunlight (11 of the data points, or
41% of the inaccuracies). These generally occur where there is direct
glare from the sun illumination into the camera lens, giving the pixel a
colour close to white and therefore close to the colour of the target
flowers. All non-flower components included at least one misclassified
pixel in full sunlight. The remaining 4 misclassified data points are from
bitumen, flowers in shade and brown background (leaf litter).

The high degree of accuracy in classification across training points
in all images (94.5%) indicates good potential for detecting flowering
Corymbia calophylla trees with simple, three-band visible data. There
are potentially some straightforward methods to reduce the classifica-
tion errors found from these images, such as:

1. Avoid paved surfaces within the survey area, or remove these pixels
from the dataset

2. Collect test images to check for saturation of each band and adjust
shutter and/or aperture settings if needed to reduce high-intensity
pixels from non-flower sources

3. Acquire data close to nadir and direct overhead illumination as

Fig. 4. Cross-plots of colour band intensities from DSC_0247. Figs. a - c represent raw data from the image and d - f are normalised against the total intensity for the
pixel.
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possible, to reduce the proportion of flowers within each image that
are in shade.

4. Assess viability of classifying pixels as background from data ac-
quired outside of the flowering season and removing these pixels for
subsequent datasets. This could be to remove larger areas of pixels
(e.g. cleared land, roads, etc.) or to the level of extracting individual
tree canopy coverage and to exclude all other pixels.

3.2. Training image classification

Following the generation of criteria for the parallelepiped algorithm
based on the training data points, the criteria where used to classify all
pixels for each of the images forming the training dataset. Both the
normalised red, green and blue band criteria were applied to the
images. An example of an original image and the normalised and raw

Fig. 5. Cross-plots of spectral band intensities from all images. Figs. a - c represent raw data from the image and d - f are normalised against the total intensity for the
pixel.

Table 1
Comparison of classification cutoff points and accuracy from all images.

Image Samples Flowers Flowers in sun Red min. criteria Red max. criteria Green min. criteria Green max. criteria Blue min. criteria Blue max. criteria

247 48 7 4 0.33 0.34 0.33 0.35 0.32 0.33
260 45 8 5 0.33 0.35 0.33 0.35 0.31 0.34
261 50 10 5 0.33 0.34 0.33 0.35 0.31 0.34
269 40 8 5 0.32 0.34 0.33 0.35 0.31 0.34
281 43 10 7 0.34 0.38 0.33 0.36 0.27 0.31
290 43 6 3 0.33 0.35 0.33 0.34 0.31 0.33
294 49 12 7 0.34 0.35 0.33 0.35 0.30 0.33
297 42 12 7 0.34 0.36 0.34 0.35 0.29 0.32
301 42 14 9 0.34 0.36 0.33 0.35 0.29 0.32
308 42 7 4 0.34 0.36 0.33 0.35 0.29 0.32
316 `50 7 4 0.34 0.37 0.33 0.35 0.29 0.32

Median 0.34 0.35 0.33 0.35 0.30 0.33
SD 0.01 0.01 0.00 0.00 0.02 0.01
% SD 2% 4% 1% 1% 5% 3%
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classification results is shown in Fig. 7.
A visual inspection of this classification approach shows that using

the normalised intensity classification by itself appears to capture the
vast majority of the flowers (including those emerging from the buds),
but there are numerous zones of misclassified pixels (Fig. 7b). These are
primarily where the background vegetation is senesced or leaves or
branches are directly reflecting bright sunlight towards the camera lens.

This is due to the normalised criteria assessing only spectral quality, not
the brightness of each pixel. In this scenario, pixels that are perfectly
black, white or grey of similar RBG ratio will be classified as flowers.
Using the raw intensity classification criteria filters out pixels that are of
the correct spectral ratio but insufficient brightness and removes the
majority of these misclassified zones (Fig. 7c), particularly from the
grey bitumen in the upper right corner of the image.

Fig. 6. Graphical representation of final classification criteria from the training dataset. Flower classification bounds are shown by the blue boxes. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 2
Assessment of sources of error in classification process. For the non-flower components, “incorrect” counts refer to pixels classified as “flower”.

Component Subcategory Samples Normalised incorrect % incorrect Raw incorrect % incorrect Joint incorrect

Background Bitumen 10 10 20% 2 7% 2
Background Bright 6 6 12% 2 7% 2
Background Brown 33 5 10% 1 4% 1
Background Dark 12 0 0% 0 0% 0
Background Green 22 0 0% 0 0% 0
Branch Full sun 53 7 14% 1 4% 1
Branch Shade 29 0 0% 0 0% 0
Bud Back/shade 35 0 0% 0 0% 0
Bud Front/sun 45 7 14% 4 15% 4
Flower Full sun 60 0 0% 12 44% 12
Flower Shade 49 6 12% 1 4% 1
Leaf Full sun 83 8 16% 4 15% 4
Leaf Shade 57 0 0% 0 0% 0

Total 494 49 27 27
9.9% 5.5% 5.5%
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Across all 11 images, similar results were found as those shown in
Fig. 7, with the normalised classification working well by correctly
classifying the vast majority of flower pixels but leaving some obvious
non-flower pixels selected as flowers. The raw classification method
slightly reduced the number of correctly classified flower pixels but
dramatically reduced the number of other pixels incorrectly classified
as flowers.

Notwithstanding the fact that all training images were collected
within a few hours of each other on a single day, and all collected in a
limited spatial region, these classification results prove that a simple 3-
band parallelepiped classification scheme, applied across different
images of the style and of different trees of the same species, can ac-
curately spectrally separate flowers from foliage and background.

3.3. Classification performance of non-flowering images

In order to further assess the potential issues with background
material such as leaf litter and soil being incorrectly classified as
flowers, images collected in a Corymbia calophylla forest in Mundaring,
Western Australia, in September 2015 were classified using the same
approach as outlined previously for Fig. 7. As the images were captured
in spring, no Corymbia calophylla trees were in flower, and thus all data
points classified as flowers are due to errors in background pixel clas-
sification.

The results for a selection of these non-flower images, shown in
Fig. 8 - Example classification results from images with no Corymbia
calophylla flowers Fig. 8, show that the raw classification criteria based
on the Kings Park flower images worked well on images of leaves and
gravel in Mundaring and moderately well on images of leaf litter and
senesced vegetation. There is a marked decrease in classification ac-
curacy if only the normalised criteria are used. As discussed above, this
is due to the lack of a brightness filter in the normalised classification
approach, where pixels having a spectral ratio close to 1:1:1 between
the three bands are classified as flowers.

Overall the raw classification criteria worked close to or better than
the results from the Kings Park training dataset (accuracies of
94.1–99.8%, against an average of 94.5% at Kings Park). Given that the
normalised classification was as low as 40.9% accuracy against back-
ground material from a Corymbia calophylla forest, only the raw clas-
sification criteria are used from here on.

3.4. Classification performance against independent flowering images

To assess the performance of the parallelepiped flower classification
method more robustly, a series of images of Corymbia calophylla in
flower were collected in early 2016 (the following flowering season
from the 2015 training dataset), using a Nikon D90 and an iPhone 6S
camera and at different locations to the training datasets. These images
are used to test how effectively the algorithm works under some data
capture scenarios different to those for the initial training images.

The results from the parallelepiped classification, shown in Fig. 9,
show that flowers are clearly detected in all cases. However, the clas-
sified images do show some areas of misclassified pixels, primarily from

bright areas (operator’s arm in the top image and reflections of buds
and leaves in the lower image), confirming that pixels close to max-
imum intensity do cause errors in the classification process.

The overall accuracy of these classifications is higher than the
training images for the joint classification process (see example in
Fig. 7) and indicates that the parallelepiped classification approach
with the minimum and maximum values determined from the training
images are broadly applicable to the other data capture devices, seasons
and locations (i.e. not just to images acquired of particular trees in
Kings Park in 2015, using a Nikon D610 camera).

3.5. Assessment of impact of lower resolution

The classification methods assessed so far have all been with high
spatial resolution images, with individual stamens from the Corymbia
calophylla flowers clearly visible in the original high-resolution images.
However, with ‘high-resolution’ aerial imagery collected from flight
heights of approximately 100 – 150m altitude the resulting pixel
widths are slightly better than 5 cm (Barrell and Grant, 2015). By
contrast, a typical flower size of Corymbia calophylla is 1.3 – 4.5 cm
(Brooker and Kleinig, 2001). Clearly, aircraft cannot produce images
with resolutions comparable to our training images used so far in the
detection of Corymbia calophylla flowers.

To assess the limits of resolution in the parallelepiped method, a
series of 6 images of Corymbia calophylla flowers were progressively
degraded in spatial resolution to approximately 1 pixel per flower.
Fig. 10 shows two pairs of original images and associated degraded
images as an example of this process. Fig. 11 shows graphs representing
the accuracy of flower detection with change in image resolution for
each of the six images. Image spatial resolution increases from left to
right in each plot, with the median flower cluster size for each image
stated. The median cluster size for each image was calculated from the
manually drawn polygons representing individual clusters of flowers.
The area of each individual polygon in pixels was calculated and di-
vided by the average number of pixels per flower (from the mean of the
number of pixels per flower from 10 random flowers chosen from the
image) and the median flowers per cluster calculated from this dis-
tribution.

Fig. 11 shows that with decreasing image resolution (from right to
left on each plot) there is a decrease in flower detection accuracy, but
there is also an increase in non-flower (background) classification ac-
curacy. For cluster sizes from 1.0 to 1.9 the flower detection accuracy is
close to 100% down to a resolution of approximately 10 pixels per
flower, at which point the accuracy rapidly decreases to very low values
(0–20%). For the larger flower cluster sizes of 4.1 and 9.1 the flower
detection accuracy decreases consistently from high to low image re-
solution but remains at least 60% accuracy at an image resolution of 1
pixel per flower.

The trend in improvement in background accuracy with decreasing
image resolution was not consistent for each graph. There was typically
a sharp increase in accuracy at an image-specific resolution, but this
point of improvement varied between 1 and 100 pixels per flower.

The range in accuracy at high image resolution (right hand side of

Fig. 7. Original image (a) and classified raster images for the original imageDSC_301, using normalised RGB intensity (b) and raw RGB intensity classification (c)
from the spectral clustering analysis.
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each graph) between the six graphs for flower and non-flower classifi-
cation accuracy is due to the composition of the higher resolution
images; images with lower flower detection accuracies had a higher
proportion of flowers in part shade and lower non-flower classification
accuracies were primarily due to large areas of sand or bitumen within
the image (refer back to Table 2).

Examples of small and larger cluster images are provided in Fig. 10.
These examples are cropped areas of larger images to highlight the
difference in classification outcomes. An examination of the progres-
sively degraded images shows that the detection of flowers in larger
clusters is due to the larger clusters effectively representing larger
flowers in terms of target identification. While small clusters and in-
dividual flowers are not detected at low resolution, the larger clusters of
flowers in the image are still detected due to the larger number of near-
white pixels from the cluster.

The curves in Fig. 11 show that the resolution at which background

classification improves varies, and can occur at either higher or lower
than the resolution at which flower detection deteriorates. Accordingly
the resolution required for the detection of flowers should be used as
the primary decision tool for image resolution selection, with the
background classification accuracy being of secondary importance. In
practice the calculated flower occurrence in an image is determined by
the combination of correctly detected flowers and incorrectly classified
background pixels. The accuracy of the flower occurrence for an image
is thus determined by the image resolution and by the proportion of
flowers to background in the image.

To assess how the average flower cluster size, image resolution and
proportion of flowers affects the ability of the algorithm to detect
flowers against the background, the curves in Fig. 12 were constructed
from images DSC_0881 (1.5 median flower cluster size) and DSC_0296
(9.1 median flower cluster size). The different curves in each graph
show the calculated percent flower cover in the image versus different

Fig. 8. Example classification results from images with no Corymbia calophylla flowers, with percentage accuracy noted.
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image resolutions for actual flower percentages ranging from 0.5% to
25%. The actual proportion of flowers in the images was determined
manually.

The curves all rise sharply from 1 pixel per flower resolution up to
approximately 10 pixels per flower and only increase gradually after
this point. The sharp rise at low pixel per flower resolutions is less
pronounced for the larger flower cluster size (compare left and right
graphs). All curves effectively follow a line close to (% flower coverage)
+ (% background classification error). At low percentage flower cover,
represented by the lower curves, the background error percentage
dominates and at higher flower cover, represented by the upper curves,
the actual flower percentage dominates. At 0.5% flower pixels per
image, the classified percent flower cover is effectively the misclassified
background pixels, or background error, for that resolution, close to
3.3% for the left hand and 9.9% for the right hand graph.

Three key findings can be drawn from this analysis:

1. The minimum resolution for effective use of this algorithm is 10
pixels per flower.

2. Increasing the resolution to greater than 10 pixels per flower does
improve accuracy but to a minimal degree.

3. Background error is a significant factor, particularly for lower per-
centages of flower cover.

To equate the limits of detection to survey design for a drone, using
the DJI Phantom 3 Professional drone with:

– Resolution 4000×3000 pixels.
– Field of view of 94 degrees.
– Assumed flower size of 15mm diameter.

A resolution of 10 pixels per flower this equates to a flight height of
86.2 m above the canopy or 43.1 m height for a resolution of 20 pixels
per flower. With a maximum flight height of 120m above ground level
for Very Small Remotely Piloted Aircraft in Australia before extensive
certification is required by the Civil Aviation Safety Authority (CASA)
in Australia (Remotely piloted aircraft systems, operation of excluded
RPA (other than model aircraft), 2016) and a general maximum height
of Corymbia calophylla trees of 40m (Herbarium, 2015), drone flight
heights for most operators are restricted primarily by UAV compliance
requirements rather than resolution. Therefore all flights within CASA
requirements for non-certified UAV operators should fall within the
recommended minimum resolution for optimum detection of flowers.

3.6. Impact of other species flowering at the same time

In a forest setting, potentially other flowering plants may have an
impact on the detection of Corymbia calophylla in flower. An inter-
rogation of the floral database maintained by the Western Australian
Government (Herbarium, 2015) shows that:

– 2311 other species occur within 1 km of surveyed occurrences of
Corymbia calophylla.

– 108 other species occur at more than 25% of the Corymbia

Fig. 9. Classification results from independent flowering images. Accuracy determined by manually creating a mask of all flower pixels for each image and cal-
culating the percentage of non-flower pixels that were classified as flowers.
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calophylla locations.
– Two-thirds of these species have non-white flowers.
– 97 of co-occurring species are shrub or herb in form, i.e. of limited
spatial coverage).

– Two species flower at overlapping times with white flowers and are
trees: Eucalyptus marginate (Jarrah) and Eucalyptus wandoo
(Wandoo or White Gum).

These two species generally either flower earlier in the season
(Jarrah) or on different soil types (Wandoo or White Gum), which
would limit the impact on detection of Corymbia calophylla flowers in
single survey datasets. In the application of routine or repeated surveys
of the same region, a database of plant types and specific geospatial
maps of the extent of Corymbia calophylla trees could be developed
over time, using on ground surveys or visual interpretation of the high
resolution imagery.

Fig. 10. Comparison of lower resolution classification for individual flowers vs larger clusters.
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Based on this initial assessment, even in the internationally re-
cognised biodiversity hotspot of the Southwest Australian Floristic
Region (Gole, 2006) potentially many co-occurring species can be dis-
regarded from errors sources based on their size, form, flowering colour
or flowering season. However, this needs to be considered in more
detail in real-world aerial datasets.

4. Conclusions

The process of collecting high resolution images of Corymbia calo-
phylla flowers and the surrounding environment and applying a simple
parallelepiped classification algorithm has shown a clear spectral se-
paration between the flowers and the majority of the materials that
generally occur in the same area when the raw intensity of the red,
green and blue bands of data are used.

Errors in the classification process come primarily from areas of
bright reflections of direct sunlight onto the camera lens and from leaf
litter and senesced vegetation. Potentially leaf litter can be excluded
from the data by conducting a survey in winter months and applying a
spatial filter to remove areas classified as leaf litter for datasets acquired
over the flowering period for Corymbia calophylla (December – April).

We have demonstrated the potential of simple, low cost sensors to
be used for collecting multi-spectral data for use in classification and
detection of Corymbia calophylla flowers. Although the images we
analysed were captured using hand held devices, we also assessed the
impact on flower classification due to image spatial degradation, as
would occur if data were collected from a UAV and have developed a
representative survey design specification to this end.

We showed that classification accuracy varies with image spatial
resolution, and that the size of flower clusters present on the tree also

Fig. 11. Graphs of background classification accuracy and percentage of flowers detected against resolution (defined as average pixels per flower). The average
flower cluster size is indicated for each graph.
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affect the classification accuracy. These results provide support for the
potential of simple 3 band cameras mounted on UAVs for undertaking
surveys of flowering onset and flowering density of Corymbia calo-
phylla trees. This potential application is of particular relevance to the
management of bee hives. With bees typically foraging an average of
less than 1 km from the hive (Hagler et al., 2011), UAVs could be used
to optimise the location of beehives during a honey flow if multiple sites
are available in the area.

Based on an assessment of the effect of image resolution on classi-
fication accuracy, flights at up to 100m elevation should have sufficient
resolution to detect flowers. The accuracy of this approach is primarily
determined by the background classification error. If the background
classification error is known for an image or scene, the percentage
flower cover can be calculated with as little as 2% flower cover.

We have not considered the corrections in detail for the situation
where other flowering plants may occur in close proximity to the
Corymbia calophylla trees. In this case, if the other plants produced

white or near-white flower, the simple parallelepiped classification
could not be used to separate the different species. However, in the
application of routine or repeated surveys of the same region, a data-
base of plant types and specific geospatial maps of the extent of
Corymbia calophylla trees could be developed over time, using on
ground surveys or visual interpretation of the high resolution imagery.
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5 Prediction and detection of honey harvests from remote 

sensing and weather data 

5.1 Abstract 

There have been many efforts to use remotely sensed data to map or predict the 

production of honey. Several studies recommend that weather data are incorporated into 

the model. Here we assess the ability of satellite and weather data to predict the volume of 

honey produced from Corymbia calophylla (Myrtaceae) in southwest Australia. 

Utilising honey harvest data over 8 years, it was found that January NDVI could predict a 

‘good’ harvest (more than 40 kg of honey harvested per hive) to 79% accuracy. Poor 

harvests (less than 20 kg of honey) and moderate harvests (between 20 and 40 kg of honey) 

were not distinguishable. 

Assessing weather for January and February showed that the weather data from January 

was highly influential. Good harvests generally occurred after a cool, dry January, moderate 

harvests after a warmer, wetter January and poor harvests associated with warmer, drier 

January. Using a decision-tree approach, the combination of January weather and NDVI 

classified good harvests to 90% accuracy. Classification into the three quality levels 

achieved 69% accuracy from the overlapping data for poor and moderate years. 

This study used monthly weather data. Addition of daily weather data and apiary health 

variables may improve the predictive accuracy. 

5.2 Introduction 

In nectar productive regions, such as the biodiverse region of the southwest of Australia, 

beekeeping has expanded in recent years, with the number of registered beekeepers 

growing from 660 in 2010 to over 3,000 in 2019 (Thomson 2019) and significant 

international interest in local varietals. For example honey produced from Western 

Australian endemic species has some of the highest antimicrobial properties known for 

honey (Irish et al. 2011). This has led to the ‘farm gate’ price for monofloral marri honey 

(produced by European honey bees (Apis mellifera) from the Corymbia calophylla trees) 

reaching prices of A$30/kg in 2018, compared to a decade earlier at of A$ 3/kg (Hastie 

2018). 

While annual honey yields from Corymbia calophylla forests can be exceptionally high, 

being over 70 kg per hive in some cases, it can also ‘fail’ in some seasons, with declines in 
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marri honey produced due to depleted flowering events (Painter 2010). In addition to the 

financial loss to the beekeeper, these failed years often result in bees starving and hive loss. 

Thus developing tools that can accurately predict flowering events in major nectar 

producing native species has major commercial benefits. 

Developing predictive modelling of honey flow is a major area of interest with high 

commercial value to apiarists worldwide. Since the advent of remote sensing, there have 

been efforts to use remotely sensed data to map or predict the timing and volume of honey 

production for different regions for predictive hive placement. 

For example, a European study of honey yield against temporal variations in the Normalized 

Difference Vegetation Index (NDVI) from the Moderate Resolution Imaging 

Spectroradiometer (MODIS) sensor (Blomstedt 2014) showed a consistent time delay 

between the Start of Season (SOS) ‘green-up’ indicator and peak honey flow time. The NDVI 

SOS measurement was shown to be a reasonably consistent predictor of peak honey flow 

timing (R2 = 0.76). However, no correlation was found between the SOS and the start of 

honey flow as this is more dependent on the appearance of flowers on isolated plants, 

whereas the peak honey flow is a result of more widespread flowering and therefore more 

closely tied to the MODIS sensor scale. 

In Australia, eucalypts across south-eastern Australia yielded a broad, qualitative 

correlation between changes in vegetation indices derived from MODIS data and honey 

yield data, with recommendations made for more detailed studies on local variations in 

floristic communities and the impact of climatic variables (Webber 2011). Similar work 

using the ‘BeeBox’ web-based portal (Winter et al. 2013) showed a stronger correlation 

between annual peak Enhanced Vegetation Index (EVI) from MODIS and Eucalyptus tricarpa 

(ironbark) winter honey flow over a 15-year period (Arundel et al. 2016). Again, this was a 

qualitative correlation and no quantitative model formed. 

Spectral indices for predicting canola yield have shown that NDVI and EVI actually decrease 

over canola (Brassica napus) fields at the peak of flowering, despite the increase in floral 

cover and biomass (Sulik and Long 2015). As a result, a ‘Normalized Difference Yellowness 

Index’ (or NDYI) was developed, which provided a better yield predictor for canola than 

NDVI (Sulik and Long 2016). 

Higher resolution airborne hyperspectral data were shown to have a high degree of 

accuracy in detecting flowering in native vegetation in Africa (Landmann et al. 2015). Using 
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60 cm pixel hyperspectral data from 400 – 990 nm, this study was 77 – 97% accurate in 

detecting peak flowering depending on the plant species involved. 

Spectral reflectance work by the authors has established the potential for direct detection 

of flowers in the peak nectar producing tree Corymbia calophylla (marri) using drone 

(Campbell and Fearns 2018b) and satellite platforms (Campbell and Fearns 2018a). The 

success of the approach was influenced by the combination of the strong spectral 

separation of flowers of the target species from leaves and groundcover of these forests 

(see Figure 5-1), particularly in the visible and ultra-violet (UV) spectra, combined with a 

lack of other large canopy dominant species that flower at the same time and the large 

volume of flowers of marri during the flowering season (see Figure 5-2). Using the high 

degree of spectral separation of marri flowers, an algorithm (Marri Flowering Index (MFI)) 

was developed using MODIS data (Band 10 for the visible spectrum and Band 8 for the 

near-UV) that separated poor honey yield years from moderate to good years with an 80% 

accuracy for a trial location. 

 
Figure 5-1: Median reflectance spectra collected from Corymbia calophylla forests using a handheld 
spectroradiometer. Blue represents Corymbia calophylla flowers, green represents leaves from Corymbia 
calophylla and other species present, orange represents ground spectra. For a more complete discussion of the 
data, refer to Campbell and Fearns (2018a). The full spectral data are available as a published dataset (Campbell 
2019). 
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Figure 5-2: Corymbia calophylla (marri) forest in bloom. 

The objective of this study was to test the hypothesis that satellite-borne remotely sensed 

data supplemented by the inclusion of local weather conditions has the ability to accurately 

predict marri flowering events across a range of vegetation communities and climatic 

regions for the southwest of Australia, a source of high quality mono-floral varietal honeys 

(Irish et al. 2011). Marri trees typically flower over late summer (February is generally the 

prime honey producing month (Herbarium 1998)) and an interrogation of the local Western 

Australian botanical database (Herbarium 1998) shows that there are rarely other canopy 

species flowering at this time (Campbell and Fearns 2018a). Developing such a predictive 

model of honey production provides an invaluable tool for apiarists to plan hive placement 

to maximise yield and apiary profitability. 

5.3 Materials and methods 

5.3.1 Honey harvest and other site data 

Honey harvest data were collected from across the south-west of Australia (see Figure 5-3), 

with over 350 km between the northern and southern sites. Most sites are clustered 

centrally, within 65 km of the Western Australian state capital city of Perth. Data were from 

two apiarists; one ‘commercial’ apiarist with approximately 700 hives and one ‘hobby’ 

apiarist with approximately 50 hives. Both apiarists use the Italian subspecies of Apis 

mellifera, with queen bees bred from the ‘Better Bee’ queen breeding program (based on 

Western Australia’s Rottnest Island). The ‘northern apiary sites’ (i.e. those more than 50 km 
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north of Perth) are typically used for end of season harvests by the commercial apiarist as 

the marri trees typically finish flowering later in the season further north (Leyland 2015). 

 

Figure 5-3: Apiary site locations indicated by yellow markers. Site labels correspond to those listed in Table 1. 
Coordinates are in WGS84. 

Data included the number of hives at the apiary site for the season, dates the hives were 

moved onto and off the apiary site and the total weight of marri honey harvested from the 

apiary site for the season. This resulted in data from 58 harvests between 2010 – 2018 

across 16 apiary sites, with not all apiary sites being utilised each year. Other apiary 

variables, such as queen bee quality and hive condition or strength (for example measures 

of adult bee population and brood, as per Delaplane et al. (2013)) and when the marri trees 

started to flower, were not recorded. All apiary sites were at least three kilometres from 

other known apiary sites, and therefore outside the forage range for honey bees when 

nectar is moderately to readily available (Hagler et al. 2011). 

Harvest data were reduced to the average weight of honey harvested per hive per year per 

apiary site. The summary of the honey harvest data presented in Table 5-1 highlights the 

difficulty in obtaining continuous, or at least annual, data for all sites. Not all apiary sites are 

utilised every year, however the absence of data should not be interpreted as implying a 
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low annual yield for the site. For example, sometimes a site is not utilised because better 

yield is expected elsewhere. The practice of apiarists locating hives at the sites expecting 

higher yields each year limits the number of data points representing failed honey flow due 

to no flowers, thus limiting the potential for verification of the “null result” in the satellite-

derived data. There are four “null results” in the honey harvest data used, all of which occur 

from 2010 - 2012. It is important to note that in many years, the harvest data ranged from 

poor to good depending on the location, indicating a high spatial variability in nectar 

production for a given year across different locations. 

Table 5-1: Summary of average marri honey harvest per hive by apiary site and year, with the number of hives at 
the apiary site in brackets after the weight. Red = poor harvest (< 20 kg per hive), yellow = moderate harvest (20 
- 40 kg per hive) and green = good harvest (> 40 kg per hive) 

Site 2010 2011 2012 2013 2014 2015 2016 2017 2018 

101 Not used Not used Not used Not used Not used  39.3 (2)   20.3 (4)   12.5 (4)   35.0 (4)  

102 Not used Not used Not used Not used Not used  36.3 (2)  0.0 (4)  4.0 (4)   30.0 (4)  

103 Not used Not used Not used Not used Not used Not used  6.0 (3)  10.0 (4)   28.1 (5)  

201  Not used   Not used   Not used   49.6 (112)   Not used   52.2 (112)   Not used   Not used   Not used  

202  Not used   Not used   Not used   65.6 (112)   Not used   45.5 (112)   Not used   Not used   Not used  

204 0.0 (112)  16.1 (112)   Not used   71.0 (112)   Not used   Not used   Not used   26.8 (112)   40.2 (112)  

205 16.1 (112) 0.0 (112)  Not used   Not used   Not used   48.2 (112)   Not used   13.4 (112)   38.8 (112)  

206  34.8 (112)   Not used  0.0 (112)  18.8 (112)   Not used   29.5 (112)   Not used   Not used   16.1 (112)  

207  37.5 (112)   Not used  0.0 (112)  18.8 (112)   Not used   29.5 (112)   Not used   Not used   16.1 (112)  

208 18.0 (224)  Not used   8.0 (224)   16.1 (112)   16.1 (112)   12.1 (112)   Not used   Not used   16.1 (112)  

209  25.4 (112)   Not used   Not used   18.8 (112)   Not used   20.1 (112)   Not used   Not used   16.1 (112)  

210  34.8 (112)   Not used   Not used   56.3 (112)   Not used   67.0 (112)   Not used   Not used   Not used  

211 16.1 (112)  Not used   Not used   49.6 (112)   Not used   52.2 (112)   Not used   Not used   Not used  

212  Not used   8.9 (112)   Not used   42.9 (112)   Not used   32.1 (112)   Not used   11.6 (112)   26.8 (112)  

213  Not used   Not used   17.1 (112)   Not used   Not used   Not used   Not used   44.2 (112)   Not used  

Annual 
average 22.8 8.3 6.3 40.8 16.1 38.6 8.8 17.5 26.3 

Previous work on correlating MODIS data with marri honey harvests by Campbell and 

Fearns (2018b) utilised an apiary site surrounded in all directions by several kilometres of 

relatively uniform, mature marri forest. It was expected that this would show the greatest 

change in satellite measured reflectance due to flowering intensity from flowers resulting in 

a larger proportion of the pixel’s area with the floral signature compared with mixed land-

use areas. However not all apiary sites have such consistent forest coverage. 

To assess the impact of canopy cover on the vegetation indices and the MFI metric across a 

broader range on canopy cover densities than the previous study (i.e. including younger 

regrowth forest and partially cleared land rather than only mature forest), vegetation 

structure products produced by AusCover (Scarth 2009) were used to represent the mature 
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canopy cover for each site. The AusCover vegetation structure data were derived from 

remotely sensed Landsat data, resulting in a ground resolution of approximately 30 m. 

While the uncertainty for the vegetation cover has been proven to be as high as 20% 

(Guerschman et al. 2012), the AusCover data were considered sufficiently accurate to 

distinguish complete forest cover from partially cleared land or land with some remnant 

trees. 

With flowering marri trees being from 10 – 40 m high depending on age (Brooker and 

Kleinig 2001), the proportions of plant cover for the 10 – 30 m and > 30 m intervals were 

summed (the AusCover dataset provides fraction of vegetation cover from between 0 – 5 m 

height, 5 – 10 m height, 10 – 30 m height and greater than 30 m height). As the typical 

forage range for honey bees with moderate nectar availability is 1 – 2 km (Hagler et al. 

2011), the AusCover mean mature tree canopy cover data from this process were averaged 

to the nearest 1 km MODIS pixel extents to assist with assessing the relative impact of 

changes in vegetation phenology per pixel. Examples of this process are shown in Figure 

5-4. 

 

Figure 5-4: Comparison of aerial imagery (left panels) with AusCover vegetation height data at ~ 30 m spatial 
resolution (middle panels) and AusCover mean per (1km) MODIS pixel (right panels) for forest (top row) and 
mixed land use (bottom row) apiary locations. 

5.3.2 MODIS derived indices and honey yields 

Satellite-derived data from the MODIS sensor were used in this study in preference to other 

sensors with higher spatial resolution (e.g. Landsat or Sentinel-2) for the following reasons: 
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 The narrower spectral bands for MODIS compared with Landsat and their specific 

wavelengths result in a significantly higher spectral separation for marri flowers 

(Campbell and Fearns 2018a). 

 The daily temporal resolution of MODIS, compared with the 16-day temporal 

resolution of Landsat, is more suited to accurately measuring maximum values over 

a 1-month period. 

 While Sentinel 2 has a better temporal resolution than Landsat (5 days versus 16 

days), this data is only available from after March 2017. This gives two years of Marri 

harvest data to analyse. 

Previous studies correlating MODIS NDVI and EVI to honey harvests in the southeast 

Australian tree Eucalyptus tricarpa (ironbark) showed a degree of qualitative correlation 

between vegetation indices peaks in winter and the peak quarterly honey production for 

the same site (Arundel et al. 2016). However, no quantitative assessment was performed. 

In addition, marri trees are a late summer to early autumn flowering species (the annual 

low period for NDVI in Australia). It was expected that seasonal variations in vegetation 

indices would be larger than spectral variations due to flower coverage, as demonstrated 

by Campbell and Fearns (2018a), who estimated that NDVI and EVI require minimum 

canopy cover of 50% and 60% respectively for changes in flower coverage to be detectable. 

Even at 100% canopy cover, it was estimated in this previous study that these two indices 

still require 15% and 44% flower coverage of the pixel respectively for detection of flowers 

to be viable. 

Over the apiary sites used, the average canopy cover was only 22%. Accordingly, three sites 

with the highest canopy coverage and years of honey harvest data were initially selected to 

test the ability of NDVI and EVI to detect marri flowers. These three sites had canopy 

coverages ranging from 38% to 53%. The remaining 13 sites with lower canopy coverage 

were then assessed. 

Maximum monthly NDVI and EVI data for these sites were calculated from the MODIS 1 km 

pixel size database (as an indication of the highest level of canopy chlorophyll for the 

month (Gitelson and Merzlyak 1997)).These maximum values were extracted from the 

same MODIS pixels used to calculate the Marri Flowering Index (MFI), with the MFI 

calculated by dividing the value of MODIS Band 10 by Band 8, and as described in Campbell 

and Fearns (2018a). 
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5.3.3 Weather data 

To achieve a greater understanding of the causes of the variations in honey harvest weight, 

average maximum temperature and monthly rainfall data for January and February (the 

month immediately preceding the main flowering period and the month of the main 

flowering period (Brooker and Kleinig 2001)) were obtained from the Australian 

Government’s Bureau of Meteorology (BOM) website 

(http://www.bom.gov.au/climate/data/) for the weather stations closest to the apiary sites. 

Note that the distance between the source of weather data and harvest data was up to 40 

km in some cases as apiary sites can be situated in remote, unpopulated locations. 

These weather data were plotted both against the honey harvest weight data for each site 

and year, as well as plotted against each other, with points coloured by harvest quality to 

locate multiple weather factors that work together to affect the honey harvest quality. 

5.4 Results 

5.4.1 MODIS derived indices and honey yields 

With the increase in flower coverage over the flowering period resulting in less 

photosynthetically active vegetation at the top of the canopy, it would be expected that if 

the vegetation indices were directly detecting the presence of flowers then the vegetation 

index would decrease due to vegetation being occluded by flowers (as per spectral 

separation analysis by Sulik and Long (2015) and Campbell and Fearns (2018a)). However, 

as the February NDVI data in Figure 5-5 show, there is a weak positive correlation between 

February maximum NDVI and marri honey harvest weight (R = 0.73). 

 

Figure 5-5: MODIS NDVI versus annual marri honey yield 

The correlation between NDVI and honey harvest is stronger in January (R = 0.88) with 

increased chlorophyll content, as measured by the NDVI data, linked to more active green 

floral bud formation in the pre-flowering stage with resultant higher flowering, nectar 
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production and concomitant increase in honey harvest. Marri buds are held in terminal 

corymbs and can be visible as a lighter green ‘canopy’ over the tree compared with marri 

leaves. 

The January data shows that data points can be divided into two parts based on marri 

honey harvests above or below 45 kg per hive for the season. Below this harvest level there 

is a very poor correlation between honey harvest and NDVI (R = 0.40). Above this harvest 

(the four largest honey harvests), there is a stronger linear correlation between honey 

harvest and the January maximum NDVI (R = 0.99) (Figure 5-6). It is possible that for lower 

nectar production years, the variation in chlorophyll content is not sufficient to be 

measurably different by MODIS NDVI. For years with exceptionally high nectar production, 

the chlorophyll rises above the detection threshold and this linear relationship is 

measurable. 

 

Figure 5-6: Two zones of different relationships between January NDVI and annual marri honey yield 

The data analysis was then extended to include all honey harvest data points, regardless of 

degree of canopy cover. The result, shown in Figure 5-7, indicates a weak positive 

correlation between January NDVI and honey harvest (R = 0.46). The box plot of the data in 

Figure 5-7 does show that ‘good’ harvest years (honey harvest weight > 40 kg) have 

generally higher January NDVI. This was confirmed by an ANOVA analysis, which showed 

that there is no significant difference between the January MODIS NDVI data for poor (< 20 

kg) and moderate harvest amounts (20 – 40 kg) whereas good harvests were separable 

from poor and moderate harvests (<0.05 for good vs moderate and good vs poor years 

but not moderate vs poor years). Note that these ranges for poor, moderate and good 

harvest years are based on the average weight of honey harvested per ‘box’, or full-depth 
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super (the upper boxes in a hive where honey is deposited), of honey (average weight of 20 

kg per ‘box’ (Leyland 2015)). 

 

Figure 5-7: Maximum January MODIS NDVI for all honey harvest data points from Table 5-1. 

To assess the effect of site or year specific effects, the data in Figure 5-7 were grouped into 

apiary sites and years (Figure 5-8 and Table 5-2). These groups show that there is 

significantly better relationship between harvest volume and NDVI by year than by site 

(median R2 0.75 by year vs 0.13 by site), and that the positive relationships dominate by 

year as the harvest volume increases (there are no negative correlations above 45 kg per 

hive harvest weight). However, the majority of the relationship between NDVI and honey 

harvest by year is likely to be a result of increasing NDVI with increasing canopy cover 

rather than from the honey harvest itself (see Figure 5-9).  

 

 

Figure 5-8: Maximum January NDVI vs honey harvest per hive, grouped into years (left frame) and apiary sites 
(right frame) with linear regression trendlines shown 

Table 5-2: NDVI by year and site linear regression summary 

YEAR R2 GRADIENT  SITE R2 GRADIENT 

2010 0.93 -0.012  101 0.04 -0.0004 

2011 0.71 0.012  102 0.23 0.0008 

2012 0.94 0.010  103 0.98 0.0022 
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2013 0.78 0.006  201 N/A 0.0208 

2015 0.18 -0.002  202 0.03 -0.0025 

2016 0.42 -0.003  204 0.03 -0.0002 

2017 0.75 0.008  205 0.37 0.0010 

2018 0.75 0.012  206 0.10 -0.0002 

MEDIAN 0.75 0.007  207 0.03 -0.0002 

    208 0.32 0.0028 

    209 0.07 0.0019 

    210 0.61 0.0008 

    211 N/A 0.0056 

    212 0.16 0.0008 

    213 N/A -0.0021 

    MEDIAN 0.13 0.0008 

 

 

Figure 5-9: January maximum NDVI versus mature canopy cover (AusCover > 10 m height) 

As MFI and honey harvest weight were reported by Campbell and Fearns (2018a) as being 

linked, the MFI was compared to the honey harvest data used for NDVI and EVI evaluation. 

A plot of MFI vs honey harvest data (Figure 5-10a) shows no correlation across the full 

range of harvest weights. 

Given the range of canopy coverage as derived from AusCover data (2.6% – 61.9%), the MFI 

was multiplied by the canopy coverage in an effort to enhance the effect that canopy cover 

has on the index (Figure 5-10b). This scaled MFI (sMFI) showed a similar result to the 
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maximum NDVI in January, with low correlation for poor to moderate years (<40 kg per 

hive) and generally higher sMFI for good years (>40 kg per hive). This is more apparent in 

the box plots in Figure 5-11, with the sMFI for good years being noticeably higher. However, 

an ANOVA analysis of the sMFI for the three different groups of harvest weight only yielded 

a value of  < 0.05 for moderate vs good years (the NDVI ANOVA analysis gave this result 

for both poor vs good and moderate vs good years). 

 

Figure 5-10: Marri Flowering Index (MFI) and scaled Marri Flowering Index (sMFI) vs honey harvest weight 

 

Figure 5-11: Box plots of MFI and sMFI for different honey harvest weights 

The assessment of linear regression for sMFI when grouped by year and site (Figure 5-12 

and Table 5-3) again showed poor correlation between sMFI and honey harvest weight. 

Indeed, the median gradient for sMFI grouped by site in Figure 5-12 and Table 5-3 is 

negative, indicating that there is a negative correlation between sMFI and honey harvest 

weight. It may be that MFI can be effective in some cases where there is a high proportion 

of canopy cover (as found by Campbell and Fearns (2018a)). However the signal may too 

close to the noise floor for the MODIS data to be used reliably across areas of differing 

canopy covers, especially those areas with a lower proportion of canopy cover. 
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Figure 5-12: Maximum February sMFI grouped into years and apiary sites with linear regression trendlines 

Table 5-3: sMFI by year and site linear regression summary 

YEAR R2 GRADIENT  SITE R2 GRADIENT 

2010 0.51 1.69  101 0.03 0.056 

2011 0.01 -0.27  102 0.23 -0.124 

2012 0.06 0.18  103 0.98 -0.368 

2013 0.62 1.26  201 N/A -2.907 

2015 0.12 0.65  202 0.28 0.267 

2016 0.06 0.18  204 0.01 0.016 

2017 0.35 -0.79  205 0.38 -0.113 

2018 0.05 0.66  206 0.09 0.113 

MEDIAN 0.09 0.42  207 0.04 0.018 

    208 0.25 -0.074 

    209 0.09 0.301 

    210 0.63 -0.119 

    211 N/A -0.878 

    212 0.18 -0.134 

    213 N/A -0.185 

    MEDIAN 0.21 -0.113 

 

5.4.2 Relationships between honey yields and weather data 

Honey harvest weight versus weather data are shown in Figure 5-13, with broad trends 

indicated but there is still overlap between each weather metric and the harvest quality 
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categories (poor < 20 kg, moderate 20 – 40 kg and good > 40 kg). This is borne out by the 

ANOVA analysis of the data, which is summarised in 

 

Figure 5-13: Monthly weather data vs honey harvest weight. Each data point is for a harvest site. Background is 
coloured by poor, moderate and good harvest classifications (red, yellow and green respectively) 

Table 5-4. The only weather data that has a statistically significant difference is the January 

median maximum temperature (i.e. the median of the daily maximum temperatures in 

January). For this dataset, good harvest years do not exceed 31C degrees whereas poor to 

moderate harvest years range from 30.5C to 37.0C. While there are other clusters in the 

weather data (circled in red in Figure 5-13: higher January rainfall for moderate harvests 

and higher February rainfall for poor harvests), these only apply to some data points for a 

given harvest category and therefore are not the only factor influencing harvest quality. 
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Figure 5-13: Monthly weather data vs honey harvest weight. Each data point is for a harvest site. Background is 
coloured by poor, moderate and good harvest classifications (red, yellow and green respectively) 

Table 5-4: Monthly weather vs honey harvest ANOVA -value results. Note that significant results (where  < 
0.05) are highlighted in green. 

COMPARISON JANUARY 

TEMPERATURE 

JANUARY 

RAINFALL 

FEBRUARY 

TEMPERATURE 

FEBRUARY 

RAINFALL 

POOR VS MOD  > 0.05  > 0.05  > 0.05  > 0.05 

POOR VS GOOD  < 0.05  > 0.05  > 0.05  > 0.05 

MOD VS GOOD  < 0.05  > 0.05  > 0.05  > 0.05 

 

To assess the effect of multiple weather and vegetation index variables on harvest quality, a 

series of cross-plots were produced, with the harvest quality grouped by colour. The 

results, shown in Figure 5-14, show the potential for combinations of measurements to 

improve on Boolean classification results compared to single variables alone (see 

combinations indicated in Figure 5-14). Interestingly, there are clusters and trends for the 

good and moderate harvest quality categories, but the poor harvest quality category is 

spread across the full range of results for all metrics except January rainfall. This indicates 

that there are a number of conditions that can cause harvest of poor quality, but only a few 

conditions that may support moderate or good quality harvests. 



65 
 

5.5 Discussion 

5.5.1 MODIS derived indices and honey yields 

The correlations between NDVI and honey yield show that the increased vegetation activity 

associated with increased nectar production has a larger effect than flower coverage alone 

(i.e. direct detection of increased flower coverage with the NDVI data is not feasible within 

this dataset). Comparison of the ANOVA analysis of NDVI and scaled Marri Flowering Index 

(sMFI) compared to honey harvests showed that January NDVI is a more reliable indicator 

of honey harvest weight than the sMFI. 

To assess the accuracy of an NDVI cutoff point in classifying a year as good vs moderate or 

poor harvest quality, the percentages of years classified correctly for NDVI ranging between 

0.4 and 0.6 were calculated. A cutoff at an NDVI of 0.5 was found to be the most accurate, 

with 79% of the ‘good’ years being above this point and 77% of the other years being 

below. Thus it is possible to predict honey harvest from satellite remotely sensed data, 

although the prediction is not reliable across all canopy covers nor harvest qualities. 
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Figure 5-14: Cross-plots of weather and vegetation index data vs harvest quality. Red dashed lines highlight 
areas where good or moderate harvest datapoints cluster together well. 

5.5.2 Relationships between honey yields and weather 

The effectiveness of using multiple weather metrics to assign a honey yield quality was 

quantitatively tested by calculating the classification accuracy of different combinations of 

metrics, with the highest preceding this being a 78% accuracy in classifying good quality 

harvests using January maximum NDVI (note that moderate and poor quality harvest years 

were unable to be separated using NDVI). As summarised in Table 5-5, greater predictive 

accuracy is obtained using a combination of NDVI, median maximum temperature and 

monthly rainfall for January to classify a harvest as either good quality or of lower quality 

(accuracy of 90%). Of the 58 datapoints, two moderate quality years are classified as good 

years and four good years are classed as moderate years. Adjusting any of the three criteria 

to improve the number of good years that are correctly classified also increases the number 

of poor and moderate harvest years within the criteria, reducing the overall accuracy. 

After classification of good quality harvests, the next most accurate prediction is 

classification of harvests better than poor quality (i.e. moderate or good quality years), with 
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at an accuracy of 72%. This uses a combination of the good quality harvest classification 

criteria as well as a set range of January temperature to January NDVI ratios for moderate 

years (see the moderate harvest quality range indicated by the red oval in Figure 5-14). As 

seen in Figure 5-13 and Figure 5-14, there is significant overlap between poor and 

moderate quality harvest years in the NDVI and weather metrics that is a limiting factor in 

the classification accuracy. 

Moderate harvest quality years and poor quality harvest years were classified to 66% and 

69% accuracies respectively, using a combination of the good harvest quality criteria and 

higher quality indices than poor harvest. As discussed above, there is significant overlap 

with the metrics used for poor harvest quality years and moderate harvest quality years, 

that limits the effectiveness of a Boolean classification approach. It may be that more 

detailed analysis of daily temperature, rainfall and/or NDVI data over the pre-flowering 

period may achieve better results than the monthly figures. 

Attempts to create a combined classification approach for all three harvest quality levels 

yielded at best a classification accuracy of 69%, mostly due to the difficulty of separating 

moderate and poor harvest years. 

The outcome of the inclusion of the weather data into the predictive model shows that the 

honey harvest weight prediction model based on satellite remotely sensed data improved 

the model’s predictive capability. As only monthly weather data were used, it may be that a 

more detailed analysis of daily weather data may achieve greater accuracies for these poor 

and moderate harvest quality years. Greater predictability may also be achieved if apiary 

variables were incorporated in future models (such as queen bee quality and an index of 

hive strength as proposed by Delaplane et al. (2013)).  

Table 5-5: Multivariate classification accuracy summary 

TARGET METRIC(S) ACCURACY TARGET METRIC(S) ACCURACY 

GOOD 
HARVESTS 

JAN NDVI > 0.5 79% MODERATE 
HARVESTS 

JAN NDVI >  

(-0.042*JAN 
TEMP+1.75) 

45% 

JAN NDVI > 0.5 

AND IF 

JAN TEMP < 31.5 

83% JAN NDVI <  

(-0.042*JAN 
TEMP+1.75) 

AND IF 

JAN NDVI >  

(-0.042*JAN 
TEMP+1.90) 

AND IF 

JAN NDVI < 0.5 

AND IF 

66% 

JAN NDVI > 0.5 

AND IF 

JAN TEMP < 31.5 

AND IF 

JAN RAIN < 40 

90% 
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JAN TEMP > 31.5 

AND IF 

JAN RAIN > 40 

TARGET METRIC(S) ACCURACY TARGET METRIC(S) ACCURACY 

> POOR 
HARVEST 

JAN NDVI > 0.5 

AND IF 

JAN TEMP < 31.5 

AND IF 

JAN RAIN < 40 

AND IF 

JAN NDVI <  

(-0.042*JAN 
TEMP+1.75) 

AND IF 

JAN NDVI >  

(-0.042*JAN 
TEMP+1.90) 

72% POOR 
HARVEST 

JAN NDVI > 0.5 

OR IF 

JAN TEMP < 31.5 

OR IF 

JAN RAIN < 40 

69% 

5.6 Conclusions 

Building on previous work in Europe and south-east Australia correlating satellite-derived 

vegetation indices to honey yields (summarised in the introduction sector of this paper), an 

assessment of NDVI versus honey harvest weight found a strong correlation between 

higher January MODIS NDVI and good quality marri honey harvests (> 40 kg of honey per 

hive). Using a Boolean classification approach with a criterion of maximum January NDVI > 

0.5, and honey harvest data from 2010 – 2018 in southwest Australia across 16 wide-

ranging apiary sites were classified correctly with 78% accuracy. 

Incorporating climatic variables, particularly January monthly rainfall and median maximum 

daily temperature, with NDVI improved the classification of good quality harvest years to 

90%. However, moderate and poor harvest quality years had a larger overlap of the 

weather and NDVI data for compared with good quality harvest years.  

The results of this study will allow beekeepers to more accurately predict honey harvest 

quality prior to the start of honey production and adjust their preparation and site selection 

accordingly. 

The approach used here in developing the predictive model can be readily applied to honey 

harvests from other floral sources, allowing beekeepers from other regions or countries to 

develop models suited to their own particular floral assemblages and climates. 
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Abstract: Honey yield from apiary sites varies significantly between years. This affects the beekeeper’s
ability to manage hive health, as well as honey production. This also has implications for ecosystem
services, such as forage availability for nectarivores or seed sets. This study investigates whether
machine learning methods can develop predictive harvest models of a key nectar source for honeybees,
Corymbia calophylla (marri) trees from South West Australia, using data from weather stations and
remotely sensed datasets. Honey harvest data, weather and vegetation-related datasets from satellite
sensors were input features for machine learning algorithms. Regression trees were able to predict
the marri honey harvested per hive to a Mean Average Error (MAE) of 10.3 kg. Reducing input
features based on their relative model importance achieved a MAE of 11.7 kg using the November
temperature as the sole input feature, two months before marri trees typically start to produce nectar.
Combining weather and satellite data and machine learning has delivered a model that quantitatively
predicts harvest potential per hive. This can be used by beekeepers to adaptively manage their apiary.
This approach may be readily applied to other regions or forage species, or used for the assessment of
some ecosystem services.

Keywords: remote sensing; weather; Corymbia calophylla; honey; machine learning; prediction

1. Introduction

The beekeeping industry in Western Australia has grown rapidly in the past decade, from 660
registered beekeepers in 2010 to over 3000 in 2019 [1]. In addition, honey produced from Western
Australia has some of the highest antimicrobial properties known for honey [2]. As these high
antimicrobial honey varieties are produced from marri (Corymbia calophylla, Myrtaceae) and jarrah
(Eucalyptus marginata, Myrtaceae) trees that occur across a large area (see Figure 1) of approximately
84,000 km2 [3], beekeepers often travel long distances to inspect apiary sites and manage their beehives.
Access to a tool to predict areas of higher and lower honey production would make apiary management
more efficient and improve industry safety by reducing the amount of rural driving required.
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Figure 1. Geographic extent of Corymbia calophylla (a) and Eucalyptus marginata (b) [3]. 

Efforts to predict flowering patterns of Myrtaceous trees in Australia from weather data have 
often found complex relationships between weather and phenology. For example, a phenological 
study of four different species of Eucalyptus with coincident geographic ranges analysed 400 data 
points of flowering status and climate over 30 years [4] with the Generalised Additive Model for 
Location, Scale and Shape (GAMLSS) technique to assess the impact of minimum, mean and 
maximum temperature for the flowering period of those species, as well as flowering intensity in the 
preceding months and season. This study found that there is a non-linear relationship between 
temperature and flowering intensity, both of which varied between the four species. Two species 
flowered more intensely with increasing maximum temperatures, one species flowered more 
intensely with increasing minimum temperature and one species flowered less intensely with 
increasing maximum temperature. While temperature was consistently a key factor in flowering 
intensity, the effect was far from consistent. 

While several studies on the relationship between satellite-derived vegetation indices and honey 
production in south-east Australia have shown promising outcomes [5–7], these have been 
qualitative in nature, with no demonstration of quantitative relationships, nor predictive model 
development. 

Hawkins and Thomson [8] developed a qualitative, relativistic model for landscape/regional 
scale nectar availability in subtropical Eastern Australia, covering an area of 314,400 Ha. This study 
identified some key factors that were related to nectar availability, notably the Gross Primary 
Productivity for the previous 12 months and the average annual solar radiation and rainfall for the 
previous 6 months. The study was broad, covering more than 50 different plant species from many 
different genera. 

In this paper, we use machine learning regression methods to assess the capability of both 
weather data and satellite-derived vegetation and moisture related data to develop a honey harvest 
prediction model for marri honey. This includes an assessment of the spatial density of weather 
station data from the Australian Government’s Bureau of Meteorology (BOM). The primary aim is to 
identify the key factors that influence marri honey production and identify potential limitations in 
the data sources for these key factors. 

Figure 1. Geographic extent of Corymbia calophylla (a) and Eucalyptus marginata (b) [3].

Efforts to predict flowering patterns of Myrtaceous trees in Australia from weather data have
often found complex relationships between weather and phenology. For example, a phenological study
of four different species of Eucalyptus with coincident geographic ranges analysed 400 data points of
flowering status and climate over 30 years [4] with the Generalised Additive Model for Location, Scale
and Shape (GAMLSS) technique to assess the impact of minimum, mean and maximum temperature
for the flowering period of those species, as well as flowering intensity in the preceding months and
season. This study found that there is a non-linear relationship between temperature and flowering
intensity, both of which varied between the four species. Two species flowered more intensely with
increasing maximum temperatures, one species flowered more intensely with increasing minimum
temperature and one species flowered less intensely with increasing maximum temperature. While
temperature was consistently a key factor in flowering intensity, the effect was far from consistent.

While several studies on the relationship between satellite-derived vegetation indices and honey
production in south-east Australia have shown promising outcomes [5–7], these have been qualitative
in nature, with no demonstration of quantitative relationships, nor predictive model development.

Hawkins and Thomson [8] developed a qualitative, relativistic model for landscape/regional scale
nectar availability in subtropical Eastern Australia, covering an area of 314,400 Ha. This study identified
some key factors that were related to nectar availability, notably the Gross Primary Productivity for the
previous 12 months and the average annual solar radiation and rainfall for the previous 6 months. The
study was broad, covering more than 50 different plant species from many different genera.

In this paper, we use machine learning regression methods to assess the capability of both weather
data and satellite-derived vegetation and moisture related data to develop a honey harvest prediction
model for marri honey. This includes an assessment of the spatial density of weather station data from
the Australian Government’s Bureau of Meteorology (BOM). The primary aim is to identify the key
factors that influence marri honey production and identify potential limitations in the data sources for
these key factors.
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2. Materials and Methods

2.1. Honey Harvest Data

Honey harvest data used for this study were from the same dataset used by Campbell, Fearns [9].
The dataset is from two apiarists: one ‘commercial’ apiarist with ~700 hives and one ‘hobby’ apiarist
with ~50 hives. This consisted of harvest data from 2011 to 2018, across 16 apiary sites (with not all
apiary sites being used every year). Honey harvest data were reduced to the average weight of honey
harvested per hive, per year, per apiary site (see Table 1). The data were also classified by this measure
as to whether the harvest was a ‘poor year’ (<20 kg honey per hive), ‘moderate year’ (20–40 kg honey
per hive) or ‘good year’ (>40 kg honey per hive).

Table 1. Summary of honey harvest data by site and year.

Site 2011 2012 2013 2014 2015 2016 2017 2018
101 N/A N/A N/A N/A 39.3 20.3 12.5 35.0
102 N/A N/A N/A N/A 36.3 0.0 4.0 30.0
103 N/A N/A N/A N/A N/A 6.0 10.0 28.1
201 Not used Not used 49.6 Not used 52.2 Not used Not used Not used
202 Not used Not used 65.6 Not used 45.5 Not used Not used Not used
204 16.1 Not used 71.0 Not used Not used Not used 26.8 40.2
205 0.0 Not used Not used Not used 48.2 Not used 13.4 38.8
206 Not used 0.0 18.8 Not used 29.5 Not used Not used 16.1
207 Not used 0.0 18.8 Not used 29.5 Not used Not used 16.1
208 Not used 8.0 16.1 16.1 12.1 Not used Not used 16.1
209 Not used Not used 18.8 Not used 20.1 Not used Not used 16.1
210 Not used Not used 56.3 Not used 67.0 Not used Not used Not used
211 Not used Not used 49.6 Not used 52.2 Not used Not used Not used
212 8.9 Not used 42.9 Not used 32.1 Not used 11.6 26.8
213 Not used 17.1 Not used Not used Not used Not used 44.2 Not used
Red = ‘poor year’ (<20 kg per hive), yellow = ‘moderate year’ (20–40 kg per hive) and green = ‘good year’
(>40 kg per hive).

While most apiary sites were within 65 km of the capital city of Perth (Western Australia, −31.95
latitude 115.86 longitude), sites extended from as far north as Dandaragan (140 km north of Perth,
−30.66 latitude 115.70 longitude) to as far south as Boyup Brook (230 km south-east of Perth, −33.83
latitude 116.38 longitude). The locations of the apiary sites are shown in Figure 2. All sites experience a
warm temperate climate zone [10] and fall within the highly biodiverse South West Australian Floristic
Region [11]. While all sites are within the same broad climatic region, the geographic extent of the sites
means there is a range of annual weather trends within the study area, with the sites north of Perth
being hotter and drier and the site south of Perth being cooler and drier (further inland than Perth).
The mean annual and summer weather statistics for the three main areas are summarised in Table 2.

Table 2. Summary of key summary weather data for the three regions where sites are located.

REGION
ANNUAL SUMMER (DECEMBER–FEBRUARY)

Mean Max.
Temperature Rainfall Mean Max.

Temperature Rainfall

Dandaragan (north of Perth) 25.9 ◦C 484.5 mm 33.8 ◦C 32.4 mm
Mundaring (Perth Hills) 22.6 ◦C 1069 mm 29.7 ◦C 49.3 mm

Boyup Brook (south of Perth) 22.4 ◦C 649.1 mm 29.0 ◦C 44.7 mm
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flowering Corymbia calophylla (marri) trees of 10–40 m [13], the percentage of mature canopy cover for 
the apiary sites ranges from as low as 2.6% (for a farm site near Dandaragan) to as high as 61.9% (for 
a forest site in the Beelu National Park, near Mundaring) with a median mature canopy cover of 
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2.2. Temperature, Rainfall and Solar Exposure Datasets 

These standard meteorological datasets were retrieved from the Bureau of Meteorology (BOM)’s 
Australian Data Archive for Meteorology (ADAM), a database that holds weather observations 
dating back to the mid-1800s for some sites [14]. Daily weather observations stored within ADAM 
are readily accessible online via BOM’s Climate Data Online portal [15]. Weather stations managed 
by BOM are installed and operated to consistent standards [16], providing a high degree of 
confidence when comparing data between years and sites. 

Figure 2. Apiary site locations indicated by yellow markers. Site labels correspond to those listed in
Table 1. Coordinates are in World Geodetic System 1984 (WGS84).

There was also a large range of mature tree canopy cover across the sites. Using the vegetation
structure products produced by Auscover [12] in combination with the height range of mature,
flowering Corymbia calophylla (marri) trees of 10–40 m [13], the percentage of mature canopy cover for
the apiary sites ranges from as low as 2.6% (for a farm site near Dandaragan) to as high as 61.9% (for a
forest site in the Beelu National Park, near Mundaring) with a median mature canopy cover of 32.6%.
Examples of these canopy cover extents are shown in Figure 3.
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2.2. Temperature, Rainfall and Solar Exposure Datasets

These standard meteorological datasets were retrieved from the Bureau of Meteorology (BOM)’s
Australian Data Archive for Meteorology (ADAM), a database that holds weather observations dating
back to the mid-1800s for some sites [14]. Daily weather observations stored within ADAM are readily
accessible online via BOM’s Climate Data Online portal [15]. Weather stations managed by BOM
are installed and operated to consistent standards [16], providing a high degree of confidence when
comparing data between years and sites.

While the individual weather station measurements have a high degree of confidence, weather
stations in the study area are widely spaced, with up to 38.9 km between apiary sites and the nearest
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weather station (Table 3). With the majority of the surveyed extent of the marri trees covering
~84,000 km2 [3], only ~11,000 km2 (or 13% of this area) has a temperature station within 10 km. This is
shown spatially in Figure 4. The relatively sparse weather station network means that the extrapolation
of temperature data to apiary sites may introduce some errors. Additionally, while a 10 km buffer from
the rainfall recording stations covers 50% of the surveyed extent of marri trees, the spatial extent of
rainfall events, particularly summer thunderstorms, can be much less.

Table 3. Distances between apiary sites and weather stations Bureau of Meteorology (BOM) weather
station locations retrieved from [17].

Apiary Site Nearest Temperature
Station Distance (km) Nearest Rainfall

Station Distance (km)

101 PEARCE RAAF 12.3 MARBLING 3.7
102 BICKLEY 10.5 MAIDA VALE 5.2
103 BICKLEY 9.7 ROLEYSTONE 3.6
201 BICKLEY 6.2 BICKLEY 6.2
202 BICKLEY 23.9 CHIDLOW 5.5
203 BICKLEY 24.5 WOOROLOO 4.7

204 BICKLEY 19.3 LAKE
LESCHENAULTIA 1.8

205 BICKLEY 27.0 WOOROLOO 6.9

206 BADGINGARRA
RESEARCH STN 38.9 CHELSEA 4.9

207 BADGINGARRA
RESEARCH STN 33.3 TAMBREY 2.4

208 LANCELIN
(DEFENCE) 34.6 DANDARAGAN

WEST 3.2

209 LANCELIN
(DEFENCE) 37.9 DANDARAGAN

WEST 1.2

210 BICKLEY 1.2 BICKLEY 1.2
211 BICKLEY 4.8 BICKLEY 4.8
212 BICKLEY 20.1 CHIDLOW 0.1

213 BRIDGETOWN
COMPARISON 29.9 BOYUP BROOK 10.0

Shaded cells indicate either temperature stations further than 10 km from the apiary site or rainfall stations more
than 2 km from the apiary site.Agriculture 2020, 10, x FOR PEER REVIEW 6 of 17 
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An example of the rainfall from such a storm event is shown in Figure 5. The main storm feature
is approximately 18 km across its long axis but the more intense central area, where rainfall may be as
high as 200 mm/h in this case, is just over 2 km across. Reducing the buffer around the BOM rainfall
stations to 2 km means that only 3.1% of the marri spatial extent is sufficiently close to a rainfall station
to reliably detect these isolated, yet intense, summer rain events. With summer rainfall being one of
the key indicators of marri honey harvest weight [9], this lack of coverage may limit the ability of the
BOM rainfall data to reliably classify or predict honey harvest weight.
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rain radar for Perth [18] for (a) a localised and intense summer storm event in January (highlighted in
red), and (b) the storm front of a winter thunderstorm in July.

The distances between the apiary sites where the honey harvest data is from and the nearest
weather stations are provided in Table 3, with temperature stations more than 10 km away and rainfall
stations greater than 2 km away highlighted. A total of 75% of the apiary sites are more than 10 km
from the nearest temperature station and 75% of the apiary sites are more than 2 km from the nearest
rainfall station. Only one apiary site was within both 10 km of a temperature station and 2 km of a
rainfall station.

2.3. Satellite-Derived Data

All other input datasets for modelling were derived from the Moderate Resolution Imaging
Spectrometer (MODIS) sensor which is carried on the Terra and Aqua satellites [19], with data retrieved
from the Application for Extracting and Exploring Analysis Ready Samples (AppEEARS) online
portal [20]. A summary of the scientific basis for the creation of these datasets follows below. All
datasets were retrieved from the AppEEARS portal at a pixel size of 1000 × 1000 m, from the pixel
in which the apiary site is located. Retrieving data from coincident pixels meant that the subsequent
integration of the data into a single database was a straightforward process. This pixel size was selected
based on the typical forage range for honeybees with moderate nectar availability being 1–2 km [21].
This spatial resolution scale is also in line with studies elsewhere in the world investigating links
between honeybee foraging and satellite data, such as eastern Australia [6] and Europe [22]. These
studies concluded that, due to the foraging distances, the larger pixels of MODIS datasets were a more
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accurate representation of the foraging conditions for a given apiary site than data from sensors with a
higher spatial resolution.

All satellite derived data sets were filtered using the quality control channel contained in the
AppEEARS download files. The particulars of the quality control parameters for each dataset can be
found in the references provided in the following paragraphs. The quality control filter was set to only
allow the highest quality data through into the machine learning algorithm input dataset.

The Gross Primary Production (GPP) MODIS-derived product was developed by Running
and Nemani [23], based on the theory that productivity of crops with sufficient water and nutrient
availability is linearly related to the amount of absorbed solar radiation and the efficiency of its
use [24]. The MOD17 data product [25] used for this study incorporates the vegetation conversion
efficiency factor (ε), as well as the effect of water stress and cold conditions on this conversion factor.
Ground-based validation of the MOD17 data by Turner and Ritts [26] found that MOD17 GPP is
responsive to general trends associated with local climate and land use, but tended to overestimate
GPP in low productivity areas and underestimate GPP in high production areas.

The MOD16A2 Net Evapotranspiration data product [27] is based on the retrieval of key parameters
of the Penman–Monteith evapotranspiration formula from MODIS data [28]. A reliability study of this
data product in dry, heterogenous forests against ground measurements yielded a strong correlation of
r2 = 0.82 [29], indicating the high overall reliability of the product.

The Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI) were
both retrieved from the MOD13Q1 data product [30]. NDVI has been found to be strongly related to
leaf chlorophyll content, whereas EVI is more indicative of canopy structural variations, including leaf
area index (LAI) [31].

The Marri Flowering Index (MFI), developed by Campbell and Fearns [32], was designed for
direct detection of marri flowers from MODIS data, based on an analysis of spectroradiometer surveys
of this particular species. While the MFI has proven to be an effective index for classifying the marri
honey harvest weight for some apiary sites with a high proportion of canopy cover [32], it appears to
be less reliable across multiple apiary sites and years [9].

The Normalised Difference Water Index (NWDI) [33] is sensitive to changes in the liquid water
content of vegetation canopies. This is a proven metric for vegetation water stress [34], which may
impact bud development and nectar production.

2.4. Classification and Regression Tree Analysis

Classification and regression trees [35] are machine learning methods commonly used to build
predictive models from input data [36]. Both methods partition the input dataset into smaller subsets
and perform a simple prediction for each subset. By repeating this process over the entire dataset and
combining the simple predictions together, a ‘tree’ type classification or regression structure is made.
Classification trees are used for predictive models based on discreet classes or values, while regression
trees are used for continuous variables or ranges.

To develop a predictive model, we tested two kinds of regression and classification approaches.
Boosted Regression Trees (BRTs) are versatile, tree-based regression methods that can handle input
features of different data types, while handling complex nonlinear relationships as well as interaction
effects between the input features [37]. Random Forest trees have become popular in recent years for
remote sensing and ecological applications due to their ability to handle both high data dimensionality
and multicollinearity, which are common in multi-spectral remote sensing data, and the fact that they
are both fast and insensitive to overfitting [38]. The Scikit-learn code for Python was used for the
analysis [39], with the GradientBoostingRegressor, GradientBoostingClassifier, RandomForestRegressor and
RandomForestClassifier functions initially used to assess which approach resulted in the most accurate
predictive model.
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2.5. Results

Input data were retrieved from several different sources for periods both preceding and during
the main honey flow period for marri trees (February). The sources, periods and abbreviations used
hereafter for these data are provided in Table 4. In total, a multidimensional database of 115 input
features was created from the data summarised in Table 4.

Table 4. Summary of features used in the regression tree analysis.

Feature Months Used Data Source

MaT: Median maximum monthly
temperature (◦C)

Median maximum monthly temperature during flowering
(MaTD) to the median maximum monthly temperature for

the 11 months preceding flowering (MaT11)

Australian Data Archive for
Meteorology (BOM) [15]

MiT: Median minimum monthly
temperature (◦C)

Median minimum monthly temperature during flowering
(MiTD) to the median minimum monthly temperature for

the 11 months preceding flowering (MiT11)

T40: Number of days above 40 ◦C
Total number of days above 40 ◦C during flowering (T40D)

to total number of days above 40 ◦C for the 6 months
preceding flowering (T406)

T25: Number of days below 25 ◦C
Total number of days below 25 ◦C during flowering (T25D)
to the total number of days below 25 ◦C for the 6 months

preceding flowering (T256)

R: Monthly rainfall (mm) Total rainfall during flowering (RD) to the total rainfall
during the 11 months preceding flowering (R11)

SRad: Nett mean monthly Solar
Exposure (MJ/m2)

Mean solar exposure during flowering (SRad) to the mean
solar exposure for the 11 months preceding flowering

(SRad11)

GPP: Gross Primary Productivity
(kgCm2)

Gross Primary Productivity from 1 month prior to
flowering (GPP1) to the Gross Primary Productivity from

the 11 months prior to flowering (GPP11)

Application for Extracting and
Exploring Analysis Ready

Samples (A%%EEARS)
[20]-MOD17A2H product

PSN: Net Photosynthesis
Net Photosynthesis from 1 month prior to flowering

(PSN1) to the Net Photosynthesis from 11 months prior to
flowering (PSN11)

A%%EEARS—MOD17A2H product

ET: Evapotranspiration
(kg/m2/day)

Evapotranspiration from 1 month prior to flowering (ET1)
to the Evapotranspiration from the 11 months prior to

flowering (ET11)
A%%EEARS—MOD16A2 product

LE: Average Latent Heat Flux
(J/m2/day)

Average Latent Heat Flux from 1 month prior to flowering
(LE1) to the Average Latent Heat Flux from the 11 months

prior to flowering (LE11)
A%%EEARS—MOD16A2 product

PET: Total Potential
Evapotranspiration (kg/m2/day)

Total Potential Evapotranspiration from 1 month prior to
flowering (PET1) to the Total Potential Evapotranspiration

from the 11 months prior to flowering (PET11)
A%%EEARS—MOD16A2 product

PLE: Average Potential Latent
Heat Flux (J/m2/day)

Average Potential Latent Heat Flux from 1 month prior to
flowering (PLE1) to the Average Potential Latent Heat Flux

from the 11 months prior to flowering (PLE11)
A%%EEARS—MOD16A2 product

NDVIA: Average Normalized
Difference Vegetation Index

Average NDVI from 1 month prior to flowering
(NDVIAv1) to the average NDVI for the 11 months prior to

flowering (NDVIAv11)
A%%EEARS—MOD13A1 product

NDVIM: Maximum Normalized
Difference Vegetation Index

Maximum NDVI from 1 month prior to flowering
(NDVIMx1) to the maximum NDVI for the 11 months

prior to flowering (NDVIMx11)
A%%EEARS—MOD13A1 product

EVIA: Average Enhanced
Vegetation Index

Average EVI from 1 month prior to flowering (EVIAv1) to
the average EVI for the 11 months prior to flowering

(EVIAv11)
A%%EEARS—MOD13A1 product

EVIM: Maximum Enhanced
Vegetation Index

Maximum EVI from 1 month prior to flowering (EVIMx1)
to the maximum EVI for the 11 months prior to flowering

(EVIMx11)
A%%EEARS—MOD13A1 product

MFI: Marri Flowering Index Maximum Marri Flowering Index (MFI) value for February AppEEARS—derived from
MODOCGA product

NDWI: Normalized Difference
Water Index

Average NDWI from 1 month prior to flowering
(NDWIAv1) to the average NDWI for the 11 months prior

to flowering (NDWIAv11)

AppEEARS—derived from
MOD09A1 product
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To assess the predictive accuracy of each algorithm, both the regression and classifier functions
for the gradient boosted and Random Forest tree algorithms were run for all 115 input features, with
an increasing number of trees in the model. No complexity limit was given due to the relatively small
size of the dataset and the resulting short run time. The output from this testing (see Table 5) shows
that the Random Forest functions worked better for the classification approach, based on the ‘poor
year’, ‘moderate year’ and ‘good year’ ratings, and the Gradient Boosted functions worked better for
predicting the honey harvest weights via the regression model.

Table 5. Summary of predictive errors for different sized Random Forests.

Number of
Algorithm

Trees

RANDOM FOREST TREES GRADIENT BOOSTED TREES

Honey
Weight

Regression

Honey
Weight

Classification

Honey
Class

Classification

Honey
Weight

Regression

Honey
Weight

Classification

Honey
Class

Classification

5 11.68 kg 25% 50% 13.49 kg 50% 42%
10 13.63 kg 25% 50% 11.38 kg 25% 42%
20 12.46 kg 25% 42% 10.42 kg 18% 42%
50 11.48 kg 25% 42% 10.55 kg 18% 42%
100 11.31 kg 25% 33% 10.35 kg 18% 42%
200 11.63 kg 25% 33% 10.33 kg 18% 42%
500 11.56 kg 25% 33% 10.33 kg 18% 42%

1000 11.29 kg 25% 33% 10.33 kg 18% 42%
5000 11.43 kg 25% 33% 10.33 kg 18% 42%

Note that the ‘Honey weight classification’ is performed by doing the ‘Honey weight regression’, then classifying the
predicted honey weight into the appropriate class of ‘poor year’, ‘moderate year’, or ‘good year’. The ‘Honey class
classification’ output is provided by the relevant ‘Classifier’ function. The lowest predictive errors are highlighted
in green.

The lowest predictive errors came from the use of Gradient Boosted Regression (GBR), with a
mean average error of +/− 10.3 kg for the weight, with this weight being in the correct class 82% of
the time.

The partial dependence plots for the 10 features with the highest feature importance from the
full feature input model are shown in Figure 6. These plots show that the model predictions have the
highest dependence on the mean maximum temperature for October–January (MaT4), with mean
maximum temperatures below 27 ◦C having a strong positive relationship and mean maximum
temperatures above 27 ◦C having a negative relationship. There are also strong relationships with
Gross Primary Production from the 11 months preceding the flowering period (GPP11), with low GPP
associated with lower honey production, and a higher evapotranspiration for January (ET1) having a
positive relationship with higher honey production.
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Figure 6. Partial dependence plots for 10 most important features (Gradient Boosted Regression).
Refer to Table 4 for the feature acronym definitions. (a) Average maximum temperature for October
to January (b) evapotranspiration for January (c) Gross Primary Productivity from March to January
(d) Net Photosynthesis For March to January (e) Solar Radiation for January (f) Total Potential
Evapotranspiration For August to January (g) rainfall from December to January (h) average maximum
temperature in January (i) maximum Enhanced Vegetation Index from December to January (j) rainfall
from August to January.
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In order to determine whether the dimensionality of the input features could be reduced without
compromising the predictive accuracy of our models, the GBR function was run multiple times with
fewer input features for each run. The selection of input features for each run was on the basis of the
highest feature importance from the preceding model. Table 6 shows the VIs and predictive errors for
this process. The MaT4 feature is clearly the most important input, with a VI of 37.7% even when all
115 features are used in the regression modelling. This is followed by ET1 and GPP, both at below
10% when all feature inputs are used. The columns highlighted in green show the models with the
lowest error, by class (five input features) and by weight (two input features). These reduced input
feature models both have slightly higher honey weight prediction errors than the full feature model
(increased error of 0.52 kg versus a honey harvest range of 0.0 kg to 71.0 kg in the training and testing
datasets). If this simplified approach were to be applied to larger datasets for the prediction of honey
harvest weight, a significantly smaller number of feature inputs can be used, with a minimal reduction
in predictive accuracy, reducing the size of the multidimensional dataset required.

Table 6. Gradient Boosted Regression errors and feature importance (import.) for differing number of
input features.

# Features All 10 8 6 5 4 3 2 1
Honey weight 10.33 kg 11.75 kg 9.56 kg 12.87 kg 10.85 kg 11.61 kg 10.91% 10.42 kg 11.72 kg
Honey class.

(1–3) 17% 17% 17% 25% 8% 17% 17% 17% 25%

Honey class.
(1–2) 0% 0% 0% 0% 0% 0% 0% 0% 0%

MaT4 import. 37.7% 30.7% 31.7% 45.7% 48.9% 56.8% 57.0% 63.2% 100%
ET1 import. 7.9% 18.6% 15.4% 25.0% 26.3% 29.3% 31.0% 36.8%

GPP11 import. 5.9% 11.3% 14.4% 10.0% 11.1% 8.4% 12.0%
NSP11 import. 5.7% 9.8% 12.5% 7.5% 7.3% 5.5%
SRad1 import. 4.0% 8.0% 8.8% 6.0% 6.5%
PET6 import. 3.7% 6.2% 6.6% 5.8%

R2 import. 3.7% 5.4% 6.1%
MaT1 import. 3.2% 4.6% 4.6%

EVIMx2 import. 2.8% 3.9%
R6 import. 2.7% 1.6%

The models with the lowest errors are highlighted in green. Gray cells are where the input features were not used in
the classification algorithm.

The ‘Honey class. (1–2)’ row in Table 6 is calculated by classifying the predicted honey weight
as either ‘good year’ or ‘below good year’, based on the high degree of clustering found with key
weather and satellite inputs for ‘good years’ by Campbell and Fearns [9]. This tight clustering for
‘good years’, and the 0% error in the predictive regression classification, means that for this dataset
the ‘good year’ prediction is both an accurate and a robust model. While this cannot assist apiarists
with preparation for ‘poor years’, when their bees can sometimes starve due to the lack of nectar,
the apiarists can prepare for a ‘good year’ in advance and therefore increase the honey production,
compared with being unprepared for a ‘good year’ and having insufficient hives or other equipment
to facilitate efficient use of the abundant resource.

Although the predictive regression model developed solely from the MaT4 and ET1 features has a
relatively low error and is shown to be quite robust at predicting harvests that are ‘good years’, both
input features require data from the month immediately preceding the honey flow. If the predictive
model developed here was used operationally by beekeepers to adaptively manage their beehives, this
timing of the key input data would limit the time available for apiarists to prepare for a ‘good year’. To
determine whether a predictive model could be generated with a longer lead time into the honey flow,
mean maximum temperatures for the individual months from October to January were also tested
in the GBR, as well as combinations of these months. The VIs from this process are summarised in
Table 7. While the original MaT4 and ET1 features retained a high importance, MaT3 (mean maximum
temperature for November) was also assessed as a key feature input, based on a visual assessment of
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the clustering of each feature versus honey harvest weight (see Figure 7). While the model does not
produce the lowest errors, it is nonetheless a reliable predictor (particularly for ‘good years’ versus
non-good years). The lower accuracy of the prediction is offset by the lead time to the honey flow; with
honey flow generally starting in late January to early February [32], having a strong indicator of an
upcoming good harvest by the end of November gives apiarists approximately two months to prepare
for the predicted conditions.

Table 7. Gradient Boosted Regression errors and the feature importance of mean temperatures 1–4
months before flowering and evapotranspiration 1 month before flowering.

# Features 10 8 6 4 3 MaT3 + ET1 MaT3
Honey weight 10.09 kg 10.34 kg 9.64 kg 11.16 kg 10.44 kg 8.92 kg 11.72 kg

Honey class. (1–3) 17% 25% 17% 25% 17% 17% 25%
Honey class. (1–2) 0% 0% 0% 0% 0% 0% 0%

ET1 import. 28.3% 28.3% 28.4% 35.1% 36.8% 38.1%
MaT 1–4 import. 24.5% 35.1% 33.8% 17.1% 38.3%
MaT 2–3 import. 24.1% 13.9% 16.9% 37.5% 24.9%
MaT 2 import. 5.7% 8.2% 8.9% 10.4%

MaT 3–4 import. 3.2% 3.4% 3.2%
MaT 1 import. 8.9% 8.8% 8.9%

MaT 2–4 import. 1.2% 1.8%
MaT 1–2 import. 3.6% 0.6%
MaT 3 import. 0.4% 61.9% 100%
MaT 4 import. 0.2%

The models with the lowest errors are highlighted in green. Gray cells are where the input features were not used in
the classification algorithm.
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3. Discussion

From the regression tree analysis performed in this study, there are a range of different factors
that influence the honey harvest of marri trees and the timeframe of some of these factors (e.g., Gross
Primary Productivity) can be as much as a year before the honey flow starts. Despite the range of
available input variables that we explored, we found that the inputs to the predictive model can be
reduced significantly with a minimal reduction in the accuracy of the predictive model. The mean
maximum temperature for the few months preceding honey flow (November to January) and the
evapotranspiration in the month before honey flow (January) were found to describe the majority of
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the variability in honey harvest weight almost as accurately as the full multidimensional dataset of
115 input features.

The potential limitations in the accuracy of the weather station data available from BOM, due to
the sparsity of stations across the extent of marri trees versus the spatial variability of the observations,
may mean that some relationships between marri honey production and weather may not be fully
captured in the existing database. The sparse nature of rainfall stations compared to the localised
nature of summer rainfall events means that the influence of rainfall in particular may have been poorly
characterised in our input dataset. Unfortunately, due to this sparsity of rainfall stations, excluding
apiary sites from the database that have temperature stations more than 10 km away and/or rainfall
stations more than 2 km away would result in only one apiary site in the database with honey harvests
from two of the study years. This is insufficient data for the development of a predictive model,
particularly as both of these years are ‘good years’ (>40 kg of marri honey per hive).

Rainfall immediately preceding and during the flowering period is one of the key factors in harvest
quality (see Figure 8), with heavy summer rainfall events after flowering commences actually knocking
stamen, and sometimes flowers, from the trees [40]. This presents an issue with the development of a
predictive model as, even with good conditions in the lead up to the peak flowering period, a localised
storm may downgrade a prospective harvest from a ‘good year’ to a ‘moderate year’ or even a ‘poor
year’ in a matter of hours.
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from Campbell and Fearns [9]).

Such a localised storm may have been the cause of the quality of some of the ‘moderate year’
harvests in the Perth Hills in 2015 being incorrectly classified as ‘good years’ by the predictive model;
the November mean maximum temperature was within the range for a good harvest that season, but
three of the eight apiary sites only yielded a harvest that was a ‘moderate year’. Rainfall for all of the
apiary sites was below 40 mm for February (in the range 18.6–30.0 mm). The rainfall radar image from
the main rainfall event at the start of the month, shown in Figure 9, contains localised patches of more
intense rainfall (up to 80 mm/hr) that are under 2 km across. The presence of one of these localised
higher intensity zones over an apiary site may well have increased the rainfall received by the site to
over 40 mm for the period, the upper limit for good harvests from the currently available data [9].
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With marri honey being the largest annual honey harvest in Western Australia [42], the highly
specific conditions required for a good harvest may be less likely to occur with the projected climate
models for the extent to which marri trees occur. The Regional Climate Model developed for southwest
Western Australia by Andrys and Kala [42] assessed projections of both mean and extreme weather
events over the period from 2030 to 2059 under a high greenhouse gas emissions scenario. Compared
with historic data from 1970 to 1999, mean maximum temperatures for spring and summer are projected
to increase by between 0.5–2.0 ◦C. With more than 80% of the ‘good years’ occurring in seasons where
the preceding November mean maximum temperature is less than 24.0 ◦C. As the November mean
maximum temperature for the Perth Hills region is already at 25.0 ◦C, the probability of this criteria for
a good harvest being met will likely decrease. In addition, while the projections for summer rainfall
vary considerably between models, the models all predict that the intensity of summer rainfall events
will increase, resulting in an increase in the probability of localised rainfall events of sufficient intensity
to reduce the harvest quality.

4. Conclusions

The development of a multidimensional database with 115 factors that may influence the honey
production of marri trees was subjected to a regression tree analysis. The GBR models achieved the
highest predictive accuracy when all features from the multi-dimensional dataset were used, with an
average error of +/− 10.33 kg for the weight, with the weight being in the correct class 82% of the time.
A similar level of predictive accuracy was achieved with a revised GBR model using the input features
with the five highest values of feature importance. This regression model was able to predict the honey
yield per hive with a mean average error (MAE) of 10.85 kg and classify the harvest into the correct
quality category with 92% accuracy.

Analysis of the predictive accuracy of GBRs with different input features highlighted that ‘good
years’ could be predicted robustly compared with ‘moderate years’ and ‘poor years’ (100% accuracy
with only one or two input features in the models). With mean maximum temperature in the months
leading up to the marri honey flow consistently rating among the highest importance values, testing
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the model with various combinations found that using the November mean maximum temperature
on as the only input feature into the GBR algorithm could predict the honey harvest weight per hive
to an MAE of 11.72 kg, classify it into the correct class with 75% accuracy and predict a ‘good year’,
versus other types of year, to 100% accuracy. With the honey flow typically starting in February, giving
apiarists a reliable predictor of a good season two months ahead of time will allow them to prepare
their equipment, including establishing new hives, before the flow starts to improve the production in
years with good honey harvests.

In an operational setting, the accuracy of the prediction models may be restricted by the availability
of weather data, with less than 13% of the extent of marri trees having a temperature station within
10 km. Intense localised summer rainfall events also have an important role to play in making the model
more widely applicable. Only 3.1% of the marri areas have a rainfall station within 2 km. Access to more
spatially accurate weather data may be able to improve the regression model’s predictive accuracy.

With cooler weather and lower summer rainfall required for good marri honey harvests, the
climate projections for southwest Western Australia indicate that good harvests are likely to become
rarer in the future, with mean maximum temperatures and the intensity of summer rainfall both
projected to increase.

While this study has been focused on honey production from a single species endemic to South
West Australia, the weather stations and satellite data used to develop the model, for example, the
Royal Netherlands Meteorological Institute (KNMI) Climate Explorer tool [43], have collected over
10 TB of weather data from multiple weather agencies around the world (including the BOM data
used for this study). The MODIS input feature data are freely available global datasets produced by
NASA. If these data are used in conjunction with honey harvest data from other species and/or regions,
predictive models could foreseeably be developed using the methodology employed for in study for
other honey harvests.
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7 Review and Discussion 

7.1 Significant Findings 

As detailed in Section 1.3 (Research Objectives and Significance), the objective of this thesis 

is to develop tools to map and predict Corymbia calophylla honey harvests, utilising readily 

available temporospatial input data. The staged research program detailed in Section 1.4 

(Research Design and Thesis Outline) identifies the research steps required to achieve this 

outcome, which includes development of supporting outcomes to assist apiarists with 

assessing the honey producing potential of their apiary sites on a seasonal basis. 

The objective of the initial stage of research was to determine whether the relative 

abundance of flowering Corymbia calophylla trees could be assessed by readily available 

UAV’s. The usefulness of this to apiarists would be the ability to achieve a better 

understanding of nectar availability of apiary sites at the start of and during the flowering 

period. Due to mature Corymbia calophylla trees being between 10 – 40 m height (Brooker 

and Kleinig 2001), and honeybees readily foraging over a kilometre from their hive (Hagler 

et al. 2011), this information is difficult to determine accurately from the ground. Creating 

an accurate tool for relative flower abundance between apiary sites would improve 

placement of beehives on optimal apiary sites for a season and monitor the progress of the 

flowering season. 

In Chapter 3 (Publication 1: Campbell and Fearns (2018b)), analysis of high-resolution 

multispectral images acquired for Corymbia calophylla flowers showed that the image 

pixels containing flowers could be separated from non-flower pixels to better than 90% 

accuracy using the simple parallelepiped classification method. This initial analysis was 

performed on images with over 50 pixels per flower. To determine the minimum resolution 

for accurate classification of flower pixels, the images were progressively scaled to lower 

resolution and the classification algorithm re-applied. It was found that a minimum of 10 

pixels per flower is required to maintain the 90% accuracy cover. 

This minimum resolution information was combined with the resolution and FOV of a 

typical 12 MP RGB drone sensor to calculate a maximum flight height of 83 m above the 

tree canopy to achieve the 10 pixels per flower resolution. As Corymbia calophylla canopy 

height is typically between 10 – 40 m for mature trees, the UAV survey design needs to 

consider the canopy height to determine the optimum UAV height above the ground for 

optimum image resolution versus spatial coverage given the field of view. 



88 
 

With a robust approach developed to assess flower abundance while on site, the second 

stage of the research was to determine whether relative flower abundance could be 

determined remotely via satellite data. In Chapter 4 (Publication 2: Campbell and Fearns 

(2018a)), field spectroradiometer measurement data are presented that show a clear 

spectral separation in the visual and UV spectral ranges between Corymbia calophylla 

flowers and other material typical of these forests, including leaves, groundcover and bare 

earth. Statistical analysis of this separation using ANOVA and JM Distance methods 

highlighted the 518 nm to 557 nm wavelength range as the spectral range of peak 

separation. 

To determine the ability of multispectral satellite sensors to detect relative differences in 

flower abundance, the spectra recorded by the field spectroratiometer were convolved 

with the spectral response functions of nine different satellite sensors to create a synthetic 

dataset of multi-spectral data for each sensor. From a JM Distance analysis of the synthetic 

spectral response, the MODIS sensor was the only sensor with the capability of reliably 

spectrally separating flower and non-flower pixels. 

As satellite multispectral images would be the result of spectral mixing of multiple classes, 

the synthetic spectral responses for different classes (flowers, leaves and ground) were 

combined in different ratios to create a database of synthetic pixels of different spectral 

mixtures. By adjusting these ratios and recording the change in the nett spectral response, 

it was determined that MODIS Band 4 was the most sensitive to flower abundance (able to 

detect flowers once they cover 25% of a pixel). 

Visual inspection of the field spectroradiometer data showed that while Corymbia 

calophylla flowers had a higher reflectance in the visual bands compared to other classes, 

they have a lower reflectance than other classes in the UV region. By dividing the visual 

band by the UV band, both spectral separation aspects are highlighted. A repeat analysis of 

synthetic mixed pixels for satellite sensors with spectral bands in these regions showed that 

the MODIS, VIIRS and Sentinel-3 sensors are highly sensitive to flower abundance using this 

metric, all being able to detect a change in flower abundance of less than 2% of the pixel 

with this revised scale. 

𝑀𝑎𝑟𝑟𝑖 𝐹𝑙𝑜𝑤𝑒𝑟 𝐼𝑛𝑑𝑒𝑥 (𝑀𝐹𝐼)  =
𝑉𝑖𝑠𝑢𝑎𝑙 𝐵𝑎𝑛𝑑 𝑅𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 (~550 𝑛𝑚)

𝑁𝑒𝑎𝑟 − 𝑈𝑉 𝐵𝑎𝑛𝑑 𝑅𝑒𝑓𝑙𝑒𝑐𝑡𝑎𝑛𝑐𝑒 (< 400 𝑛𝑚)
 

Equation 1 - Calculation of the Marri Flowering Index (MFI) 
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This result was tested with real-world data by comparing the scaled MODIS data against 14 

years of Corymbia calophylla honey harvest data from an apiary site near Perth. An ANOVA 

analysis of the results proved that there is a statistically significant separation of the MODIS 

data for harvests above 20 kg per hive and below 20 kg per hive. Based on this result, a 

binary classification of the scaled MODIS data into harvests greater than 20 kg and less than 

20 kg of honey per hive was able to achieve a 78% classification accuracy. It is therefore 

inferred that satellite data is capable of detecting differences in flower abundance, as 

measured via honey weight collected by honeybees from these flowers. 

While the first two publications resulted in methods to detect flowers during the flowering 

period, the other objective of the research was to predict honey harvests prior to the 

flowering period commencing. With several previous studies indicating that satellite data 

may provide honey yield predictions but incorporation of weather data would improve the 

result, Publication 3 (Section 5) assessed this approach using a decision tree approach. 

Annual Corymbia calophylla harvest yields from 16 different apiary sites over 9 years were 

used for this assessment, with sites ranging from less than 5% to greater than 50% mature 

canopy cover. Weather data, consisting of temperature and rainfall for the two months 

preceding the harvest (January and February), were extracted from the nearest BOM 

weather station and monthly NDVI and EVI values for these months were extracted from 

the MODIS datasets. The scaled MODIS data for flower abundance, as described above, was 

also extracted for each site. 

Of the satellite datasets, the January NDVI showed the greatest difference between honey 

harvests of different weights. An ANOVA analysis of this proved that the January NDVI was 

statistically separate for good versus moderate to poor harvest years (greater than 40 kg of 

honey per hive versus less than 40 kg of honey per hive). ANOVA analysis of the scaled 

MODIS flower abundance measurement indicated that this metric was able to separate 

moderate versus good years but not other classification pairs. It was therefore concluded 

that the MODIS flower abundance metric was only applicable to sites with extensive, 

mature forest canopy. 

Analysis of the weather data showed that three key parameters were linked to different 

harvest classifications; cooler January temperatures generally resulted in good harvests, 

higher January rainfall in moderate harvests and higher February rainfall in poor harvests, 

although each of these parameters did overlap across the three honey harvest 
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classifications. Overall, there was stronger clustering of good harvests and more overlap 

between moderate and poor harvests. 

Assessing pairs of NDVI and weather data against honey harvest classifications improved 

the clustering of the data and a Decision Tree was developed to predict the honey harvest 

classification. This classification method was able to classify good harvests to 90% accuracy 

and moderate and poor quality harvests to 66% and 69% accuracy respectively. 

To further develop this prediction model, Publication 4 (Campbell et al. (2020), presented in 

Chapter 6) used machine learning to develop the optimum prediction model based on a 

wider range of weather and satellite data from up to 11 months prior to harvest (effectively 

from the end of the previous year’s harvest). This included minimum and maximum average 

temperatures and rainfall for monthly and cumulative periods and a range of MODIS 

products commonly used for agricultural crop monitoring (such as Gross Primary 

Production and Evapotranspiration products). 

The 115-dimensional matrix built from these datasets was used as input to a range of 

Random Forest and Gradient Boosted trees for regression and classification algorithms to 

determine which algorithm performed best. Gradient Boosted Regression achieved the 

most accurate prediction result with a MAE of +/- 10.33 kg against a harvest range of 0 – 80 

kg. The Gradient Boosted Classification algorithm was able to classify the harvest into the 

correct quality class 82% of the time. 

Analysis of the partial dependence of the input factors to the gradient boosted algorithms 

showed that the average maximum temperature from October to January (from weather 

station data) and the January Evapotranspiration (from MODIS data) were the two input 

factors with the highest importance. Rerunning the GBR algorithm with only these two 

inputs achieved a MAE of +/- 10.42 kg and the same classification accuracy of 82%. 

A more detailed investigation of the effect of the average maximum temperature for 

individual months between October to January highlighted that the average maximum 

temperature for November described the majority of the harvest variations. Re-running the 

GBR algorithm using the November temperature and January ET inputs achieved a MAE of 

+/- 8.92 and a classification accuracy of 83% (with a 100% accuracy for classifying good 

versus poor and moderate harvests). 

While this predictive model provides a sufficient degree of accuracy for apiarists, the model 

relies on data from the end of January (when Corymbia calophylla typically starts to flower) 
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and as a result does not provide sufficient time for apiarists to adapt their seasonal plans 

once the model is ready. Running the GBR with only the November average maximum 

temperature produces a model with a MAE of +/- 11.72 kg, with a classification accuracy of 

75%. While this model has a lower accuracy than the model incorporating the January ET, it 

does give apiarists several months to plan ahead for the Corymbia calophylla harvest, with 

progressively more accurate models able to be generated as more weather and satellite 

data becomes available closer to the harvest period. 

7.2 Limitations of the Research 

While the research completed and published in Chapters 3 through 6 has successfully 

achieved the research objectives detailed in Section 1.3 (Research Objectives and 

Significance), there are limitations to the research and outcomes for each publication. 

For the UAV survey specifications to detect flowering Corymbia calophylla presented in 

Chapter 3, the research indicated that a UAV survey with a resolution of 10 pixels per 

flower could classify flowers to 90% accuracy using the Parallelepiped method. However, as 

discussed in the publication the misclassification of background (i.e. non-flower pixels) as 

flower pixels is the main source of error. This is particularly an issue in areas where direct 

sunlight on light coloured material results in the RGB image bands being close to saturation 

(i.e. nearly white or white). As the research did not include testing of UAV imagery over 

Corymbia calophylla forests, the practical outcomes of this limitation needs to be tested 

under UAV survey conditions. 

The accuracy of UAV surveys to measure flower abundance is also limited by the 

distribution of flowers on Corymbia calophylla trees. As shown in Figure 2 of Chapter 3, 

Corymbia calophylla trees can have flowers from the top of the crown, down the canopy 

and almost to the ground in some cases. UAV surveys conducted at greater than 60 m 

height with a camera in nadir orientation would be unable to detect flowers on the sides of 

the tree at viewing angles close to 90 degrees. Flowers may be detected on one side of 

trees near the edges of the UAV imagery at lower viewing angles. Therefore the proposed 

survey design may be suitable to measure relative flower abundances but not absolute 

abundances. 

Chapter 4 investigated the hyperspectral separation of Corymbia calophylla flowers from 

other objects common to these forests and showed a clear separation in the visual and UV 

portions of the spectrum. The resulting analysis of synthetic multispectral data from nine 

different satellite-borne sensors showed a clear advantage of the MODIS, VIIRS and 
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Sentinel-3 systems for Corymbia calophylla flower detection. With only the MODIS data 

tested against real-world honey harvest records, there remains potential for another two 

sensors to detect flowering in Corymbia calophylla trees. 

The real-world comparison of honey harvest data with MODIS-derived flower abundance in 

Chapter 4 proved the ability of this data to detect differences in relative flower abundances 

between years for an apiary site in an area of mature Corymbia calophylla with a high 

degree of canopy cover. The flower abundance measurement ability has not been tested 

for apiary sites with a lower proportion of mature Corymbia calophylla canopy, whether 

this is due to more variable forest types, less mature forest or landscape fragmentation 

from land clearing for either agricultural or residential purposes. 

The initial honey yield prediction model developed in Chapter 5 successfully used a 

combination of weather and satellite data to predict the quality of the honey harvest 

immediately prior to the commencement of flowering for Corymbia calophylla trees. While 

the honey harvest data used to create the prediction model was acquired over a large 

geographic area (over 400 km between the northern and southern apiary sites), the 

locations are clustered in three areas and therefore not spread evenly over the range. The 

range also does not cover the geographic range over which Corymbia calophylla trees 

occur. The applicability of the model may be improved through incorporation of honey 

harvest data from a wider, and more equitably distributed, geographic range of apiary sites. 

As noted in the publication, beehive health was not included in the model input factors.  In 

addition, a wider range of input data may be used, both over longer timeframes and 

assessing the impact of more extreme weather events within the current two-month time 

period of the input data. 

With the predictive model presented in Chapter 5 built on averaged datasets close to honey 

harvest time using a simple Decision Tree approach, there is scope to improve this based on 

both the data inputs and the model development approach. These are largely addressed in 

Chapter 6. In this publication, a longer timeframe was taken for the input dataset (up to 11 

months prior to the season), extreme weather events were incorporated into the model 

and a more advanced and robust machine learning algorithm was utilised. However, as 

detailed in the publication, some limitations are still present. 

With temperature and summer rainfall identified as key input factors in Chapters 5 and 6, 

the accuracy of these datasets is crucial in model development. The BOM terrestrial 

weather stations used for model development in Chapter 6 are not always proximal to the 
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apiary sites. Steep temperature gradients during heatwaves and highly localised, intense 

summer rainfall events in the region means that the weather station network may not 

accurately capture the true weather conditions of an apiary site. As with Chapter 5 , the 

geographic spread of the sites did not cover the full extent of Corymbia calophylla forests, 

nor was beehive health incorporated into the model, though commercial apiarists aim to 

maintain constant hive health through good husbandry. 

7.3 Future Work and Recommendations 

In addition to the potential to reduce the limitations discussed above in Section 7.2, there 

are several areas where further research may improve the existing model, or extend the 

applicability of the results. These are summarised as follows: 

1. Field testing of UAV and satellite flower abundance detection 

The flower abundance detection approaches detailed in Chapters 3 and 4 have 

undergone limited field testing to date. Their efficacy can be verified by a combined 

UAV field survey program over a Corymbia calophylla flowering season, with regular 

UAV surveys conducted over several different apiary sites of contrasting forest 

maturity, land use types, etc. 

The UAV classification accuracy may be improved through more detailed data 

processing, such as image texture metrics, and/or detailed survey design to create a 3D 

point cloud for the survey area (allowing bright pixels at ground level to be filtered out). 

The timing of these surveys should be scheduled to coincide with flyover times for the 

selected satellites, Sentinel-3 and VIIRS datasets in conjunction with MODIS. The 

capabilities of sensors with higher spatial resolution, but sub-optimum spectral bands 

can also be tested (such as Sentinel-2). Based on the required canopy coverage 

required, these sensors may perform well in fragmented landscapes as pixels of high 

content can be extracted for analysis, whereas the lower spatial resolution sensors will 

rely on the mixed response from different land use types. 

With the spectral library created from the research, potentially spectral end-member 

analysis could be used to extract more detailed information on flower coverage per 

pixel of satellite data. 

This work would both verify the accuracy of the datasets and establish whether the 

satellite data is sufficiently sensitive to measure changes in relative flower abundance 

for a given apiary site over time (allowing apiarists to estimate nectar availability/honey 

production remotely during the season). 
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2. Increased geographic distribution of input honey harvest data 

The honey harvest data used to create the current predictive model included apiary 

sites over a sizeable distance, from Dandgaragan (140 km north of Perth) to Boyup 

Brook (230 km south-east of Perth). These sites were clustered together in three main 

localities with a combined areal coverage of approximately 9,500 km2, which is 11% of 

the full distribution of the Corymbia calophylla trees. These apiary sites are from only 

three of the six Interim Biogeographic Regionalisation for Australia (IBRA) subregions 

where Corymbia calophylla trees occur (Environment 2012) and three of DPIRD’s seven 

climatic regions in which the Corymbia calophylla trees occur (Kingwell 2003). 

With a number of ecosystems and growing regions under- or not represented, honey 

harvest data is required from a significantly larger area to extend the model and ensure 

it is accurately predicting honey harvests across the distribution of the Corymbia 

calophylla trees. Obtaining honey harvest data from all regions also gives the potential 

for creating predictive models for individual regions (if sufficient data is received to 

train the model) as there is some evidence for different growth rates and phenological 

responses for Corymbia calophylla trees in different climatic regions (Ahrens et al. 

2019). 

3. Improved input of weather data into model 

As discussed in Section 7.2, a limiting factor in the current model is the relative sparsity 

of weather stations across the extent of Corymbia calophylla trees. Of the 84,000 km2 

of area where Corymbia calophylla trees occur, only 11,000 km2 (i.e. 13%) is within 10 

km of a BOM weather station. 

There are several alternative sources of weather data that may be used, such as daily 

and monthly gridded products of temperature, rainfall and other parameters created 

from BOM weather stations (Jones et al. 2009) and the more geographically spread 

weather station operated by DPIRD. In addition, there are several sources of satellite-

derived temperature and rainfall data. 

The accuracy of these various data sources can be assessed across the different climate 

and/or biogeographic zones in which Corymbia calophylla trees occur and the optimum 

data source determined for each weather parameter for each apiary site. 

4. Impact of climate change models on honey production 

With weather being a key factor of Corymbia calophylla honey production, the effect of 

weather conditions as defined by the predictive model can be used alongside climate 

change projection models to determine the likely impact of climate change on medium 

to long-term honey harvest volumes. This has been discussed qualitatively in Chapter 6 
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but this analysis can be significantly extended to produce quantitative models. 

Outcomes from this process can be used as inputs to strategic planning for migratory 

beehive management (Patel et al. 2020a) 

5. Incorporate bee health into the model 

As identified in Section 7.2 and Chapter 5, bee health has not been incorporated into 

the predictive model. This may be measures of adult bee population and brood, as per 

Delaplane et al. (2013) or quality of nutrition available to the hive, both leading to and 

during the honey flow (Brodschneider and Crailsheim 2010). 

An alternative approach is to predict hive activity based on weather forecasts, with 

temperature and solar radiation being key input factors for forage and scout bee 

activity levels (Clarke and Robert 2018). 

6. Adapt model to other honey producing species and regions 

As the model development process for Corymbia calophylla utilises readily available 

weather and satellite data, predictive models can be readily created for other honey 

harvests. For Western Australia, this may be for Eucalyptus marginata for example, 

another high-grade antimicrobial honey (Irish et al. 2011), and the Banksia woodland 

north of Perth, which flowers in winter (Lee and Manning 1997) and is crucial for 

maintaining bee health and building hives prior to pollination of crops in spring 

(Manning 1995). 

However, the model development process need not be limited to Western Australia. In 

theory, the process may be applied to any honey producing region or species where 

sufficient honey harvest data are available to develop the model. 

7.4 Concluding remarks 

As discussed in Section 1.3 (Research Objectives and Significance), the primary research 

objective of this thesis was to develop a predictive model of marri honey harvest weight, 

utilising readily available temporospatial input data. This has been achieved by the research 

detailed in Chapters 3 to 6, with outcomes developed as detailed below: 

- Publication 1 (Chapter 3) has established survey design parameters for detection of 

typical sized canopy tree flowers in the SWAFR with readily available UAV systems 

without requiring full CASA UAV certification. This allows apiarists to achieve a 

better measure of the extent of flowering at their apiary sites when inspecting 

them than can be achieved from the ground. 
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- Publication 2 (Chapter 4) proved the ability of readily available satellite data to map 

active honey producing areas via direct detection of flowering Corymbia calophylla 

trees in areas of high canopy cover, providing a method to potentially assess 

current nectar producing status remotely. 

- Chapter 5 identified initial key factors from both weather and satellite data that 

precede the honey producing period for Corymbia calophylla, particularly in good 

harvest years. These factors were able to determine whether an apiary site would 

produce a good harvest to 90% accuracy immediately prior to flowering 

commencing. 

- Publication 4 (Chapter 6) extended the research in Chapter 5 through the use of 

machine learning to create a model to predict the weight of honey harvested to 

87% accuracy immediately prior to flowering and 85% accuracy two months prior 

to flowering. 

The staged development of the research through the three peer reviewed publications 

explicitly meets the research objective set out in Section 1.3, with the predictive model 

using readily available spatiotemporal data. The process used to create the model detailed 

in Chapter 6 can readily be applied to honey produced from other species, or regions, 

providing the basis of a widely applicable method to predict honey harvest yields from 

locations with sufficient availability of historical harvest records. 
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