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Cassava is one of the most consumed carbohydrates in the world, providing a reliable source
of income and nutrition to inhabitants of Latin America, Africa and Asia. However, its pro-
duction is greatly affected by pathogenic infection with cassava mosaic disease (CMD) pos-
ing the greatest threat to cassava farmers in Africa and Asia. Given that developing nations
are estimated to be hit hardest by climate change and projected to have the largest popula-
tion increases in coming decades, optimisation of cassava yield in these areas is imperative
to ensure food security. Traditionally, crop health is determined by manual inspection which
can be laborious, error-prone and require technical expertise. This produces a costly barrier
of entry for smallholding farmers who make up majority of global cassava production.

Development of automated disease detection systems using convolutional neural networks
(CNNs) deployable on mobile phones have shown to be a cost-efficient and effective method
for cassava monitoring, mainly owing to their advanced feature extraction capabilities. How-
ever, CNNs require complex hyperparameter tuning and can be computationally intensive
to train. GcForestCS (multi-grained cascade forest with confidence screening) presents an
alternative statistical learning method that can be trained using CPU, and requires less com-
plex hyperparameter tuning than deep learning while producing competitive performance
for lower-dimensionality datasets. Taking advantage of the feature extraction capabilities of
CNNs and the competitive performance of gcForestCS for lower-dimensionality datasets,
the central aim of this dissertation was to investigate CNN-gcForestCS as an alternative to
deep learning for cassava leaf disease detection.

The performance of CNN-gcForestCS was compared to gcForestCS and deep learning where
the effect of class balance, CNN feature extraction, CNN feature extractor fine-tuning, pool-
ing after multi-grained scanning, and training set curation were assessed. The results showed
that the best DenseNet201-gcForestCS model (86.79%) produced marginally worse perfor-
mance than the best DenseNet201 model (87.43%), while the best MobileNetV2-gcForestCS
model (83.66%) produced marginally better performance than the best MobileNetV2 model
(82.87%).

Overall, the results indicate that it is inconclusive whether CNN-gcForestCS is a viable al-
ternative to deep learning for cassava leaf disease detection, especially when considering
the high computational cost associated with the CNN-gcForestCS methodology.

HTTPS://WWW.UCT.AC.ZA/
http://www.science.uct.ac.za/
http://www.science.uct.ac.za/sci/departments/study-statistical-sciences
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Chapter 1

Introduction

1.1 Cassava disease detection

1.1.1 The issue of food insecurity

It is estimated that between 720 and 821 million people are undernourished, with food in-
security being projected to affect approximately 30% of the global population (FAO et al.
2020). Of those affected, 21% belong to African nations —a statistic that has been increasing
in recent years (FAO et al. 2020; FAO et al. 2021). The issue of food insecurity, especially
in the developing world, is so far-reaching that it directly forms part of the United Na-
tion’s (UN) Sustainable Development Goals (SDGs) which the organisation aims to achieve
by 2030, specifically Sustainability Goal 2: Eradication of Hunger. Other sustainability
goals affected include eradication of poverty (SDG1), providing clean water and sanitation
(SDG6), sustainable land use (SDG11), responsible production and consumption (SDG12),
mitigating climate change (SDG13), and sustainable life on land and water (SDG14 and
SDG15)(Vågsholm, Arzoomand, and Boqvist 2020; UN 2018). The need for food security
is projected to increase between 36%–54% in the coming decades, with food production
needing to increase by 25%–70% by 2050 to keep up with demand and allow for affordable
access to staple foods (Hunter et al. 2017; van Dijk et al. 2021).

1.1.2 Importance of agriculture

One estimate shows that 90% of nutritional calories come from agricultural output, reflect-
ing the importance the agricultural sector plays in ensuring food security (Cassidy et al.
2013). The development of an agricultural sector allows countries to engage in trade with
each other, stimulating economic growth, creating jobs, and alleviating the effects of poverty
(Irz et al. 2001; van Ittersum et al. 2016; Evans 2019). The agricultural sector is often es-
poused as a keystone toward economic empowerment of developing nations, reflected by
its considerable contribution to gross domestic product (GDP) in countries such as Nigeria
and India (Mathur, Das, and Sircar 2006; Ijirshar 2015). Fostering agricultural sectors in de-
veloped nations requires a significant level of upfront investment which, if done properly,
has shown to encourage economic development in third-world countries (Mathur, Das, and
Sircar 2006; Ijirshar 2015).

Given that Sub-Saharan Africa currently accounts for 13% of the global population – an-
other statistic that is likely to grow in the coming decades – food security will become an
ever greater concern in this region (van Bavel 2013; Gu, Andreev, and Dupre 2021). In the
Sub-Saharan African context, agriculture is dominated by western African nations, which
account for 60% of agricultural production (Ayanlade and Radeny 2020). This disparity
is seen as being due to scaling of small-holding farms to medium-scale farms (MSFs) in
these more land-dominant nations, allowing for larger food export volumes to be achieved
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(Deininger and Byerlee 2012; Jayne, Chamberlin, and Headey 2014; Otsuka, Nakano, and
Takahashi 2016), as well as the low levels of agricultural expansion in other areas which are
correlated with low monetary returns for farmers and land fragmentation from population
expansion (Giller 2020). In terms of subsistence farming, 30%–34% of global food produc-
tion is produced by ‘small-holding’ farms 1 (Ricciardi et al. 2018), while ’family farms’ are
said to account for approximately 80% of global crop production (Lowder, Sánchez, and
Bertini 2021). Increase in agricultural output in this region in the recent past has mainly
been due to cultivation over larger areas of land and not due to more efficient use of current
land resources (Sanchez 2002; Grassini, Eskridge, and Cassman 2013).

1.1.3 Challenges in staple crop production

Despite the expansion of agricultural production in certain regions of Sub-Saharan Africa,
malnutrition still remains high. Given that climate change is expected to cause further land
degradation in years to come, farming one’s own food as subsistence farmers – or providing
access to food at affordable prices – may become more vital and difficult to attain in the com-
ing years (Mechiche-Alami and Abdi 2020). Along with the effects of climate change and
land degradation, the COVID-19 pandemic has placed further pressure on agricultural out-
put of smallholding farmers in Sub-Saharan Africa who are dependent on trade as a source
of income (Ayanlade and Radeny 2020). Increases in disease incidence, which is also linked
to climate change, also affects food production, with pathogenic infections causing approx-
imately 25% yield reduction worldwide (Oerke and Dehne 2004; Sundström et al. 2014).

Sub-Saharan Africa, and especially western Africa, is a particularly susceptible region to the
effects of climate change. A study on the effects of climate change from 2000 to 2009 on
sorghum and millet, which are staple crops in West Africa, showed that an approximate 1◦C
increase in temperature was associated with an estimated 10%–20% yield reduction in mil-
let and 5%–15% reduction in sorghum (Iizumi et al. 2017). This indicates that farmers will
need to alter their methods of farming (and potentially the crops they farm) to reduce the
detrimental effects of climate change on production and hunger statistics (UN 2015; Sultan
and Gaetani 2016). Given that the agricultural centre of Sub-Saharan Africa is located in
western Africa (Ayanlade and Radeny 2020) and that climate change is likely to affect this
area most, farmers in these areas will likely need to adapt their farming practices and the
types of crops they grow to allow for the surrounding populations to have adequate access
to nutrition (Godlee 1991; Butler 2016).

In addition to the effects of climate change on crop cultivation, agricultural land usage
has shifted primarily toward livestock production and is expected to increase as changes
in global wealth and resultant dietary patterns occur – as more individuals enter the middle
class, diets tend to shift more toward animal-based products, fruits and vegetables (Smith et
al. 2010; Godfray et al. 2018; Kawabata et al. 2020). These changes in land usage are placing
pressure on crop production, leading to ecosystems of the surrounding environment being
cleared to produce more farming land. These ecological trade-offs may result in further dis-
turbance to surrounding biomes which tend to act as ‘carbon sinks’, and therefore clearing
these land areas could amplify the effects of climate change (Moyer and Bohl 2019; Yang
et al. 2020). In light of the above information, there will be an increasing demand in the
coming decades to improve yield efficiency from the limited farming land areas available
for agricultural crop production to facilitate sustainable food production (Johnson 1997).

1Farms smaller than 2 hectares.
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1.1.4 Cassava: challenges & potential solutions

Cassava (Manihot esculenta Crantz) presents a potential partial solution to the problem of
food insecurity, since it can be easily grown with little maintenance by subsistence farmers
and produce adequate yield in spite of adverse biotic constraints such as poor soil quality,
drought conditions, and low rainfall (Cock 1982; Hillocks et al. 2001; El-Sharkawy 2006;
Chavarriaga-Aguirre et al. 2016). It is mainly grown for its nutrient-dense roots, and is esti-
mated to form part of the diets of 800 million people worldwide (Tomlinson et al. 2018).

Despite the advantages of cultivating cassava in our changing global climate, its production,
particularly in Sub-Saharan Africa, is greatly affected by pathogenic spread and disease,
which makes crops inedible. Cassava Mosaic Disease (CMD) and Cassava Brown Streak
Disease (CBSD) in particular negatively affect yield. Indicators of disease post-infection in-
clude changes in plant, and particularly leaf, physiology where differences between diseases
are typically subtle, and can lead to mischaracterisations if inspections are done manually.

This setting presents an ideal application for an image-based classification model based
on labelled cassava leaf images that can be deployed on a mobile application to be used
by field workers. This has previously been done with deep learning models which have
shown promising results (Mwebaze and Owomugisha 2017; Enkvetchakul and Surinta 2021;
Dhivyaa, Kandasamy, and Rajendran 2022; Huertas-Tato et al. 2022). gcForest (multi-grained
cascade forests), as proposed by Zhou and Feng (2017), is a tree-based statistical learning
technique that has been postulated as an alternative to deep learning when inputs dimen-
sions are small. This research investigates combining convolutional neural network (CNN)
feature extraction from transfer learning models with a gcForestCS (multi-grained scanning
cascade forests with confidence screening) classifier.

1.2 Aim

The focus of this research is to determine whether a CNN-gcForestCS image classification
model is able to compete with, or outperform, deep transfer learning models for the pur-
poses of detecting disease types present in cassava leaf images. Models are trained and
evaluated on 9430 cassava leaf images that contains four disease classes and one healthy
class (Mwebaze and Owomugisha 2017). The dataset is discussed in detail in Chapter 3.
Given that transfer learning models have performed well for cassava leaf disease detection
in previous work, and that CNN-gcForest has previously outperformed deep learning for
a multi-class image classification task (Boualleg, Farah, and Farah 2019), CNN-gcForestCS
may allow for an improvement over existing deep learning methods for cassava leaf disease
detection.

In addition, the effect that different components of the data pipeline (Figure 4.1) have on
CNN-gcForestCS model performance are assessed. This includes: class balance; CNN fea-
ture extraction and feature map size; CNN feature extractor fine-tuning; addition of a pool-
ing step after multi-grained scanning; and curation of the training set.

1.3 Research questions

In this dissertation, there are 6 research questions with respect to cassava leaf disease de-
tection that are investigated across a variety of model combinations depicted in the data
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pipeline (Figure 4.1, and Tables 4.1 and 4.2). Each research question is outlined below, along
with a brief explanation of how it is to be explored:

1. What is the effect of class balance on the performance of CNN-gcForestCS?

The original training set is highly imbalanced, which may introduce bias during model
fitting. To assess whether this class imbalance affects model performance, equivalent
model combinations are trained on either the original imbalanced training set, or a bal-
anced version of the training set (a description of how the training set was balanced is
provided in Subsection 3.5.3). The test set performance of these models are compared
according to weighted F1-score, with the expectation being that model generalisability
will improve when trained on a balanced training set.

2. What is the effect of CNN feature extraction, and feature map size, on the perfor-
mance of gcForestCS?

To assess whether CNN feature extraction improves model performance of a gcForestCS
classifier, a gcForestCS classifier is trained on the resized version of the training images
(with shape 224×224×3) where image processing via a CNN feature extractor has not
occurred. These results are compared to CNN-gcForestCS model combinations for
different feature map sizes (28×28, 14×14, and 7×7) extracted from different convo-
lutional layers contained within the transfer learning models used. The expectation is
that smaller feature map sizes will lead to better CNN-gcForestCS model performance.

3. What is the effect of CNN feature extractor fine-tuning on the performance of CNN-
gcForestCS?

To assess whether fine-tuning the weights of CNN feature extractors improves CNN-
gcForestCS model performance, model generalisability of equivalent CNN-gcForestCS
model combinations that differ based on whether or not the CNN feature extractor
had been fine-tuned are compared. The expectation is that fine-tuning will lead to
better CNN-gcForestCS model generalisation to unseen data than using the default
ImageNet weights.

4. What is the effect of adding a pooling step after multi-grained scanning on perfor-
mance of CNN-gcForestCS?

The addition of a pooling step after multi-grained scanning allows for dimensional-
ity reduction, which may lead to improved model performance of a gcForestCS clas-
sifier given that the cascade module of gcForest (see Subsection 4.2.2) tends to train
better when input dimensions, especially height and width, are small (Zhou and Feng
2017). To assess the effect of this, the test performance of equivalent model combina-
tions which only differ based on whether a pooling step was added after multi-grained
scanning are compared. The expectation is that there will be an improvement in model
performance from adding a pooling step after multi-grained scanning.

5. What is the effect of training set curation on the performance of CNN-gcForestCS?

Upon further investigation of the training set, many images either have poor focus
or exposure on the leaves, reducing the quality of the data on which the models are
trained. To assess the effect of removing these images, the test performance of model
combinations that only differed based on whether they were trained on curated data
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are compared, with the expectation being that models trained on curated data will
generalise better than those that are not.

6. Is CNN-gcForestCS a viable alternative to deep learning for this problem?

This is the central research question that this dissertation aims to answer. The test
set performance of deep learning benchmarks in previous work, as well as the best
deep transfer learning model combinations (DenseNet201 and MobileNetV2) trained
in this work are compared to the equivalent best CNN-gcForestCS model combina-
tions based on overall accuracy and weighted F1-score (these performance metrics are
discussed in Subsections 4.3.1 and 4.3.2).

1.4 Dissertation outline

This chapter provided an introduction to and context around the topic of investigation, as
well as the research aims and questions that will be assessed. Chapter 2 outlines the liter-
ature related to plant leaf disease detection, cassava, and image classification, while Chap-
ter 3 provides information regarding the dataset used, class distribution, limitations of the
dataset, and the modifications made to the dataset to reduce the effect these limitations
may have during modelling. Chapter 4 discusses the data pipeline, technical details relat-
ing to the CNN and gcForestCS methodologies, the performance metrics used, the hard-
ware & software used during training, and the hyperparameter search spaces used during
gridsearches for each model combination. Chapter 5 presents and assesses the results with
respect to the research questions outlined above, after which Chapter 6 concludes the dis-
sertation, providing answers to the research questions, considerations for future research,
and final remarks.
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Chapter 2

Literature Review

Chapter 2 provides a collation of the relevant literature on the topic of cassava leaf disease
detection. Section 2.1 will outline literature related to plant leaf disease detection which
will begin by describing the mechanics of pathogen transmission and infection (Subsection
2.1.1) and how this relates to plant immunity and the environment in the ‘disease triangle’
(Subsections 2.1.2 & 2.1.3). The impacts and mitigation of plant disease development will
then be discussed (Subsections 2.1.4 & 2.1.5) before outlining literature specific to cassava as
a crop and the consequences of disease development and detection (Section 2.2).

Following on, Section 2.3 will outline the relevant literature relating to image classification
which will begin by briefly discussing the importance of convolutional neural networks
(CNNs) in image-based tasks (Subsection 2.3.1) before discussing their importance in plant
leaf disease detection (Subsection 2.3.2). Finally, literature relating to tree-based image clas-
sification (Subsection 2.3.3) and more specifically the applications of gcForest (Subsection
2.3.4) will be outlined.

2.1 Plant leaf disease detection

2.1.1 Mechanics of plant-pathogen transmission

Plants are sessile organisms constantly exposed to evolving pathogens and pests that threaten
their growth and reproduction. Common means by which these pathogens are transmit-
ted to plant hosts are via air (airborne transmission), water droplets (waterborne trans-
mission), soil (soil-borne transmission), vectors (vector-borne transmission) or seeds (seed-
borne transmission) with vector-borne transmission by insects of the order Hemiptera being
the most prevalent (Jones 2003; Mauck et al. 2012; Perilla-Henao and Casteel 2016; Huang et
al. 2020; van Munster 2020). Human-mediated plant-pathogen transmission from seeds or
cuttings also occurs via global trade networks at post-harvesting stages of the agricultural
cycle, resulting mostly from poor phytosanitary1 practices (Sastry and Zitter 2014; Mum-
ford, Macarthur, and Boonham 2015; Constable et al. 2018).

Once a pathogen has been transmitted to a plant host, the manner in which it enters the plant
differs based on the type of microbe (Mauck et al. 2012; Fawke, Doumane, and Schornack
2015; Perilla-Henao and Casteel 2016; Willsey, Chatterton, and Cárcamo 2017; Wielkopolan,
Jakubowska, and Obrępalska-Stęplowska 2021). During insect vector-borne transmission,
pathogens are transported into the plant’s phloem tissue by a feeding tube called a stylet
which allows the first barrier of plant immunity provided by a waxy cuticle to be bypassed
(Perilla-Henao and Casteel 2016; Jiang et al. 2019; Huang et al. 2020). If pathogens are able to
spread within the plant via the plant vascular system and reproduce in plant tissue, insects

1Phytosanitation involves agricultural quality control protocols of crops entering and leaving farms. More
specifically, this involves inspections and cleaning of produce
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that then feed on this tissue can become vectors and continue the transmission cycle to other
plant hosts (Perilla-Henao and Casteel 2016). It is important to note that plants can be in-
fected by multiple different pathogens simultaneously (called co-infection) which can lead
to the selection of highly virulent pathogen variants during intra-host resource competition
(López-Villavicencio et al. 2011; Bujarski 2013; Zinga et al. 2013; Tollenaere, Susi, and Laine
2016).

With the mechanics of pathogen transmission in mind, Subsection 2.1.2 will outline the
methods employed by plants to prevent entry and disease development.

2.1.2 Plant immunity and mechanisms of pathogen evasion

The first defense mechanism used by the plant to prevent infection is a physical barrier in
the form of a waxy cuticle or bark around the exterior of the plant. If a pathogen is able to
evade this barrier and enter plant cells, the plant mounts an innate immune response to limit
pathogen propagation (Jones and Dangl 2006). The type of innate immune response differs
based on the type of microbial infection where bacterial/fungal/oomycetic infections lead
to PAMP-triggered immunity (PTI) and effector-triggered immunity (ETI) responses (Jones
and Dangl 2006; Zipfel 2014; Savatin et al. 2014; Niehl et al. 2016; Nishad et al. 2020) while
viral infections lead to antiviral RNA interference (RNAi) (Yang et al. 2002; de Alba, Elvira-
Matelot, and Vaucheret 2013; Zhang et al. 2015; Paudel and Sanfaçon 2018) and salicylic
acid-mediated response (SAR) (Yang et al. 2002; de Alba, Elvira-Matelot, and Vaucheret
2013; Nicaise 2014; Zhang et al. 2015; Calil and Fontes 2017; Paudel and Sanfaçon 2018).

Pathogens aim to evade PTI, ETI and SAR through the synthesis of effector proteins which
bind to and ’deactivate’ proteins involved in the plant’s innate immune response (Jones
and Dangl 2006; Nishad et al. 2020) while viruses can develop RNAi resistance through the
expression of viral suppressors of silencing (VSR) proteins produced via the plant’s pro-
tein synthesis pathways (Csorba, Kontra, and Burgyán 2015; Paudel and Sanfaçon 2018). A
constant evolutionary battle between plant and pathogen occurs where plants adapt by nat-
urally selecting for genetic variants2 that can produce receptors to detect effector and VSR
proteins. This allows them to maintain immunity to foreign pathogens, making them more
evolutionary ’fit’ than individuals that cannot. In response to this, pathogens can rapidly
evolve to evade detection by the plant’s immune system, allowing them to grow and prop-
agate in the plant host (Jones and Dangl 2006).

A drawback that results from plants mounting an immune response is the physical dam-
age that occurs at sites of infection. In addition to the immunological strategies described
above, certain plant species are able to reduce the collateral damage of mounting an im-
mune response through selection of variants that are able to ‘tolerate’ infection —this is
when pathogenic infection still occurs but the immune response mounted does not have an
effect on the plant’s evolutionary fitness (Little et al. 2010; Mikaberidze and McDonald 2020).

With Subsections 2.1.1 & 2.1.2 having described the specifics of host-pathogen interactions,
the following subsection will outline how the environment affects disease epidemiology.

2In genetics, genes may mutate during replication cycles which leads to variation in the gene(s). Individuals
in a population that have the mutated version of a gene are called ’variants’ as they differ from the typical
genetic composition of the population.
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2.1.3 Environmental factors affecting transmission and disease progression

In addition to plant-pathogen interactions, the environment forms an additional factor that
affects disease epidemiology to form the so-called ‘disease triangle’ because both biotic and
abiotic environmental stressors affect the extent of pathogen transmission and disease pro-
gression (Velásquez, Castroverde, and He 2018). Examples of biotic stresses include the
abundance and behaviour of vectors (Eigenbrode, Bosque-Pérez, and Davis 2018), the ge-
netic susceptibility of crops (Savary et al. 2006; Joshi et al. 2011; Avelino et al. 2015; Ekroth,
Rafaluk-Mohr, and King 2019), and wounds created by the feeding of other vectors. Ex-
amples of abiotic stresses include soil quality and pH (Oldfield, Bradford, and Wood 2019),
climatic factors such as temperature and rainfall (Burdon and Zhan 2020), and atmospheric
CO2 levels.

Biotic and abiotic factors work in concert to either improve or reduce evolutionary fitness
of the plant while transmission pathways tend to increase. Evidence to support this claim
includes: an increase in pathogen prevalence occurring in regions where temperature in-
creases and changes in rainfall occur (Burdon and Zhan 2020); temperature changes affect-
ing the bacterial ETI response (Cheng et al. 2013); the rapid emergence of novel viruses may
be due to increasing globalisation of trade networks (especially exports from Sub-Saharan
Africa) and climate change (Rodoni 2009; Jones, Goodin, and Verchot 2020; Trebicki 2020);
or that the expansion and colonisation by pathogens and vectors over larger regions is asso-
ciated with changes in climatic conditions (Bebber 2015).

With the literature relating to how plant disease comes about outlined above, the following
subsection will describe the consequences of plant disease development.

2.1.4 Effects of disease development

The extent to which disease develops depends on a multitude of factors across the different
components of the disease triangle. At the level of the plant host, disease leads to changes
in physiology in the form of necrosis, wilting, hyperplasia, and hypoplasia (amongst others)
that result from the plant mounting an innate immune response (Nazarov et al. 2020). These
physiological changes produce dead plant tissue which becomes beneficial for feeding by
certain pathogens such as bacteria and fungi (Velásquez, Castroverde, and He 2018).

At a wider scale, disease development during agricultural cycles is estimated to cause global
yield losses for staple foods of 10.1%–28.1% for wheat, 24.6%–40.9% for rice, 19.5%–41.1%
for maize, 8.1%–21.0% for potatoes and 11.0%–32.4% for soybeans (Savary et al. 2019). Viral,
bacterial and fungal infections are estimated to have caused a 25% yield reduction world-
wide (Oerke and Dehne 2004) with viral infections being estimated to constitute 47% of
worldwide plant epidemics, causing the most considerable monetary loss for individuals
who depend upon crop yields for income (Anderson et al. 2004; Sastry and Zitter 2014).
Large crop losses can also lead to food insecurity, especially in the developing world, due
to low supply and subsequent exorbitant food prices that have led to economic depression
and social unrest in certain instances (Fedoroff 2015; Bellemare 2015; Hendrix and Haggard
2015).

As outlined in this subsection, the effects of disease development lead to wider effects on the
surrounding communities if the plant is a staple food source. Subsection 2.1.5 will outline
how disease is typically managed to mitigate the consequences of disease development.
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2.1.5 Disease management and crop diagnostic techniques

In an effort to minimise the effects of disease development as outlined above, preventa-
tive measures during the agricultural production cycle are required to reduce the spread of
disease along global trade networks (Anderson et al. 2004; Brasier 2008; Miller, Beed, and
Harmon 2009). Typical agricultural disease control measures include visual inspections dur-
ing cultivation (Wang et al. 2012), vector population surveillance, plant vaccination (Nicaise
2014), improvements in quality control measures post-harvest (Jones 2021), use of pesticides,
the development and planting of disease-resistant plant varieties (Barrett et al. 2009; Brown
2015; Heck 2018), routine laboratory testing (Ward et al. 2004; Fang and Ramasamy 2015;
Lau and Botella 2017), and UAV3-assisted crop surveillance (Zarei 2017).

However, the majority of these methodologies are not employed due to a lack of access to
the infrastructure and funds needed to carry them out, or because they could cause harm or
be ineffective. Pesticides have been shown to have negative impacts on human health and
can damage the surrounding ecology (Nicolopoulou-Stamati et al. 2016; Borrelli et al. 2018)
while pathogens can rapidly evolve to evade resistance conferred on disease-resistant crops
(Barrett et al. 2009; Pagán and García-Arenal 2018; Andersen et al. 2018). More traditional
diagnostic techniques such as visual inspections during cultivation or harvesting stages are
most often used. This is where changes in physiological features of roots, stems or leaves
that are typically associated with different disease types are observed by skilled field work-
ers and treatment or removal of the infected crops is performed accordingly (Wang et al.
2012; Nidhis et al. 2019; Mello Prado 2021).

Section 2.1 has outlined the aspects relating to plant disease development and detection.
Section 2.2 will discuss the importance of cassava as a staple crop in developing nations and
the factors affecting its production potential.

2.2 Cassava (Manihot esculenta Crantz)

2.2.1 Agricultural origins and geography

The origins of cassava remained unclear until the discovery of Manihot esculenta ssp. flabel-
lifolia, or Pohl, in the Amazon basin which is the closest relative to modern-day cultivated
cassava (Rogers and Appan 1973; Hillocks, Thresh, and Bellotti 2002; Olsen 2004; Léotard
et al. 2009). Cassava is postulated to have been grown as a subsistence crop from about 8000
years ago in southwest Brazil and about 7500 years ago in northwest Colombia (Dickau,
Ranere, and Cooke 2007; Gillman and Erenler 2009). It was introduced by the Portuguese
to West Africa in the 16th century and began slowly gaining popularity across Sub-Saharan
Africa while also being introduced to other nations such as Indonesia, the Philippines and
Sri Lanka along newly established trade routes (Jones 1959; Lötschert and Beese 1983). In the
present day, it is cultivated in nations as far as Japan or South Pacific islands but is mainly
grown in nations of Sub-Saharan Africa, Southeast Asia and South America.

With the information learned in this subsection about where cassava is popularly grown,
the following subsection will outline its functional importance in these areas.

3Unmanned aerial vehicle
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2.2.2 Utilisation

Cassava’s popularity as a crop is mainly due to its root tubers which form a staple source
of calories in certain developing nations (Cock 1982; Burns et al. 2010; Chisenga et al. 2019).
Additional benefits of the crop include its nutrient-dense leaves which can be used as a
vegetable and which also have medicinal benefits. Examples of how it is used include: the
production of grained-based foods and animal feed (Gleadow et al. 2009; Ceballos et al.
2011; Bechoff et al. 2017; Mtunguja et al. 2019; Alamu et al. 2019); as a raw material in man-
ufacturing (Tonukari et al. 2015; Karlström et al. 2016; Vasconcelos et al. 2016; Waisundara
2018); or in the production of bioethanol fuel (Nguyen, Gheewala, and Garivait 2007; Jans-
son et al. 2009). In many developing nations, it is seen as a famine-preventative crop due to
its ability to withstand and produce high yields in harsh climates when the yield of other
staple crops is low (Burns et al. 2010; Mbanjo et al. 2021).

With the above information about how cassava is used, the following subsection will discuss
its growing importance in developing nations across the globe and the factors threatening
its production.

2.2.3 Growth in developing nations & factors affecting production

Cassava is the second major source of carbohydrates in the world after maize, and the third
major source of carbohydrates in the tropics after maize and rice (FAOSTAT 2020). World
cassava production has increased from approximately 287.19 million tonnes in 2015 to ap-
proximately 302.66 milion tonnes in 2020, signifying an increase in production volume of
5.39%. Africa contributed the most to 2020 production with 193.63 million tonnes (63.97%),
followed by Asia with 81.87 million tonnes (27.05%) and the Americas with 26.92 million
tonnes (8.89%) (FAOSTAT 2020). Despite the fact that Africa accounts for more than half of
cassava production worldwide and that Sub-Saharan Africa is estimated to account for 62%
of worldwide cassava production by 2025 (Bennett 2015; FAOSTAT 2020), it produces the
lowest yield4 which indicates that farmland is not being used efficiently. Asia produces the
highest average yield of the three areas (218 889 hg/ha), followed by the Americas (133 245
hg/ha), Oceania (117 265 hg/ha) and finally Africa (86 205 hg/ha).

The above statistics indicate that there are significant yield gaps especially in Africa (Fer-
mont et al. 2009; Shackelford et al. 2018). Even though studies have shown that cassava is
less affected by climate change than other staple crops and may actually benefit marginally
from certain abiotic changes in the environment (Liu et al. 2008; Jarvis et al. 2012), other
environmental factors such as soil quality, atmospheric CO2, poor farming practices and
pathogen dissemination have shown to negatively affect cassava production (Gleadow et
al. 2009; Graziosi et al. 2016; Kintché et al. 2017; Alene et al. 2018; Burdon and Zhan 2020)
with disease development being the major limiting factor (Legg et al. 2011; Chikoti et al.
2019).

With the importance of cassava production for developing nations and the effect that disease
development has on yield in mind, Subsection 2.2.4 will describe and outline the major
diseases affecting yield.

4Measured in hectagrams per hectare of land (hg/ha)
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2.2.4 Major diseases affecting yield

Of the major biotic stresses placed on cassava production, pathogen dissemination and con-
comitant disease development remain the major limiting factors of production. Epidemi-
ological studies have shown that rates of transmission of cassava mosaic disease (CMD)
and cassava brown streak disease (CBSD) are associated with whitefly Bemisia tabaci pop-
ulation levels (Legg and Ogwal 1998; Sseruwagi et al. 2004; Legg et al. 2011; Legg et al.
2015; Fondong 2017; MacFadyen et al. 2018) and that human-mediated dissemination of in-
fected cuttings and seeds is an additional primary spread of these diseases (Legg et al. 2011;
Zinga et al. 2013; Legg et al. 2015; Mwatuni et al. 2015; Maruthi et al. 2017; MacFadyen et al.
2018). The major disease that afflicts areas of cultivation in Latin America is cassava frog
skin disease (CFSD) while in Africa, major diseases include cassava mosaic disease (CMD)
and cassava brown streak disease (CBSD) (Campo, Hyman, and Bellotti 2011; Njoroge et al.
2017; Kalyebi et al. 2018; Nwezeobi et al. 2020).

We will now consider the importance of cassava disease detection for communities that are
dependent on it.

2.2.5 Ramifications of disease detection

Early detection of disease can prevent the detrimental effects of large-scale crop losses. The
consequences of untimely detection of cassava disease spread can be seen most clearly in the
various African CMD (Zhou et al. 1997; Pita et al. 2001; Neuenschwander et al. 2002; Legg
and Fauquet 2004; Bigirimana et al. 2004; Gillman and Erenler 2009; Brown 2015) and CBSD
(Hillocks et al. 2001; Maruthi et al. 2017; Alicai et al. 2019) epidemics in previous decades or
the CFSD epidemic in Latin America (Calvert, Cuervo, and Lozano 2012; Legg et al. 2015),
all of which caused severe food insecurity in certain regions. Losses due to CMD have been
particularly devastating as was seen during the Ugandan epidemic where 60 million dollars
in cassava production value was lost annually (Legg and Fauquet 2004).

Due to the threat that CMD and CBSD continue to have on food security in African develop-
ing nations, which account for the majority of cassava production (as shown in Subsection
2.2.3), surveillance and management of disease transmission networks is vital. Recent oc-
currences of disease development in locations like Angola, Cameroon and Ghana are of
concern to many local and neighbouring African cassava-producing countries (Torkpo et al.
2021; Doungous et al. 2022).

In addition to food and monetary losses, evidence from surveillance data suggests that the
various CMD epidemics have led to reductions in cassava genetic diversity in the African
nations they have occurred in by selecting for more CMD-resistant plant varieties (Wolfe et
al. 2016; Ferguson et al. 2019). High plant genetic diversity mitigates the effects of disease on
crop yield (Govindaraj, Vetriventhan, and Srinivasan 2015) and therefore continuous reduc-
tions in genetic diversity present a growing challenge for African cassava farmers, especially
given that resistance to infection can be transient or may only be disease-specific (Legg et al.
2001; Thresh and Cooter 2005). CMD-resistant cassava cultivars can be used to mitigate dis-
ease development (Asare et al. 2014; Fondong 2017; Houngue et al. 2019) with some varieties
beginning to be used in Uganda (Tumwegamire et al. 2018), while CBSD-resistant varieties
that have been attempted only confer partial protection (Tomlinson et al. 2018). However,
as outlined in Subsections 2.1.2 and 2.1.5, the viruses that cause these diseases are able to
rapidly mutate and evade the resistance conferred on disease-resistant varieties.
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To prevent issues associated with cassava disease development from occurring, other surveil-
lance methodologies could be utilised in conjunction with the protocols outlined above to
reduce the chances of disease epidemics occurring. With cassava’s significance in Africa and
the importance of managing diseases outlined above, Section 2.3 will outline literature relat-
ing to image-based statistical learning methodologies for plant disease detection and their
application to plant and cassava surveillance protocols.

2.3 Image classification

2.3.1 Emergence of convolutional neural networks (CNNs)

The initial proposal of the perceptron model by Rosenblatt (1960) presented an algorithm
that could learn patterns present in data. Later studies done on the visual cortical cells of
cats revealed the idea of a ‘receptive field’ that could detect differences in image feature
shapes, inspiring the development of the ‘neocognitron’ in 1980 (Hubel and Wiesel 1962;
Fukushima and Miyake 1982). The development of backpropagation, first introduced by
Rumelhart, Hinton, and Williams (1986), provided the building blocks for the development
of the first multilayer perceptron model (LeCun et al. 1989) and the subsequent development
of LeNet-5 (LeCun et al. 1998), both of which were applied to handwritten digit recognition
tasks.

AlexNet (Krizhevsky, Sutskever, and Hinton 2012) was a significant development in deep
learning, showing that models could be trained on graphics processing units (GPUs), allow-
ing denser networks to be trained which significantly improved the feature extraction capa-
bilities of CNNs, and allowed for models to be trained on larger and more complex datasets
(Hinton, Osindero, and Teh 2006; Glorot and Bengio 2010; Zeiler and Fergus 2014). Other
models such as ZFNet (Zeiler and Fergus 2014), VGGNet (Simonyan and Zisserman 2014),
GoogLeNet (Szegedy et al. 2016; Szegedy et al. 2017), ResNet (He et al. 2015), SqueezeNet
(Iandola et al. 2016), DenseNet (Huang et al. 2017) and MobileNet (Howard et al. 2017; San-
dler et al. 2018) were later proposed based on the architectural developments provided by
AlexNet, with some of these transfer learning models showing improvements in computa-
tional resource cost (Szegedy et al. 2017) or representational learning (Huang et al. 2017).

CNNs have be applied to a diverse range of tasks such as speech recognition (Ossama et al.
2014), text mining (Liang et al. 2017) and audio signal processing (Khan and Kwon 2019),
but have mostly been applied to image-based tasks such as facial recognition (Li et al. 2018),
object detection (Long, Shelhamer, and Darrell 2015; Pathak, Pandey, and Rautaray 2018),
image segmentation (Ren et al. 2015; Ronneberger, Fischer, and Brox 2015; Lu et al. 2019;
Yeom et al. 2021), or image classification (LeCun et al. 1989; Krizhevsky, Sutskever, and
Hinton 2012; Szegedy et al. 2017; Huang et al. 2017; Sandler et al. 2018) where it is regarded
as the standard approach to solving computer vision problems.

With the importance of CNNs for image-based tasks outlined in the above subsection, Sub-
section 2.3.2 will outline more specifically the application of deep learning to plant leaf dis-
ease detection.

2.3.2 Deep learning for plant leaf disease detection

As with other image-based tasks, deep learning approaches are most often used for plant
leaf disease detection as they allow for the extraction of subtle spatial relationships between
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image features so that disease class can be distinguished (Liu and Wang 2021). Deep trans-
fer learning has been applied to plant leaf disease detection of inter alia corn (Ren, Zhang,
and Wang 2019), tomatoes, grapes, peach and bell peppers (Mojjada et al. 2020), cucumber
(Fujita et al. 2017), apple trees (Wang, Sun, and Wang 2017), cotton (Jenifa, Ramalakshmi,
and Ramachandran 2019), pine (Mojjada et al. 2020), and cassava (Ramcharan et al. 2017;
Sambasivam and Opiyo 2021).

Table 2.1 summarises previous literature of deep learning applied to cassava leaf datasets
other than the one used in this analysis, whilst Table 2.2 summarises deep learning model
performance on the same dataset used in this research project:

Author CNN architecture Test Accuracy Test Weighted F1-score
Ramcharan et al. (2017) InceptionV3 85.83% -

Sambasivam and Opiyo (2021) CNN + SMOTE 93% -
Maryum, Akram, and Salam (2021) EfficientNetB4 81% -
Maryum, Akram, and Salam (2021) EfficientNetB4 (U-net segmentation) 89.09% -

Ravi, Acharya, and Pham (2022) Attention-based EfficientNet - 0.87
Zhuang (2021) Vision Transformer (ViT) model 90.02% -

TABLE 2.1: Summary of deep learning performance on other cassava datasets

Author CNN architecture Test Accuracy Test Weighted F1-score
Dhivyaa, Kandasamy, and Rajendran (2022) CNN + DCRDB + MLFD + Bi-LSTM 96.40% 0.945

Enkvetchakul and Surinta (2021) NasNetMobile 84.51% -
Enkvetchakul and Surinta (2021) MobileNetV2 83.62% -

Abayomi-Alli et al. (2021) MobileNetV2 97.70% 0.9676
Mwebaze et al. (2019) Resnet50 + se_resnext50 + se_resnext101 93.77% -

TABLE 2.2: Summary of deep learning performance on the cassava dataset
used in this analysis

To ensure fair comparison with previous work on cassava leaf disease detection in Table 2.2,
it is important to note that Enkvetchakul and Surinta (2021) and Abayomi-Alli et al. (2021)
fit their models to subsets of the dataset used in this research project, limiting their com-
parison with results achieved in this research project since models were trained and tested
differently.

This subsection has outlined the importance and application of deep learning to plant leaf
disease detection tasks. The following subsection will address literature relating to tree-
based classification methods as an alternative to deep learning for image-based tasks.

2.3.3 Tree-based classification methods

The inception of tree-based statistical learning methods can be traced back to the devel-
opment of Automatic Interaction Detector (AID) in the 1960s (Morgan and Sonquist 1963),
which inspired the development of THeta Automatic Interaction Detection (THAID) (Mes-
senger and Mandell 1972) and CHi-squared Automatic Interaction Detector (CHAID)(Kass
1980) that differed from AID in how recursive partitioning occurred and allowed for the al-
gorithm to be extended to classification tasks.

However, these methodologies suffered from issues related to overfitting, multicollinearity
and computational complexity which ID3 (Quinlan 1986) and C4.5 (Quinlan 1993) aimed
to remedy by using random training subsets during model fitting, while Fast and Accurate
Classification Tree (FACT)(Loh and Vanichsetakul 1988) and Quick, Unbiased and Efficient
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Statistical Tree (QUEST)(Loh and Shih 1997) aimed to solve these issues by performing par-
titioning based on variable importance.

However, FACT suffered from variable selection bias which Classification Rule with Un-
biased Interaction Selection and Estimation (CRUISE)(Kim and Loh 2001), Conditional In-
ference Trees (CTREE) (Hothorn, Hornik, and Zeileis 2006), and Generalised, Unbiased, In-
teraction Detection and Estimation (GUIDE)(Loh 2009) aimed to solve by ranking variables
using different ranking criteria than that used in Loh and Vanichsetakul (1988). Classifi-
cation and regression trees (CARTs) and the subsequently developed tree-based ensemble
learning approaches such as bagging (Breiman 1996; Breiman 2001) and boosting (Freund
and Schapire 1997; Freund and Schapire 1999; Chen and Guestrin 2016) became the most
successful and widely used of the tree-based methodologies.

In terms of image classification, tree-based ensemble methods have been applied to objec-
tion detection (Khan, Hanbury, and Stoettinger 2010; Baumann et al. 2013), remote sensing
scene classification (Brodley and Friedl 1997; jun Du, Tan, and jun Su 2009; Jhonnerie et al.
2015; Holloway et al. 2019; Yang et al. 2020), X-ray image classification (Ko, Kim, and Nam
2011), neuroimaging classification (Sarica, Cerasa, and Quattrone 2017), animal fiber clas-
sification (Zhu, Duan, and Wu 2021), and plant leaf disease classification (Hall et al. 2015;
Govardhan and Veena 2019; Wójtowicz et al. 2021).

CNN feature extraction has been coupled with tree-based ensemble methods in certain ap-
plications, allowing researchers to take advantage of the excellent feature extraction capa-
bilities of CNNs and the fast and accurate classifications provided by tree-based classifiers
(Hall et al. 2015; Thongsuwan et al. 2021; Zhu, Duan, and Wu 2021; Bui et al. 2021; Jiao, Hao,
and Qin 2021; Huertas-Tato et al. 2022).

The following subsection will outline literature relating to a relatively new tree-based en-
sembling method called gcForest.

2.3.4 Multi-grained cascade forest (gcForest)

The multi-grained cascade forests (gcForests) algorithm was first introduced in the seminal
paper by Zhou and Feng (2017) and presents a potential non-deep learning tree-based al-
ternative to CNNs. This algorithm has a layer-by-layer processing structure where multiple
tree-based ensemble learners produce outputs that form the inputs for the next layer of en-
semble learners in the cascade (see Subsection 4.2.2 for the methodological description). In
the work done by Zhou and Feng (2017), gcForest was benchmarked against a range of dif-
ferent tasks which included image-based classification, where gcForest showed competitive
performance against deep learning.

For non-image based applications, gcForest has been applied to damage estimation of house-
hold appliances (Xia et al. 2017), industrial fault diagnosis (Hu et al. 2018; Liu et al. 2019a;
Zhang et al. 2022), cancer subtype classification (Dong et al. 2019), transformer fault de-
tection (Liu et al. 2021b), detecting defects in wheat flour production (Zheng et al. 2022),
voltage stability measurement (Wang et al. 2021), and automobile maintenance (Chen et al.
2020).

In terms of image-based tasks, gcForest has been applied to facial recognition (Liu et al.
2019c; Guehairia et al. 2020; Shen, Liu, and Wu 2020), feature extraction (Bi, Xue, and Zhang
2020), cloud/snow recognition (Xia et al. 2018), land usage estimation (Weng et al. 2020), eye
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fundus assessment and glaucoma classification (Liu et al. 2021a), clothing fabric classifica-
tion (Han et al. 2018), UAV tracking (Liu and Yang 2019), hyperspectral image classification
(Li et al. 2017; Yin et al. 2018; Liu et al. 2019b), maize leaf disease classification (Arora,
Agrawal, and Sharma 2020), and remote sensing image classification (Boualleg, Farah, and
Farah 2019; Ma et al. 2019; Nie et al. 2021).

Certain applications have coupled CNN feature extraction with a gcForest classifier for re-
mote sensing scene classification (Boualleg, Farah, and Farah 2019) and bearing fault di-
agnosis (Zhang et al. 2022; Xie et al. 2022), all of which showed competitive or better per-
formance compared to standard deep learning approaches. Given that the CNN-gcForest
model, developed by Boualleg, Farah, and Farah (2019), outperformed deep transfer learn-
ing and that remote sensing image classification requires granular features in an image to be
classified, transferring this approach to distinguishing subtle disease differences in cassava
disease classification tasks may work well.

Improvements to the gcForest algorithm have been made in subsequent publications to im-
prove the drawbacks relating to memory and time constraints (Pang et al. 2018; Dong et al.
2019; Ma et al. 2022; Zhang et al. 2022). One such methodology, called multi-grained scan-
ning with confidence screening (gcForestCS) showed similar or better performance com-
pared to gcForest while decreasing both memory usage and training time (Pang et al. 2018).
Therefore, gcForestCS is used rather than the original gcForest implementation in conjunc-
tion with CNN feature extraction in this research project.

2.4 Conclusion

This chapter has provided an in-depth review of the relevant literature relating to plant
leaf disease detection in general, and cassava disease detection in particular, as well as im-
age classification statistical learning methodologies that have been used to automate both
of these tasks. In Chapter 3, we will discuss the different aspects of the data used in this
research project.
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Chapter 3

Data

This chapter will explore the dataset used in this research project and detail the modifica-
tions made to the training set in the data pipeline. Section 3.1 will provide a description
of how the data were collected and labelled, after which details relating to each class label
(Section 3.2), the class distribution (Section 3.3), and the limitations (Section 3.4) associated
with the dataset are outlined. Finally, Section 3.5 will provide details relating to data prepa-
ration (Subsection 3.5.1) and how some of the limitations associated with the dataset were
accounted for before model training (Subsections 3.5.2 and 3.5.3).

3.1 Description

The dataset used in this research project consists of images of cassava leaves taken with
smartphone cameras that were collected from various Ugandan farmers by the Artificial
Intelligence (AI) lab at Makerere University in Kampala, Uganda, and labelled by experts
at the National Crops Resources Research Institute (NaCRRI)(Mwebaze and Owomugisha
2017). Although data cleaning was performed on the dataset, objects other than cassava
leaves are present in the images so as to mimic image characteristics that would be present
in-field (more information on this in Section 3.4). The images also vary in dimensionality
and quality.

The dataset was used in the iCassava 2019 challenge, which aimed to build a light-weight
model that could be trained on minimal cassava leaf image data and deployed on conven-
tional smartphones for use by cassava farmers. The dataset is available for download via
this link (Abadi et al. 2016).

3.2 Class labels

3.2.1 Cassava bacterial blight (CBB)

Cassava bacterial blight (CBB), caused by the bacterium Xanthomonas phaseoli pv. maniho-
tis, is a major bacterial disease affecting cassava, causing yield reductions of up to 75% in
some areas (López and Bernal 2012). Transmission of CBB on a single farm is typically ei-
ther from the impact of raindrops on infected plants or poor phytosanitation practices, while
transmission between farms is typically via transport of infected cuttings (McCallum, An-
janappa, and Gruissem 2017).

CBB disease development is characterised by the development of brown spotting on leaf
tissue (see Figure 3.1) which can lead to necrosis and wilting of plant tissue in stems and
leaves in advanced disease progression (McCallum, Anjanappa, and Gruissem 2017; Zárate-
Chaves et al. 2021).

https://www.kaggle.com/c/cassava-disease
https://www.tensorflow.org/datasets/catalog/cassava
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(A) Example 1 (B) Example 2 (C) Example 3

FIGURE 3.1: Example images of cassava plants with CBB.

3.2.2 Cassava brown streak disease (CBSD)

Cassava brown streak disease (CBSD), which was first identified in eastern Africa during the
1930s, is caused by two viral species: Cassava brown streak virus (CBSV) and Ugandan cassava
brown streak virus (UCBSV), both of which are members of the family Polyviridae and genus
Ipomovirus (Storey 1936; Winter et al. 2010; Alicai et al. 2016). Transmission of these viral
species over short distances have been shown to be correlated with numbers of the whitefly
vector Bemisia tabaci in experiments conducted in Tanzania (Maruthi et al. 2005), while it is
transported over long distances via infected harvested plant material (Patil et al. 2015).

The symptoms associated with this disease include discolouration of the leaves that can lead
to brown streaks on the stems in severe disease progression and rot of the root tubers (Fig-
ure 3.2), making them inedible and unmarketable for farmers (McCallum, Anjanappa, and
Gruissem 2017; Ano et al. 2021).

(A) Example 1 (B) Example 2 (C) Example 3

FIGURE 3.2: Example images of cassava plants with CBSD

3.2.3 Cassava green mite (CGM)

Cassava green mite (CGM) is caused by Mononychellus tanajoa which was unintentionally
transported to Africa from South America in 1971 and has since spread through central and
eastern Africa (Thresh, Fargette, and Otim-Nape 2016). The presentation of this disease
includes yellow/white mosaic-patterned spots on leaves, and changes in leaf morphology
(Figure 3.3)(Thresh, Fargette, and Otim-Nape 2016; Mwebaze and Owomugisha 2017; Mc-
Callum, Anjanappa, and Gruissem 2017).
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(A) Example 1 (B) Example 2 (C) Example 3

FIGURE 3.3: Example images of cassava plants with CGM

3.2.4 Cassava mosaic disease (CMD)

CMD was first reported in Tanzania in 1894 and is caused by infection with cassava mosaic
begomoviruses (CMBs) which include African cassava mosaic virus (ACMV), East African cas-
sava mosaic virus (EACMV), South African cassava mosaic virus (SACMV) and Indian cassava
mosaic virus (ICMV) (Hillocks, Thresh, and Hillocks 2000; Thresh, Fargette, and Otim-Nape
2016). It is the major contributor to cassava production losses, especially in Sub-Saharan
Africa (Brown 2015). The presentation of this disease includes changes in leaf morphology
and white/yellow mosaic leaf discolouration (Figure 3.4).

(A) Example 1 (B) Example 2 (C) Example 3

FIGURE 3.4: Example images of cassava plants with CMD

3.2.5 Healthy

The final class label represents images of healthy cassava leaves (Figure 3.5) where there is
an absence of any of the above symptoms indicative of disease. The main signs of healthy
cassava development include green leaves with no discolouration, absence of discoloured
spotting on leaves, absence of streaks developing on stems/leaves, and correct leaf matura-
tion.
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(A) Example 1 (B) Example 2 (C) Example 3

FIGURE 3.5: Example images of healthy cassava plants

3.3 Class distribution

Figure 3.6 shows the class distribution of the full dataset (9430 images) where the CMD and
CBSD class labels are disproportionately represented in the dataset. Class imbalance can
lead to a model becoming biased toward classifying an unknown observation as a majority
class label and therefore addressing this imbalance can improve model generalisability.

FIGURE 3.6: Illustration of class distribution of full dataset

To best account for class imbalance, a reproducible stratified split into training (5656 im-
ages), validation (1885 images) and test (1889 images) sets was performed, maintaining class
proportions in all splits (Figure 3.7). Weighted F1-score (Subsection 4.3.1), which is typically
used for imbalanced datasets, was used to measure performance of models trained on imbal-
anced data. Data augmentation of minority classes and downsampling of majority classes
was also applied to the training set to produce perfect class balance, allowing the effect of
changing class balance to be assessed.

3.4 Limitations

The dataset used in this research project is not without its limitations. The most obvious
limitation is that each image is labelled with a single disease label, although a plant can be
infected with multiple diseases (called co-infection) which can lead to a mixed disease pre-
sentation that can be difficult for a model to learn. Other limitations include: the severity of
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FIGURE 3.7: Illustration of class distribution across the various data splits

disease is not included in class predictions; images were taken with varying backgrounds
and at different times of day; there are a number of images that contained anomalous fea-
tures (hands, feet, boots, etc., see Figure 3.8) and/or had poor focus on the leaves (Figure
3.11); and the dataset is only representative of cassava disease in Uganda.

FIGURE 3.8: Illustration of 5 most occurring anomalies in training set

There were 21 anomalies identified in the training set; the frequency of the top 5 most occur-
ring ones are displayed in Figure 3.8. These 5 most occuring anomalies were black gumboots
(’black_boots’); human feet (’feet’); farmworkers in the background (’p_in_bg’); hands, fin-
gers or arms (’h_f_a’); and patterned fabric clothing (’p_f_c’). Examples of these anomalies
are shown in Figure 3.9. Given that the number of images with anomalies present per class
is low relative to the number of training images in each class, training images with these
anomalies were not removed but will be accounted for during interpretation in Chapter 5.

Images with poor focus/exposure on the leaves (Figure 3.10) lower the quality of the train-
ing data. To account for this, training images with poor focus will be removed during cura-
tion and models retrained to assess the effect this has on model generalisability. The number
of training images with poor focus/exposure split by class is shown in Figure 3.11.
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(A) ’h_f_a’ and ’feet’ (B) ’black_boots’ (C) ’p_f_c’

(D) ’p_in_bg’

FIGURE 3.9: Example training images containing anomalies

(A) Example 1 (B) Example 2 (C) Example 3

FIGURE 3.10: Example training images with poor focus/exposure on leaves

3.5 Data modification

3.5.1 Image pre-processing

Before model training and testing, images were resized to have a shape of (224, 224, 3) since
the input layer for the DenseNet201 and MobileNetV2 deep transfer learning models require
inputs to adhere to this dimensionality. Pixel values were also normalised to the range [0,1]
by dividing by 255 (the maximum value a pixel can have) to reduce the bias when the spatial
relationships between image features are being learnt and to allow for quicker convergence
during deep learning model training.

3.5.2 Training set curation

Images with poor focus on leaves (Figure 3.11) were removed during curation to assess
whether the quality of the training data affects model performance. This resulted in 287 im-
ages being removed, leaving a remainder of 5369 training images with similar class balance
to the original training set.
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FIGURE 3.11: Illustration of number of training images with poor focus per
class

3.5.3 Data augmentation & downsampling

Data augmentation is applied to datasets to upsample training data. This typically allows
for more effective training of deep learning models by reducing the effects of class imbal-
ance in classification tasks. There are different augmentation types that can be applied to
image data, with popular types being flips, rotations, blurring, zooming, and shifting. Aug-
mentation can either be applied to training inputs during the training process, referred to as
on-line data augmentation, or can be applied before training occurs (off-line data augmen-
tation).

In this research project, vertical and/or horizontal flips were applied to upsample training
images of the 3 minority classes (’CGM’, ’CBB’, ’Healthy’) which were then downsampled
to 1200 training images per class. It is important to note that during downsampling, none
of the original images were removed. Offline data augmentation was used to ensure that
the same balanced training set was used across all model combinations. Majority classes
(’CMD’ and ’CBSD’) were downsampled to 1200 images per class, such that the number of
images in the balanced training set equated to 6000 images (1200 images per class).

The next chapter will outline the methodology used to perform image classification on the
dataset discussed in this chapter.
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Chapter 4

Methodology

As discussed in Chapter 1, this research project will compare the application of traditional
deep learning approaches to CNN-gcForestCS for cassava leaf disease detection by testing
different model combinations (Figure 4.1 and Tables 4.1 & 4.2). Section 4.1 will provide
an overview of the different model combinations tested while Section 4.2 will outline the
methodologies behind each approach.

4.1 Data Pipeline

Figure 4.1 illustrates the data pipeline followed when forming the different model combina-
tions performed in this analysis. There are 38 model combinations in total – 30 base model
combinations and 8 model combinations based on the best CNN-gcForestCS model. The
latter includes 2 models investigating the effect of training a regular deep learning model on
the curated training set. Solid lines connecting components indicate the base model com-
binations – also summarised in Table 4.1 – while dashed lines indicate that the component
was only applied on the best CNN-gcForestCS model combination selected from the base
model combinations (Table 4.2), again with the exception of the model combinations where
training set curation was performed before deep learning.

To account for class imbalance in the training set and to determine the effect this has on
model performance, augmentation and downsampling of classes was performed to pro-
duce a total of 6000 training images (for more details on the augmentations applied, refer to
Subsection 3.5.3). At the next level in the pipeline, CNN feature extraction was optionally
applied to the resized input images (224 × 224 × 3) with either pre-trained weights from
training on the ImageNet1 dataset, or weights that had been fine-tuned on the training
set during the training of deep learning model combinations. Different feature map sizes
(28 × 28, 14 × 14 and 7 × 7) were extracted from 3 candidate layers in the convolutional net-
work as inputs with these dimensions showed promising deep forest model performance
in previous work (Pang et al. 2018; Boualleg, Farah, and Farah 2019). Finally, either a gc-
ForestCS classifier or a fully-connected network (FCN) were trained for final prediction.

Further investigation of the best CNN-gcForestCS model combinations for each CNN back-
bone was done where the effect of adding a pooling step after multi-grained scanning (MGS)
and training models based on a curated version of the training set was assessed (for more
information on training set curation, see Subsection 3.5.2).

1The ImageNet dataset contains the largest number of images for a variety of different applications – 14 197
122 annotated images (Krizhevsky, Sutskever, and Hinton 2012).
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No Yes

No
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FIGURE 4.1: Illustration of different model combination components in data
pipeline
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Model combination Training set curation? Data augmentation? MGS Pooling? CNN Backbone Fine-tuning? Feature extraction layer Classifier
1 No None None None None None gcForestCS
2 No Yes None None None None gcForestCS
3 No None None DenseNet201 None Candidate Layer 1 gcForestCS
4 No None None DenseNet201 None Candidate Layer 2 gcForestCS
5 No None None DenseNet201 None Candidate Layer 3 gcForestCS
6 No Yes None DenseNet201 None Candidate Layer 1 gcForestCS
7 No Yes None DenseNet201 None Candidate Layer 2 gcForestCS
8 No Yes None DenseNet201 None Candidate Layer 3 gcForestCS
9 No None None MobileNetV2 None Candidate Layer 1 gcForestCS
10 No None None MobileNetV2 None Candidate Layer 2 gcForestCS
11 No None None MobileNetV2 None Candidate Layer 3 gcForestCS
12 No Yes None MobileNetV2 None Candidate Layer 1 gcForestCS
13 No Yes None MobileNetV2 None Candidate Layer 2 gcForestCS
14 No Yes None MobileNetV2 None Candidate Layer 3 gcForestCS
15 No None None DenseNet201 Yes None FCN
16 No Yes None DenseNet201 Yes None FCN
17 No None None MobileNetV2 Yes None FCN
18 No Yes None MobileNetV2 Yes None FCN
19 No None None DenseNet201 Yes Candidate Layer 1 gcForestCS
20 No None None DenseNet201 Yes Candidate Layer 2 gcForestCS
21 No None None DenseNet201 Yes Candidate Layer 3 gcForestCS
22 No Yes None DenseNet201 Yes Candidate Layer 1 gcForestCS
23 No Yes None DenseNet201 Yes Candidate Layer 2 gcForestCS
24 No Yes None DenseNet201 Yes Candidate Layer 3 gcForestCS
25 No None None MobileNetV2 Yes Candidate Layer 1 gcForestCS
26 No None None MobileNetV2 Yes Candidate Layer 2 gcForestCS
27 No None None MobileNetV2 Yes Candidate Layer 3 gcForestCS
28 No Yes None MobileNetV2 Yes Candidate Layer 1 gcForestCS
29 No Yes None MobileNetV2 Yes Candidate Layer 2 gcForestCS
30 No Yes None MobileNetV2 Yes Candidate Layer 3 gcForestCS

TABLE 4.1: Tabular depiction of base model combinations

Model combination Training set curation? Data augmentation? MGS Pooling? CNN Backbone? Fine-tuning? Feature extraction layer Classifier
31 No No Yes DenseNet201 Yes Candidate Layer 3 gcForestCS
32 No No Yes MobileNetV2 Yes Candidate Layer 3 gcForestCS
33 Yes No No DenseNet201 Yes - FCN
34 Yes No No MobileNetV2 Yes - FCN
35 Yes No No DenseNet201 Yes Candidate Layer 3 gcForestCS
36 Yes No Yes DenseNet201 Yes Candidate Layer 3 gcForestCS
37 Yes No No MobileNetV2 Yes Candidate Layer 3 gcForestCS
38 Yes No Yes MobileNetV2 Yes Candidate Layer 3 gcForestCS

TABLE 4.2: Tabular depiction of model combinations based on best CNN-
gcForestCS models

In light of the details of the different model combinations tested in this analysis outlined
above, the following section will discuss the methodologies underpinning the different com-
ponents of the data pipeline.

4.2 Model architecture

This section will begin by discussing convolutional neural networks (CNNs) before outlin-
ing the gcForestCS methodology. Given that deep learning is the more established method-
ology, Subsection 4.2.1 will only briefly describe the key components of the deep learning
methodology as applied to computer vision tasks, while Subsection 4.2.2 will provide a more
in-depth focus on the mechanics of the gcForestCS implementation.

4.2.1 Convolutional neural networks (CNNs)

4.2.1.1 Basic structure

Deep learning models are composed of layers of nodes connected by weights that form a
multi-layered network (LeCun et al. 1989; Krizhevsky, Sutskever, and Hinton 2012). In-
coming data enters the network via an input layer where it is progressively processed by
intermediary ‘hidden’ layers and finally used to produce predictions via an output layer
(Rumelhart, Hinton, and Williams 1986; LeCun, Bengio, and Hinton 2015). Weight vectors
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and bias terms are adjusted during training to better fit the data distribution of the training
data and therefore make up the trainable parameters of neural networks (LeCun et al. 1989;
LeCun, Bengio, and Hinton 2015).

Convolutional neural networks (CNNs) are made up of two main modules: convolutional
layers and fully-connected layers (LeCun et al. 1989; LeCun et al. 1998). Convolutional lay-
ers apply convolution to input image patches to allow higher-order spatial relationships be-
tween features to be distinguished via the formation of feature maps (LeCun et al. 1989) (for
a brief explanation of the convolution process, see Subsubsection 4.2.1.2). The feature maps
produced from the convolution module provide a re-representation of the original input
images that can allow for more effective training of the fully-connected layers (Krizhevsky,
Sutskever, and Hinton 2012; Zeiler and Fergus 2014; Srivastava et al. 2014). Pooling layers
are typically applied after convolutional blocks to reduce the dimensionality of the feature
maps (Simonyan and Zisserman 2014; Szegedy et al. 2017). Feature maps produced from the
convolution module of CNNs are then propagated to the fully-connected network of CNNs
which allow for classification. Fully-connected layers in CNNs can be prone to overfitting,
hence the use of dropout layers where weights between nodes are randomly removed dur-
ing training to reduce chances of co-adaptation during gradient descent and to improve
model generalisation (Srivastava et al. 2014).

Using basic knowledge gained about the structure of CNNs above, the next subsubsection
will briefly outline how feature maps are produced in the convolution module.

4.2.1.2 Convolution

The success of CNNs in image-based tasks can be owed partly to the advanced feature ex-
traction capabilities of the convolutional layers (Hinton, Osindero, and Teh 2006; Glorot and
Bengio 2010). Convolution operations are performed via sequential application of element-
wise matrix multiplication of a kernel (or filter) of fixed size to sections of an input im-
age matrix and can be seen as a ‘sliding window’ composed of weights that are convolved
with sections of an input image they superimpose (Krizhevsky, Sutskever, and Hinton 2012;
Zeiler and Fergus 2014; Gu et al. 2018). During the convolution step, the kernel moves along
the image horizontally and/or vertically by a predefined number of pixels called the stride
(Krizhevsky, Sutskever, and Hinton 2012; Yamashita et al. 2018; Alzubaidi et al. 2021). The
dot-product of the kernel weights and the pixel values of the input image section the ker-
nel is being applied to form the next element of the resulting matrix called a feature map
(Yamashita et al. 2018; Alzubaidi et al. 2021). A convolution step is complete once a kernel
has traversed an entire input matrix and transformed it into a feature map. After convo-
lution steps, a network typically applies an activation function to the feature map followed
by a pooling layer (Simonyan and Zisserman 2014; Szegedy et al. 2017; Alzubaidi et al. 2021).

Multiple rounds of convolution are typically applied to training images across several layers
in a process called ‘layer-by-layer processing’ where spatial relationships between features
are refined to help differentiate classes during classification (Yamashita et al. 2018; Gu et al.
2018). The feature maps produced from the chosen output layer of the convolutional module
(in this work, these are termed candidate layers) form the inputs for either a fully-connected
network (deep learning) or a separate classifier (Ossama et al. 2014; Gu et al. 2018).
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4.2.1.3 Backpropagation

During training for a supervised image-based classification task, training images are propa-
gated through a network to produce classifications in a process called forward propagation
(LeCun et al. 1989). During this process, training images are often grouped into mini-batches
of fixed size which aim to minimise memory consumption whilst improving training times
(LeCun et al. 1989; Gu et al. 2018). After each mini-batch is processed, predicted training
image labels produced by the network are compared with the true image labels via a loss
function (see Subsubsection 4.2.1.5), of which the resulting value is used to sequentially opti-
mise the weights and biases of the network in a process termed mini-batch gradient descent
(Hinton, Osindero, and Teh 2006; Gu et al. 2018; Alzubaidi et al. 2021). The process where
the weights are updated from the output layer to the input layer is referred to as backpropa-
gation (Rumelhart, Hinton, and Williams 1986; LeCun et al. 1989; Hecht-Nielsen 1992). The
optimisation algorithm used to update weights and biases during backpropagation, called
an optimiser, is explicitly defined before training with the SGD (stochastic gradient descent)
(Bottou 2012) and Adam (Kingma and Ba 2014) optimisers being most commonly used. The
learning rate controls the degree to which weights and biases are optimised during a back-
propagation step and can either be static or adaptive based on the optimiser used (Gu et al.
2018).

Once all training image batches have been processed and used to update model weights
(each iteration is termed an epoch), an explicit validation set – or validation fold during
cross-validation – can be used to monitor model generalisability to reduce chances of over-
fitting (Srivastava et al. 2014). Training generally occurs across n epochs or until the vali-
dation loss function does not improve for a certain number of epochs (referred to as early
stopping), indicating that a global or local minima of the loss function has been reached
during gradient descent (Yao, Rosasco, and Caponnetto 2007; Prechelt 2012).

4.2.1.4 Activation functions

The majority of practical image classification tasks exhibit complex relationships between
features that are not linearly separable (Krizhevsky, Sutskever, and Hinton 2012; LeCun,
Bengio, and Hinton 2015). The CNN methodology accounts for this by applying non-linear
transformations in the form of activation functions between convolution steps, promoting
the learning of non-linear relationships between features (Ding, Qian, and Zhou 2018; Gu
et al. 2018; Yamashita et al. 2018). Activation functions range in the type of transformations
they apply, with the rectified linear unit (ReLU) activation function being most commonly
used (Nair and Hinton 2010; LeCun, Bengio, and Hinton 2015). The softmax activation
function is applied in the final layer of the fully-connected network to produce a probability
distribution that allows for classification of an observation based on the maximum proba-
bility value produced (Yamashita et al. 2018)(for more information on the mechanics of the
different types of activation functions available, refer to Ding, Qian, and Zhou (2018)).

4.2.1.5 Loss functions

Loss functions are used to determine the degree to which true and predicted training la-
bels produced by a neural network differ during the training process. The resulting loss
produced by the loss function is used to perform weight updates during backpropagation
so that the model progressively captures variation in the training data, thereby reducing
the loss. The validation loss is also typically assessed after each epoch to prevent model
overfitting from occurring during training but is not used to perform weight updates (Yao,
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Rosasco, and Caponnetto 2007; Prechelt 2012; Srivastava et al. 2014). For multi-class clas-
sification tasks, categorical cross entropy tends to be used to measure the difference in the
probability distributions of the predicted and true labels (for an in-depth explanation of the
theory underpinning categorical cross-entropy, refer to Zhang and Sabuncu (2018)).

4.2.1.6 Transfer learning

Before model training, weights and biases can either be randomly initialised or repurposed
from a model pre-trained with data representative of the current application (Chen et al.
2020). Following the former path requires all weights and bias of a model to be trained from
scratch for accurate model performance. Even though improvements in computer hardware
and algorithm design have led to more efficient model training (LeCun, Bengio, and Hin-
ton 2015), training from scratch can still be time- and computationally-intensive, especially
when dense and/or deep neural networks are employed (Krizhevsky, Sutskever, and Hin-
ton 2012; Szegedy et al. 2017). Given that the depth of neural networks and training set size
affect the extent to which complex non-linear relationships between features can be learned
(Krizhevsky, Sutskever, and Hinton 2012; Szegedy et al. 2017; Kim et al. 2018; Li, Nie, and
Chao 2020), techniques that allow for efficient and effective training of these types of models
are crucial.

Transfer learning provides a solution whereby pre-trained kernel weights and biases in the
convolutional layers of some CNN model are repurposed for a similar task to the one it was
originally trained on (Chen et al. 2020). The convolution module of deep transfer learning
models can either be used as a feature extractor for a separate classifier, or a fully-connected
network specific to the new task can be appended, after which the CNN model can be
trained in a process called fine-tuning (Yamashita et al. 2018; Chen et al. 2020). With fine-
tuning, early layers in the pre-trained convolutional module are ‘frozen’ (i.e. these weights
are not optimised further during training) while later convolutional layers and an appended
fully-connected network are ‘unfrozen’ (i.e. these weights are optimised for the new task
during training) to allow for more specific variation in the training data of the new task to
be captured during training (Yamashita et al. 2018; Chen et al. 2020). Models used in trans-
fer learning each have their own combination and types of convolutional, pooling, and fully
connected layers together with specific activation functions and optimisers, referred to as
the model architecture. When these pre-trained models are fine-tuned to a new task, they
are referred to as the backbone in the transfer learning process.

This research uses as backbone the two best-performing deep transfer learning models on
the cassava leaf image dataset in question that allow for an input image shape of 224×224×3
(Enkvetchakul and Surinta 2021; Huertas-Tato et al. 2022), namely DenseNet201 (Figure 4.2)
and MobileNetV2 (Figure 4.3). Best practice for transfer learning is to use models trained on
data representative of the problem at hand. However, there is a lack of pre-existing weights
from reputable repositories relating to plant disease detection for the DenseNet201 and Mo-
bileNetV2 architectures, therefore the weights obtained from these models being trained on
the ImageNet dataset were used. This allowed for basic low-level image features common
across image classification tasks (such as edges and blobs) to be extracted during early con-
volution steps (Shin et al. 2016; Chen et al. 2020).

The above subsection has provided a primer on the technical details of how CNNs are able
to model complex problems. The following subsection will focus on the mechanics of the
different components of the gcForestCS methodology.
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FIGURE 4.2: Illustration of DenseNet201 architecture as initially proposed by
Huang et al. (2017)

FIGURE 4.3: Illustration of MobileNetV2 architecture as proposed by Sandler
et al. (2018)

4.2.2 gcForestCS

gcForest, or ’deep forest’, was initially proposed by Zhou and Feng (2017) as a potential al-
ternative to deep learning. This methodology employs an ‘ensemble of ensembles’ learning
approach where multiple ensemble learners perform feature transformation of input data
across multiple layers to allow for pertinent spatial relationships between features to be
learned during image classification tasks.

The deep forest methodology is composed of two main modules: multi-grained scanning
and cascade forests. The multi-grained scanning module performs feature re-representation
(similar to the convolutional module in CNNs) while cascade forests perform classification
via layer-by-layer processing (similar to fully-connected layers in CNNs).

This subsection will begin by briefly outlining the methodology behind decision trees and
tree-based ensemble learning before providing a more in-depth explanation of the different
modules of gcForest. Finally, the mechanics of confidence screening in gcForestCS will be
discussed.

4.2.2.1 Tree-based ensemble learning

Tree-based methods form a popular branch of machine learning algorithms that can be used
for both regression- and classification-based tasks. The most basic of the tree-based method-
ologies is a decision tree, where levels composed of nodes that are connected by branches
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produce a model structure synonymous of a tree structure. All data initially start in a ’root
node’ and are progressively separated into child nodes by a process called recursive binary
splitting (Breiman et al. 1984). Partitions are made based on splitting criteria, such as Gini
Index or Information Entropy, which aim to minimise node impurity (i.e. the proportion of
incorrect classifications) in child nodes produced by a split (Breiman et al. 1984; Rokach and
Maimon 2005). Partitioning continues until either class homogeneity is achieved in a node
or the threshold for hyperparameters controlling tree depth are reached, producing a set of
leaf nodes which can be used for class prediction during classification tasks (Strobl, Malley,
and Tutz 2009). In the majority of real-world applications, leaf nodes are not homogenous
and a probability vector is produced which represents the proportions of each class in the
node. During classification on testing data, an unseen observation traverses through the tree
structure until it ends up in a leaf node where the class with the majority vote in the node is
assigned to the observation (Breiman et al. 1984).

There are multiple drawbacks associated with using a single decision tree during model
training: lack of robustness to noisy data, high chances of overfitting if hyperparameters
such as tree depth are not controlled, and high memory and time usage constraints given
that all data needs to be loaded during training (Rokach and Maimon 2005; Hothorn, Hornik,
and Zeileis 2006; Song and Lu 2015). To combat these issues, an ensemble of multiple un-
correlated decision trees (or ’weak learners’) can be trained with the idea being that the
aggregation of information in the training set learned by each weak learner will produce
a final model that can accurately reflect variation in the data (Breiman 1996; Freund and
Schapire 1997; Freund and Schapire 1999; Breiman 2001; Lee et al. 2020). Results across the
multiple weak learners are aggregated, with the final prediction for each observation being
the majority class vote across all learners.

There is strong evidence to support the claim that ensemble learning improves upon the
performance of single tree classifiers (Bauer et al. 1999; Dietterich 2000; Miao et al. 2011).
The two main tree-based ensembling approaches are boosting (Freund and Schapire 1997;
Freund and Schapire 1999; Chen and Guestrin 2016) and bagging (Breiman 1996), a latter of
which works by training trees using random bootstrap samples of the training set. Random
forests (Breiman 2001) follow the bagging principle and use random subsets of features to
produce the best split during each partitioning step. Extremely-randomised forests (Geurts,
Ernst, and Wehenkel 2006) build on the idea of random forests with the main differences
being that partitions are done randomly based on a random subset of features, and each tree
in the forest structure is grown based on the full training set.

The benefits associated with tree-based ensemble learning as compared to parametric meth-
ods are that fewer assumptions about the data need to be made, less hyperparameter tuning
is required, and parallelisation of tree growth can be leveraged to produce high throughput
during training when training observations have relatively few features. However, a major
drawback of tree-based ensembling learning is the memory and time constraints when a
model is fitted to high-dimensional datasets.

With the knowledge gained about tree-based ensemble learning above, the next subsub-
section will build upon this understanding by covering the methodology underlying the
multi-grained scanning module of gcForestCS.
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4.2.2.2 Multi-grained scanning

Experiments by Zhou and Feng (2017) and Pang et al. (2018) have shown that the addition of
multi-grained scanning before training cascade forests (see Subsubsection 4.2.2.3) improves
their generalisation. Based on the concept of representation learning performed during con-
volution steps in deep learning, multi-grained scanning begins by splitting an input image
with dimensions (w × h × d) into ‘instances’ via the scanning of a sliding window of size
(Sx, Sy) with strides Strx along the x-axis, and Stry along the y-axis. After an instance has
been created, it is assigned the class label of the image it originated from. Equation 4.1 can
be used to determine the number of instances produced from scanning:

Ninst =

(
w − Sx

Strx
+ 1

)(
h − Sy

Stry
+ 1

)
= (Nx)

(
Ny

)
. (4.1)

After all instances for an image have been created, NF forests are trained based on these
instances where it is recommended to perform k-fold cross validation to reduce overfitting.
After training, NF probability vectors are produced for each instance representing the prob-
ability of the instance belonging to each class. For an input image, Ninst probability vectors
in the form of a (Nx, Ny, C) probability matrix are produced from each of the NF forests,
where C represents the number of classes in the probability vector. The probability matri-
ces produced from each forest are reshaped into (C, Nx, Ny) probability matrices, flattened
and concatenated to each other to produce a final transformed feature vector that is a re-
representation of the original image and can be used to train the cascade forest classification
module.

In the case where M sliding window sizes are used, M transformed feature vectors will
be produced for an input image which will sequentially be used during training of ’meta-
layers’ in the cascade forest structure, as explained in the following subsubsection.

Figure 4.4 gives an illustrated example of this process where a sliding window of size 10× 10
with stride 1 along both the x- and y-axes is applied to a raw 20 × 20 input image. Using
Equation 4.1, we can determine that 121 instances will be produced after which these in-
stances will be used to train both a random forest classifier (Forest A) and a completely-
random forest classifier (Forest B). After training, 121 probability vectors with length 3 for a
three-class classification task will be produced from each forest for each input image (yield-
ing a column vector with length 363 for each forest) which are then concatenated to form a
transformed feature vector of length 726.

In the case where a pooling step is applied (similar to pooling after convolution steps in
CNNs mentioned in Subsubsection 4.2.1.2), a pooling sliding window of size (Px, Py) with
stride Pstr will scan the (Nx, Ny, C) probability matrix produced from each forest and return
either an averaged probability vector (average pooling) or the probability vector with the
maximum value (max pooling) of the image patch that is superimposed. This produces
a new pooled probability matrix of size

((
Nx−Px

Pstr
+ 1

)
,
(

Ny−Py
Pstr

+ 1
)

, C
)

which follows the
same process of reshaping, flattening and concatenation to form a transformed feature vec-
tor as described above.

The concept of multi-grained scanning has been outlined above. The following subsubsec-
tion will detail the cascade forest module of gcForest which is trained based on the outputs
of multi-grained scanning.
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FIGURE 4.4: Illustration of multi-grained scanning as proposed by Zhou and
Feng (2017)

4.2.2.3 Cascade forests

The layer-by-layer processing aspect of the gcForest methodology is realised in this module.
In the initial layer of the cascade forest module, the transformed feature vectors produced
for each input training image from multi-grained scanning forms the training inputs for the
cascade forests. Outputs from the preceding level of the cascade forest structure are used
to train NF forests in the current level, afterwhich NF probability vectors are produced for
each transformed feature vector. These probability vectors are concatenated to each other
and to the initial transformed feature vector produced from multi-grained scanning to form
the input for the next level (Figure 4.5). Layers are progressively added until the valida-
tion accuracy during k-fold cross validation does not improve for a given number of early
stopping rounds, or until a maximum number of layers have been added. The final layer
produces a set of probability vectors from each of the NF forest classifiers which are then
averaged and used to perform the final prediction.

FIGURE 4.5: Illustration of cascade forest module as proposed by Zhou and
Feng (2017)

In the case where M sliding window sizes are used during multi-grained scanning, a ‘meta-
layer’ with M sub-levels is produced in the cascade forest structure where a similar process
of concatenation of initial feature vectors as described above occurs. The major difference
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is that the transformed feature vectors produced from each sliding window size in multi-
grained scanning are sequentially concatenated to the probability vectors produced from
the preceding sub-level of a meta-layer (Figure 4.6). The output from each sub-level and
the next transformed feature vector from multi-grained scanning are then used as the input
feature vector for the next sub-level of the meta-layer until the forests in all sub-levels have
been trained.

FIGURE 4.6: Illustration of overall gcForest implementation as proposed by
Zhou and Feng (2017)

Provided with the underlying workings of the multi-grained scanning and cascade forest
modules of gcForest, the next subsubsection will cover the addition of confidence screening
to gcForest to complete the explanation of the gcForestCS algorithm.

4.2.2.4 Confidence screening

A major criticism of the original gcForest implementation proposed by Zhou and Feng
(2017) is that all instances produced in multi-grained scanning are processed by all layers in
the cascade forest structure regardless of whether they aid in class differentiation, leading
to high memory consumption and training time. GcForestCS aims to resolve this through
the addition of ’confidence screening’, which entails random sampling of instances during
multi-grained scanning and varying model complexity in the cascade forest structure (Pang
et al. 2018).

The confidence screening mechanism makes use of a logic gate before probability vectors are
concatenated into transformed feature vectors at the end of a level (Figure 4.7). The purpose
of these logic gates is to determine whether an observation requires more learning in order
to make an accurate class prediction and therefore needs to be propagated to the next level
of the cascade forest structure. These logic gates assess whether the confidence value for
an observation, which is the maximum value of the averaged probability vector, is greater
than the calculated threshold value ηt. An observation i with confidence ci > ηt is said to
have high confidence and is classified directly from the current level in the cascade forest
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structure without being propagated to the following levels. By only propagating observa-
tions that require more learning through to the next level of the cascade forest structure,
the memory consumption and training times have been shown to be significantly reduced
while maintaining model performance (Pang et al. 2018).

ηt = min {ck|L(x1, ..., xk) < aϵt, k ∈ [1, m]} . (4.2)

The threshold ηt at level t that determines whether an observation has high or low confi-
dence is calculated by sorting all m training inputs from highest to lowest confidence, after-
which Equation 4.2 is applied. L(x1, ..., xk) represents the error rate for the k inputs with the
highest prediction confidences while aϵt represents a fractional value of the cross-validation
error rate where a ϵ (0,1).

FIGURE 4.7: Illustration of confidence screening mechanism as proposed by
Pang et al. (2018)

In addition to the confidence screening mechanism, gcForestCS also makes use of random
instance sub-sampling for each training input at the beginning of multi-grained scanning,
as well as varying model complexity as the number of levels in the cascade forest structure
increase. Figure 4.8 depicts the process of instance sub-sampling which reduces the num-
ber of instances processed for each image, and the resulting size of the transformed feature
vectors produced by multi-grained scanning and the cascade forests. Increasing model com-
plexity in the cascade forest module to classify complex instances that consistently produce
sub-threshold confidence values is employed because an observation that traverses through
many levels of the cascade forest structure indicates that more model complexity (via more
complex forests or more trees) is required to accurately capture variation present in these
observations.

This section has provided an in-depth discussion of the CNN-gcForestCS methodology, with
more focus on explaining the mechanics of gcForestCS. The following section will briefly
describe how model performance will be assessed during validation and testing.

4.3 Performance metrics

For the purposes of this research, weighted F1-score and overall accuracy were taken into
account when selecting the best hyperparameter combinations and assessing model per-
formance. This subsection will briefly outline how each metric is calculated and what it
measures.
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FIGURE 4.8: Illustration of instance subsampling in gcForestCS as proposed
by Pang et al. (2018)

4.3.1 Weighted F1-score

F1-score (Equation 4.5) is a metric that produces the harmonic mean between the precision
(Equation 4.3) and recall (Equation 4.4) when the weight parameter in the F-score is set
to β = 1. F1-score forms an important metric for measuring model generalisability when
trained on an imbalanced dataset because it takes into account both the precision and recall
achieved by a model for each class. The score ranges between 0 and 1 where the higher the
F1-score, the better the model generalises to unseen data. When calculating the weighted
F1-score, the F1-score produced for each class is weighted based on the number of observa-
tions of that class in the unseen data being assessed. F1-score is calculated as follows:

Precision =
TP

TP + FP
, (4.3)

Recall =
TP

TP + FN
, (4.4)

F1 =
2 × Precision × Recall

Precision + Recall
, (4.5)

where TP = true positive, FP = false positive, and FN = false negative predictions.

4.3.2 Overall accuracy

The overall accuracy produces a measure of how many predictions produced by a model on
unseen data were correct as a fraction of the total number of unseen observations. This met-
ric was chosen as the main performance metric for models trained on the balanced training
set and is calculated using Equation 4.6 below:

Accuracy =
TP + TN

TP + TN + FP + FN
(4.6)

where TN = true negative predictions.
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The next section will elaborate on the specific hardware and software used during training
and the hyperparameter search spaces used during model combination gridsearches.

4.4 Model training

4.4.1 Hardware & Software

During prototyping, a Google Colab notebook with 2 x Intel(R) Xeon(R) CPUs @ 2.20GHz
(12GB RAM) and an Nvidia Tesla T4 GPU @ 1.59GHz (16GB RAM) was utilised. Model
scripting was performed in Visual Studio Code using Python 3.7 and was backed up on a
GitHub repository.

Computations were performed using facilities provided by the University of Cape Town’s
ICTS High Performance Computing team: hpc.uct.ac.za. Dell C6420 CPU servers with 40
cores and 384GB RAM each were made available for performing hyperparameter grid-
searches as well as data augmentation and curation steps. For training the deep learning
models, TensorFlow 2.8 was loaded onto an Nvidia A100 GPU with 20GB RAM and 14 CPU
cores. It is pertinent to note that when training CNN-gcForestCS model combinations, CPU
servers were used for both CNN feature extraction and for training the gcForestCS classifers
so that the hybrid model could run on a single machine without truncation across GPU and
CPU servers.

4.4.2 Hyperparameter selection

Tables 4.3–4.6 depict the hyperparameter search spaces used during model combination
gridsearches in this analysis. During multi-grained scanning (Table 4.3), three sliding win-
dow sizes of 3 × 3, 5 × 5, and 7 × 7 were used since these sizes were associated with high
performing gcForest models in previous gcForest image classification tasks (Boualleg, Farah,
and Farah 2019; Liu and Yang 2019). For each sliding window, a stride value of 2 was used
along both the x- and y-axes, and 5-fold cross-validation was used to reduce the chances
of overfitting during training. The number of forests was initially varied, however this led
to excessive memory usage. Therefore, the default number and type of forests for multi-
grained scanning (2 forests – 1 random forest and 1 extremely-randomised forest) were used.
The number of trees in each forest was varied according to applications of gcForest to image
classification tasks in previous work, which showed that 50–100 trees produced optimal re-
sults (Yin et al. 2018; Liu and Yang 2019; Liu et al. 2019b; Boualleg, Farah, and Farah 2019).
For model combinations 1 and 2, only 50 trees were used due to memory constraints.

Model
combinations

Min samples
per leaf

Max tree
depth

Splitting
criterion

Nforests Ntrees Window sizes Stride (x,y)

1 10 10 Gini 2 (1 RF, 1 ETS) [50] 3x3, 5x5, 7x7 (2,2)
2 10 10 Gini 2 (1 RF, 1 ETS) [50] 3x3, 5x5, 7x7 (2,2)

3-10, 15-25, 27-30 10 10 Gini 2 (1 RF, 1 ETS) [50, 100] 3x3, 5x5, 7x7 (2,2)

TABLE 4.3: Hyperparameter search space for multi-grained scanning

For the cascade forest gridsearches (Table 4.4), 5-fold cross-validation was performed to re-
duce chances of overfitting and for similar reasons as in multi-grained scanning, the default
number of forests was used (8 forests in total – 4 random forest, 4 extremely-randomised
forests). The splitting criterion, maximum tree depth, minimum samples per leaf, the max-
imum number of layers, and early stopping rounds were all kept constant. The number of

hpc.uct.ac.za
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trees in each forest was varied with different search spaces applied to model combinations
1 and 2 due to time and memory constraints.

Model
combinations

Min samples
per leaf

Max tree
depth

Splitting
criterion

Nforests Ntrees
Max

layers
Early stopping

rounds

1 10 10 Gini 8 (4 RF, 4 ETS) [50] 20 3
2 10 10 Gini 8 (4 RF, 4 ETS) [50, 100] 20 3

3–14, 19–30, 35, 37 10 10 Gini 8 (4 RF, 4 ETS) [50, 100] 20 3

TABLE 4.4: Hyperparameter search space for cascade forests

For gcForestCS and CNN-gcForestCS model combinations where a pooling step was per-
formed after multi-grained scanning, a sliding window of size 2 × 2 with stride 2 was used
and average pooling was performed (Table 4.5).

Model combinations Pooling window size Stride (x-axis, y-axis) Pooling method
31, 32, 36, 38 2x2 (1,1) average

TABLE 4.5: Hyperparameter search space for model combinations performing
a pooling step after multi-grained scanning

For the deep learning hyperparameter gridsearches (Table 4.6), three learning rates of 0.0001,
0.001 (default), and 0.01 were included in the hyperparameter search space while the opti-
miser search space included the adam and sgd optimisers. A dropout layer was added to
the fully connected network where the dropout rate was set as either 0.25, 0.5 or 0.75. The
number of epochs and early stopping rounds were held constant at 100 and 75 respectively.
Max pooling was used after the dropout layer as this pooling method was used in the best
performing deep learning models in previous work done on cassava leaf disease classifica-
tion (Sambasivam and Opiyo 2021; Enkvetchakul and Surinta 2021; Dhivyaa, Kandasamy,
and Rajendran 2022).

Model
combinations

Dropout rate Optimiser Learning rate Epochs
Early stopping

rounds

15–18, 33, 34 [0.25, 0.5, 0.75] [adam, sgd] [0.0001, 0.001, 0.01] 100 75

TABLE 4.6: Hyperparameter search space for deep learning gridsearches

For model combinations trained on an imbalanced training set, validation weighted F1-score
was used to determine optimal hyperparameter selection while overall validation accuracy
was used for model combinations trained on a balanced training set. However, further
investigation found that for imbalanced datasets the same hyperparameter settings yielded
the best results whether ranking based on weighted F1-score or overall accuracy for most
model combinations.

4.5 Conclusion

This chapter started by summarising all the model combinations implemented in this re-
search. This was followed by an in-depth discussion of the statistical learning methods
underpinning these models, along with the details relating to model performance assess-
ment and the specifics relating to model training. The next chapter will present the results
and discuss the findings in relation to the research objectives.
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Chapter 5

Results and Discussion

This chapter will present and discuss the results relating to each of the research objectives
and subsequent research questions as set out in Section 1.3. Section 5.1 will present the
results, after which the results will be discussed in relation to each research question (Section
5.2).

5.1 Results

MC
Class

balancing?
CNN

backbone
Fine-

tuned?
FE layer Classifier OA (%) WF1

Training
time1

Peak
RAM (GB)

1 No None No None DF 54.75 0.46 17:11:27 125.97
2 Yes None No None DF 52.47 0.473 13:17:52 134.6
3 No DN201 No CL1 DF 60 0.511 03:13:42 93.94
4 No DN201 No CL2 DF 63.61 0.59 00:57:02 45.32
5 No DN201 No CL3 DF 72.31 0.71 00:17:26 13.43
6 Yes DN201 No CL1 DF 59.95 0.509 03:16:52 99.65
7 Yes DN201 No CL2 DF 61.96 0.598 01:06:17 48.07
8 Yes DN201 No CL3 DF 71.35 0.711 00:20:04 14.24
9 No MNV2 No CL1 DF 57.93 0.484 02:37:15 70.48
10 No MNV2 No CL2 DF 58.09 0.502 00:27:09 29.14
11 No MNV2 No CL3 DF 71.14 0.693 00:11:30 8.95
12 Yes MNV2 No CL1 DF 56.82 0.483 02:19:43 74.77
13 Yes MNV2 No CL2 DF 56.76 0.513 00:26:11 30.91
14 Yes MNV2 No CL3 DF 69.07 0.686 00:15:04 9.5
15 No DN201 Yes - FCN 87.43 0.871 01:21:07 3.81
16 Yes DN201 Yes - FCN 85.89 0.859 01:25:05 4.32
17 No MNV2 Yes - FCN 82.87 0.826 00:35:43 1.8
18 Yes MNV2 Yes - FCN 82.55 0.822 00:41:12 1.88
19 No DN201 Yes CL1 DF 66.58 0.608 04:58:43 93.94
20 No DN201 Yes CL2 DF 81.59 0.806 02:20:17 45.32
21 No DN201 Yes CL3 DF 86.68 0.865 02:17:26 13.43
22 Yes DN201 Yes CL1 DF 63.82 0.582 04:09:13 99.65
23 Yes DN201 Yes CL2 DF 80.95 0.806 02:14:10 48.07
24 Yes DN201 Yes CL3 DF 85.41 0.854 01:42:08 14.24
25 No MNV2 Yes CL1 DF 59.26 0.521 03:04:10 70.48
26 No MNV2 Yes CL2 DF 64.88 0.613 01:21:09 29.14
27 No MNV2 Yes CL3 DF 83.66 0.834 00:50:06 8.96
28 Yes MNV2 Yes CL1 DF 57.77 0.497 03:28:51 74.77
29 Yes MNV2 Yes CL2 DF 60.64 0.543 01:19:40 30.91
30 Yes MNV2 Yes CL3 DF 82.23 0.824 00:56:38 9.5

TABLE 5.1: Test set results for base model combinations 1–30

1measured in HH:MM:SS
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Tables 5.1 and 5.2 depict the overall test results for each of the 38 model combinations tested
in this research project. The optimal hyperparameter settings for each model combination
are not included in these tables but are included for reference in Appendix A, along with
breakdowns of the training execution times and peak memory usage (Appendix B), and test
prediction execution times and peak RAM usage (Appendix C).

As explained in the previous chapter, the backbones (where applicable) are either DenseNet201
(DN201) or MobileNetV2 (MNV2); the feature extraction candidate layers (CL1–3) refer to
feature maps of size 28 × 28, 14 × 14, and 7 × 7 respectively; the classifier is either a fully
connected network (FCN) or deep forest (DF); and reported metrics are overall accuracy
(OA) and weighted F1-score (WF1).

MC Curation?
MGS

pooling?
CNN

backbone
Fine-

tuned?
FE layer Classifier OA (%) WF1

Training
time

Peak
RAM (GB)

31 No Yes DN201 Yes CL3 DF 86.79 0.866 01:56:48 13.43
32 No Yes DN201 Yes CL3 DF 83.4 0.831 00:50:15 8.95
33 Yes No DN201 Yes - FCN 85.57 0.851 01:09:05 3.84
34 Yes No MNV2 Yes - FCN 82.76 0.825 00:29:57 1.04
35 Yes No DN201 Yes CL3 DF 84.51 0.843 01:33:12 12.75
36 Yes Yes DN201 Yes CL3 DF 84.56 0.844 01:25:30 12.75
37 Yes No MNV2 Yes CL3 DF 83.5 0.833 00:41:56 8.5
38 Yes Yes MNV2 Yes CL3 DF 83.24 0.83 00:41:12 8.5

TABLE 5.2: Test set results for model combinations 31–38 based on best CNN-
gcForestCS base model combinations

Given the large number of model combinations and the complexity associated with com-
paring model combinations individually, model combinations will be grouped and assessed
based on the research questions outlined in Chapter 1.

5.1.1 Effect of class balance

To assess the effect that training set class imbalance has on CNN-gcForestCS, model com-
binations were grouped based on whether they fit certain model descriptions, as well as
whether they were trained on the original imbalanced dataset, or the balanced version of
the training set (for information on how the balanced training set was produced, see Sub-
section 3.5.3). Model performance was assessed based on the weighted F1-score achieved
for the test set, as this is typically a metric used for assessing classification models trained
on imbalanced data (for more on how weighted F1-score is calculated, see Subsection 4.3.1).
The average test weighted F1-score achieved for the CNN-gcForest model groupings are
presented in Table 5.3, while the test weighted F1-score for the gcForestCS and deep trans-
fer learning model combinations is presented in Table 5.4. Figure 5.1 provides a graphical
illustration of the effect of class balance across all model descriptions.

Table 5.3 and Figure 5.1 show that there was a negligible change in CNN-gcForestCS model
performance when class imbalance was accounted for. For the DenseNet201-gcForestCS
models where the CNN feature extractor was not fine-tuned on the training set, there was a
negligible improvement in average weighted F1-score when training the model on balanced
data (WF1 = +0.002) – however, this came at the cost of slightly longer training time and
slightly higher peak memory usage. Conversely, when the DenseNet201-gcForestCS feature
extractor was fine-tuned, there was a slight reduction in average weighted F1-score (-0.013),
together with a reduction in training time and increase in peak RAM usage, when models
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Model description Mean weighted F1-score Mean training time Mean peak RAM usage
Imbalanced Balanced Imbalanced Balanced Imbalanced Balanced

DN201-gcForestCS (not fine-tuned) 0.604 0.606 01:29:23 01:34:24 50.9 53.99
DN201-gcForestCS (fine-tuned) 0.76 0.747 03:12:08 02:41:50 50.9 53.99

MNV2-gcForestCS (not fine-tuned) 0.56 0.561 01:05:17 01:00:19 36.19 38.39
MNV2-gcForestCS (fine-tuned) 0.656 0.621 01:45:08 01:55:02 36.19 38.39

TABLE 5.3: Comparison of averaged CNN-gcForestCS model performance
on the test set across model combinations 1–30 stratified based on whether

models were trained on either imbalanced or balanced data

Model description Mean weighted F1-score Training time Peak RAM usage
Imbalanced Balanced Imbalanced Balanced Imbalanced Balanced

raw resized images 0.46 0.473 17:11:27 13:17:52 125.97 134.6
DenseNet201 0.871 0.859 01:21:07 01:25:05 3.81 4.32
MobileNetV2 0.826 0.822 00:35:43 00:41:12 1.8 1.88

TABLE 5.4: Comparison of test set model performance of deep learning and
gcForestCS model combinations across model combinations 1–30 stratified

based on whether models were trained on imbalanced or balanced data

were trained on balanced data.

For MobileNetV2-gcForestCS models where the CNN feature extractor was not fine-tuned,
there was a negligible improvement in average weighted F1-score (+0.001) and lower train-
ing time when balanced training data was used – however, this was at the expense of slightly
higher peak memory usage compared to training on the imbalanced training set. When the
MobileNetV2 feature extractor was fine-tuned, there was a slight decrease in the average
weighted F1-score (-0.035), an increase in training time, and an increase in peak memory
usage when balanced training data was used.

As shown in Table 5.4 and Figure 5.1, when the gcForestCS classifier was trained on orig-
inal resized images (224×224×3) in the balanced version of the training set, there was a
slight improvement in the weighted F1-score (+0.013), a lower training time and a slightly
higher peak RAM usage as compared to training on imbalanced data. The DenseNet201
(-0.012) and MobileNetV2 (-0.004) deep learning models saw a minor reduction in weighted
F1-score, and an increase in training time and peak RAM usage when balanced training data
was used.

Across all model combination groupings in Tables 5.3 and 5.4, there was a negligible change
in model performance when class imbalance was accounted for. Interestingly, this was
even the case for the deep learning model combinations which typically generalise bet-
ter to unseen data when trained on more data provided from data augmentation steps.
Overall, the deep learning models perform the best of the model combinations trained on
either balanced or imbalanced training data, followed by DenseNet201-gcForestCS (fine-
tuned), MobileNetV2-gcForestCS (fine-tuned), DenseNet201-gcForestCS (not fine-tuned),
MobileNetV2-gcForestCS (not fine-tuned) and finally training gcForestCS on the raw re-
sized images. There was an increase in peak RAM usage when the balanced training set
was used, while the training time either increased or decreased depending on the model
combination.
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(A) CNN-gcForestCS models (B) gcForestCS and deep learning models

FIGURE 5.1: Illustration of the effect of training set class balance on test clas-
sification performance of different model combination groupings

5.1.2 Effect of CNN feature extraction

The effect on model performance by applying CNN feature extraction before training a gc-
ForestCS classifier was assessed across 3 different convolutional candidate layers from two
different transfer learning CNN backbones, DenseNet201 (presented in Table 5.5) and Mo-
bileNetV2 (Table 5.6).

Input dimensions Mean accuracy (%)
Mean weighted

F1-score
Mean training

time
Mean peak

RAM usage (GB)

224x224x3 53.61 0.467 15:14:32 130.29
28x28x256 62.59 0.553 03:54:37 96.8
14x14x896 72.03 0.7 01:39:26 46.7
7x7x1920 78.94 0.785 01:09:16 13.84

TABLE 5.5: Comparison of CNN-gcForestCS model performance on the test
set across different DenseNet201 feature map input sizes for model combina-

tions 1–30

Input dimensions Mean accuracy (%)
Mean weighted

F1-score
Mean training

time
Mean peak

RAM usage (GB)

224x224x3 53.61 0.467 15:14:32 130.29
28x28x192 57.95 0.496 02:52:29 72.63
14x14x576 60.09 0.543 01:11:02 30.03
7x7x1280 76.53 0.759 00:33:19 9.23

TABLE 5.6: Comparison of CNN-gcForestCS model performance on the test
set across different MobileNetV2 feature map input sizes for model combina-

tions 1–30

When either the DenseNet201 or MobileNetV2 transfer learning architectures were used for
feature extraction in CNN-gcForestCS model combinations, there was an improvement in
average overall accuracy and average weighted F1-score, and a reduction in training time
and peak memory usage as compared to not performing CNN feature extraction before gc-
ForestCS model training. For DenseNet201-gcForestCS, the largest improvement in average
gcForestCS model performance came from reducing the feature map size from 28×28×256
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to 14×14×896 (OA = +9.44%, WF1 = +0.147, training time = -02:15:11, peak RAM usage =
-50.1GB) while for MobileNetV2, the largest improvement in performance came from re-
ducing the feature map size from 14×14×576 to 7×7×1280 (OA = +16.44%, WF1 = +0.216,
training time = -00:37:43, peak RAM usage = -20.8).

Overall, there was an improvement in model performance, training time and peak memory
usage when smaller feature maps were used. DenseNet201-gcForestCS showed larger im-
provements in model performance as feature size reduced when compared to MobileNetV2-
gcForestCS. Tables 5.5 and 5.6 also indicate that when comparing CNN-gcForestCS perfor-
mance across the CNN backbones used when feature map size is held constant, DenseNet201-
gcForestCS performs slightly better than MobileNetV2-gcForestCS at the cost of longer train-
ing times and higher peak RAM usage.

5.1.3 Effect of CNN feature extractor fine-tuning

To assess the effect of fine-tuning CNN feature extractor weights on CNN-gcForestCS model
performance, CNN-gcForestCS model combinations were grouped based on whether the
CNN feature extractor had been fine-tuned on the training set, the results of which are dis-
played in Table 5.7 (for more information of the process of fine-tuning, see Subsubsection
4.2.1.6). These model combination groupings were then additionally stratified based on fea-
ture map size, the results of which are shown in Figure 5.2.

CNN-gcForestCS
backbone

Mean accuracy (%) Mean WF1 Mean training time Mean peak RAM usage

Not FT FT Not FT FT Not FT FT Not FT FT
DenseNet201 64.86 77.51 0.605 0.754 01:31:53 02:56:59 52.44 52.44
MobileNetV2 61.64 68.07 0.56 0.639 01:02:48 01:50:05 37.29 37.29

TABLE 5.7: Comparison of CNN-gcForestCS model performance on the test
set for each CNN backbone stratified based on whether the CNN feature ex-

tractor was fine-tuned (FT) or not (Not FT)

(A) DenseNet201-gcForestCS (B) MobileNetV2-gcForestCS

FIGURE 5.2: Comparison of the effect of CNN feature extractor fine-tuning on
CNN-gcForestCS model performance on the test set across different feature

map sizes for model combinations 1–30

Table 5.7 shows that CNN feature extractor fine-tuning leads to a notable improvement
in average overall accuracy and average weighted F1-score at the cost of longer training
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times. DenseNet201-gcForestCS models show larger improvement in average model perfor-
mance (OA = +12.65%, WF1 = +0.149) than MobileNetV2-gcForestCS (OA = +6.43%, WF1 =
+0.079) – however, DenseNet201-gcForestCS training time and peak RAM usage is higher
than MobileNetV2-gcForestCS.

Figure 5.2 shows that across feature map sizes, fine-tuning led to an improvement in average
CNN-gcForestCS model performance for both CNN backbones used for feature extraction.
For DenseNet201, the largest improvement was seen when 14×14 feature maps were used
(WF1 = +0.212) while for MobileNetV2, it was when 7×7 feature maps were used (WF1 =
+0.139). These results also corroborate the findings in the previous subsection which showed
how CNN-gcForestCS model performance improves as feature map size reduced.

5.1.4 Effect of adding a pooling step after multi-grained scanning

To assess the effect of adding a pooling step after multi-grained scanning via a 2×2 sliding
window with stride 1 that performs average pooling (for more information on how pooling
works in multi-grained scanning, see Subsubsection 4.2.2.2), equivalent CNN-gcForestCS
model combinations that only differed based on whether a pooling step was applied after
multi-grained scanning were compared (Table 5.8).

CNN backbone
Feature map
dimensions

Mean accuracy (%) Mean WF1 Mean training time Mean peak RAM usage (GB)

No pooling Pooling No pooling Pooling No pooling Pooling No pooling Pooling
DenseNet201 7x7x1920 85.6 85.68 0.854 0.855 01:55:19 01:41:08 13.09 13.09
MobileNetV2 7x7x1280 83.58 83.32 0.834 0.831 00:46:00 00:45:43 8.73 8.73

TABLE 5.8: Comparison of average CNN-gcForestCS model performance on
the test set for equivalent model combinations that differ based on whether a
pooling step was performed after multi-grained scanning from model combi-

nations 31–38

The results show that there is a negligible change in average CNN-gcForestCS model perfor-
mance when either DenseNet201 or MobileNetV2 were used for feature extraction. There
was a minor improvement in average model performance (OA = +0.08%, WF1 = +0.001)
when a pooling step was used for DenseNet201-gcForestCS, while reducing training time
(-00:14:08). For MobileNetV2-gcForestCS, there was a minor reduction in average model
performance (OA = -0.26%, WF1 = -0.003), whilst slightly reducing training time (-00:00:17).

5.1.5 Effect of training set curation

To assess whether improving the quality of the training data via training set curation im-
proves model test performance, equivalent deep learning (Table 5.9) and CNN-gcForestCS
(Table 5.10) model combinations that differed based on whether they were trained on cu-
rated training data were compared.

Transfer
learning model

Overall Accuracy (%) Weighted F1-score Training time Peak RAM usage

No curation Curation No curation Curation No curation Curation No curation Curation
DenseNet201 87.43 85.57 0.871 0.851 01:21:07 01:09:05 3.81 3.84
MobileNetV2 82.87 82.76 0.826 0.825 00:35:43 00:29:57 1.8 1.04

TABLE 5.9: Comparison of test performance of equivalent deep learning
model combinations trained with or without curated training data
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CNN backbone
Feature map
dimensions

Mean accuracy (%) Mean WF1 Mean training time Mean peak RAM usage

No curation Curation No curation Curation No curation Curation No curation Curation
DenseNet201 7x7x1920 86.74 84.54 0.866 0.844 01:56:50 01:29:20 13.43 12.75
MobileNetV2 7x7x1280 83.53 83.37 0.833 0.832 00:50:10 00:41:38 8.96 8.5

TABLE 5.10: Comparison of average test performance of fine-tuned CNN-
gcForestCS models trained with or without curated training data

Table 5.9 shows that training set curation leads to a reduction in deep learning model per-
formance of DenseNet201 (OA = -1.86%, WF1 = -0.02) and MobileNetV2 (OA = -0.11%,
WF1 = -0.001), with an associated reduction in training time (-00:12:02). Interestingly, there
is a slight increase in peak RAM usage when training the DenseNet201 transfer learning
model (+0.03GB), while there was a reduction in peak memory usage when training Mo-
bileNetV2 (-0.76GB). A similar trend was observed for the CNN-gcForestCS model combina-
tions (Table 5.10), where curation yielded a slight reduction in model performance for both
DenseNet201-gcForestCS (OA = -2.2%, WF1 = -0.022) and MobileNetV2-gcForestCS (OA =
-0.16%, WF1 = -0.001), with a reduction in training time and peak RAM usage (training
time = -00:27:30, peak RAM = -0.68GB). Overall, the results show that there is little change
in average model performance for MobileNetV2-gcForestCS model combinations while for
DenseNet201-gcForestCS, model performance slightly decreases when models are trained
on curated training data.

5.1.6 CNN-gcForestCS as an alternative to deep learning

To assess whether CNN-gcForestCS is a viable alternative to CNNs for cassava leaf disease
detection, the best deep learning and best CNN-gcForestCS model combination for each
CNN backbone were compared (Table 5.11).

Model type
Overall

Accuracy (%)
Weighted
F1-score

Training
time

Peak Memory
Usage (GB)

DenseNet201 87.43 0.871 01:21:07 3.81
DenseNet201-gcForestCS 86.79 0.866 01:56:48 13.43

MobileNetV2 82.87 0.826 00:35:43 1.8
MobileNetV2-gcForestCS 83.66 0.834 00:50:06 8.96

TABLE 5.11: Comparison of model test performance for best CNN model and
best CNN-gcForestCS for each CNN backbone used

The results in Table 5.11 show that the performance of the best DenseNet201-gcForestCS
model was slightly lower than that of DenseNet201 (OA = -0.64%, WF1 = -0.005), while
there was an increase in training time and an especially large increase in peak RAM us-
age (training time = +00:35:41, peak RAM = +9.62GB). MobileNetV2-gcForestCS slightly
outperformed MobileNetV2 (OA = +0.79%, WF1 = +0.008) at the expense of longer train-
ing time and a much higher peak RAM usage (training time = +00:14:23, peak RAM =
+7.16GB). Overall, DenseNet201 and DenseNet201-gcForestCS outperform MobileNetV2
and MobileNetV2-gcForestCS respectively, each at the cost of longer training time and higher
peak RAM usage.
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5.2 Discussion

With the results being outlined in the previous section, this section will discuss these results
in relation to each research question. The sub-research objectives will be discussed first, after
which the main research question – whether CNN-gcForestCS is a viable alternative to deep
learning for this problem – will be discussed.

1. What is the effect of class balance on the performance of CNN-gcForestCS?

CNN-gcForestCS model combination groups trained on balanced data showed a min-
imal difference in average model performance compared to being trained on imbal-
anced training data, which is surprising given that accounting for class imbalance
would have been expected to improve the generalisability of tree-based ensembling
methods as indicated by Batista, Prati, and Monard (2004) and Yuan and Zhao (2019).
Possible explanations for this may include that there was an overrepresentation of
majority classes in the test set, or that the downsampling of majority classes in the
protocol followed during training set class balancing may have led to a reduction in
variation that could be modelled during training.

For the two deep transfer learning models, there was a decrease in test performance as
a result of class balancing. Based on Japkowicz and Stephen (2002) and Liu and Wang
(2021), this is unexpected given that addressing class imbalance typically improves
deep learning model generalisability in general and for plant leaf disease classifica-
tion tasks. This finding helps to support the case that downsampling of the majority
classes is likely the reason for the reduction in model generalisability seen. It should
be noted that only upsampling the under-represented classes was not considered in
this research due to time and resource constraints.

Upon stratifying the CNN-gcForestCS model combination groupings based on whether
their feature extractor had been fine-tuned, there is a reduction in the average perfor-
mance of the fine-tuned DenseNet201-gcForestCS model combination when balanced
training data was used. This may be due to premature confidence screening in the
cascade forest module, indicating that certain observations that may have required
further processing were predicted too early by the gcForestCS classifier. This is sup-
ported by the reduction in training times for DenseNet201-gcForestCS, which did not
occur for the MobileNetV2-gcForestCS model combination grouping. This may indi-
cate that the MobileNetV2 transfer learning model is more robust to the effects of class
balancing compared to DenseNet201 which was also reflected in the difference in per-
formance of the DenseNet201-gcForestCS model combinations based on class balance.

2. What is the effect of CNN feature extraction, and feature map size, on the perfor-
mance of gcForestCS?

With regards to applying CNN feature extraction before training a gcForestCS clas-
sifier, the improvement in model performance over using the raw resized images is
likely due to the more specific spatial information captured between important im-
age features by feature maps, as well as the reduction in width and height of inputs
provided by the feature maps. Images with low dimensionality produced high im-
age classification performance in both the original gcForest implementation paper by
Zhou and Feng (2017) and the gcForestCS implementation by Pang et al. (2018), and
therefore this result was to be expected.
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Furthermore, smaller feature map sizes are extracted from deeper within the trans-
fer learning networks used, allowing for more refining of spatial feature relation-
ships across multiple convolution steps. This notion is further supported by the find-
ings that DenseNet201-gcForestCS generalises better than MobileNetV2-gcForestCS,
as DenseNet201 is a deeper transfer learning architecture than MobileNetV2. Deeper
learning architectures may lead to more pertinent features being extracted during con-
volution – however, as outlined in Krizhevsky, Sutskever, and Hinton (2012), Rus-
sakovsky et al. (2015), and Shen, Wu, and Suk (2017), this is dependent on factors
regarding dataset size which has also been an issue with regards to plant leaf disease
detection applications specifically (Liu and Wang 2021). However, it is important to
note that the number of channels for each feature map size was greater in DenseNet201
than in MobileNetV2. This may have allowed for DenseNet201-gcForestCS models to
be trained on more information than MobileNetV2-gcForestCS for each feature map
size as well, in addition to a deeper CNN feature extractor being used.

The reduction in training times and peak RAM usage when feature map height and
width reduce is to be expected because the process of instance generation at the be-
ginning of multi-grained scanning is the most memory-intensive part of the gcForest
algorithm (Zhou and Feng 2017). When image height and width is large, many more
instances are created before multi-grained scanning when compared to smaller input
sizes provided by feature maps.

3. What is the effect of CNN feature extractor fine-tuning on the performance of CNN-
gcForestCS?

The effect of fine-tuning convolutional module weights of the transfer learning models
on the training set showed an improvement in CNN-gcForestCS model performance
over using the default ImageNet weights. This was to be expected given that trans-
fer learning models with ImageNet weights tend to generalise well for majority of
image-based processing tasks but to allow for more domain-specific variation to be
captured by the models, fine-tuning of later convolutional layers needs to occur (Shin
et al. 2016).

The better test performance of DenseNet201-gcForestCS compared to MobileNetV2-
gcForestCS may be due to the deeper learning that occurs in DenseNet201, as well as
the fact that a larger proportion of the convolutional module in DenseNet201 (92.79%)
was fine-tuned than in MobileNetV2 (79.87%) which may have allowed the DenseNet201
architecture to generalise better than MobileNetV2. The deeper learning that occurs in
DenseNet201 is also reflected in the longer training time and higher peak RAM usage
than MobileNetV2 which is due to the larger number of trainable model parameters
and layers which need to be stored in memory and updated during training (Huang
et al. 2017).

Taking a closer look at the fine-tuning process for both DenseNet201 (Figure 5.3) and
MobileNetV2 (Figure 5.4) shows that the fine-tuning process for both CNN backbones
led to successful loss function convergence during training, and an improvement in
deep learning model generalisability to cassava leaf disease detection over using de-
fault ImageNet weights. There was a sharp drop in performance in the training of
DenseNet201 around the 90th epoch, but given that a callback to restore the epoch
that produced the best weights was specified, this had no effect on the final model’s
test performance.
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(A) Loss (B) Validation accuracy

FIGURE 5.3: Deep learning training graphs for best DenseNet201 model com-
bination

(A) Loss (B) Validation accuracy

FIGURE 5.4: Deep learning training graphs for best MobileNetV2 model com-
bination

As alluded to earlier, CNN-gcForestCS model performance improves as feature map
size reduces. For each feature map size, fine-tuning led to an improvement in test per-
formance, with the largest improvement for DenseNet201-gcForestCS coming from
using 14×14 feature maps over 28×28 feature maps. This improvement is likely due
to the increase in the number of input matrix elements that occurs when going from
28×28×56 to 14×14×896, allowing the model to be trained on more information for
each training image, as well as 14×14×896 being a candidate layer found deeper
within the network, allowing for greater refinement of spatial relationships by the
CNN feature extractor. As for MobileNetV2-gcForestCS, where the largest improve-
ment in performance came from using 7×7 over 14×14 feature maps, it was also likely
the case that the improvement in CNN-gcForestCS came from extracting feature maps
from later convolutional layers.

4. What is the effect of adding a pooling step after multi-grained scanning on perfor-
mance of CNN-gcForestCS?

The addition of a pooling step after multi-grained scanning (2×2 sliding window,
stride 1, average pooling), which is based on the idea of pooling layers used in CNN
convolutional modules, showed a negligible change in CNN-gcForestCS model per-
formance. This is possibly due to the small-scale dimensionality reduction that oc-
curred when applying pooling to the best CNN-gcForestCS model combinations that
extracted 7×7 feature maps. It is therefore potentially the case that pooling may have
more of an effect on test performance when larger feature map sizes are used – how-
ever, this is conjecture given the lack of findings in this research project to support
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this claim, and therefore future work should look into investigating the application of
multi-grained scanning pooling when larger feature map sizes are used during CNN
feature extraction.

The results also indicate that there was a slight improvement in model performance
when pooling was applied during DenseNet201-gcForestCS training, while this was
not the case for MobileNetV2-gcForestCS. This may indicate that the benefits of pool-
ing only become noticeable when there are more elements present in the feature maps,
as there were more channels in the DenseNet201-gcForestCS 7×7 feature maps than in
the MobileNetV2-gcForestCS 7×7 feature maps. The reduction in training time, while
peak RAM usage remained constant, was to be expected as the majority of memory
usage comes from the formation of instances which occurs before pooling is applied
(Zhou and Feng 2017). Reducing the size of outputs from multi-grained scanning via
pooling seemed to allow for quicker training of forests in each level of the cascade
forest module, yielding a reduction in training time.

5. What is the effect of training set curation on the performance of CNN-gcForestCS?

The reduction in the test performance of the deep learning and CNN-gcForestCS model
combinations when training set curation occurred may indicate that the inclusion of
images with poor focus/exposure on leaves does not affect training data quality as
much as anticipated, and including them seems to allow models to improve their gen-
eralisation to unseen data. This is likely indicative of the challenge associated with
striking a balance between training data quality and quantity, which affects deep learn-
ing generalisability as outlined by Najafabadi et al. (2015) and Sarker (2021).

The reduction in test performance of DenseNet201-gcForestCS and not MobileNetV2-
gcForestCS may indicate, as alluded to earlier, that MobileNetV2 is less sensitive to
changes in the training set due to its shallower learning architecture as compared to
DenseNet201, which then affects the training of the associated gcForestCS classifiers
after CNN feature extraction.

6. Is CNN-gcForestCS a viable alternative to deep learning?

The results indicate that CNN-gcForestCS achieves similar performance to deep learn-
ing. DenseNet201-gcForestCS performs marginally worse than DenseNet201, whereas
MobileNetV2-gcForestCS performs marginally better than MobileNetV2. These re-
sults may indicate that CNN-gcForestCS outperforms deep learning when shallower
deep transfer learning models are employed (MobileNetV2) – this is corroborated by
previous work which compared CNN-gcForest to deep transfer learning for an image
classification task (Boualleg, Farah, and Farah 2019) – while deeper learning archi-
tectures (DenseNet201) seem to outperform CNN-gcForestCS. However, based on the
findings in this dissertation and given that coupling CNN feature extraction and deep
forest is a relatively new methodology with few past applications, there is little evi-
dence to substantiate this claim.

When comparing the training times and peak RAM usage of the best CNN-gcForestCS
models to deep learning, the latter requires shorter training time and lower memory
usage than CNN-gcForestCS. This is due to CNNs being able to train on GPU hard-
ware with mini-batch processing during training which gcForestCS is unable to do.
The higher training time of CNN-gcForestCS is reflected by the best CNN-gcForestCS
models requiring fine-tuning of the CNN feature extractors before CNN-gcForestCS
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training, which constitutes almost all of the training time of the deep learning mod-
els. The higher peak RAM usage of CNN-gcForestCS is due to the full training set
needing to be loaded into memory before training a gcForestCS classifier. Fitting
CNN-gcForestCS models to the cassava leaf dataset used in this dissertation required
∼16GB of RAM, indicating that this methodology is not suitable for lower-resource en-
vironments. Deep learning within this research project and in previous benchmarking
papers (as outlined in Chapter 2) allowed for more efficient usage of computational
resources than CNN-gcForestCS while producing similar or better performance.

(A) DenseNet201 (B) DenseNet201-gcForestCS

FIGURE 5.5: Comparison of best model combination test confusion matrices
produced from deep learning and CNN-gcForestCS for DenseNet201 back-

bone

(A) MobileNetV2 (B) MobileNetV2-gcForestCS

FIGURE 5.6: Comparison of best model combination test confusion matrices
produced from deep learning and CNN-gcForestCS for MobileNetV2 back-

bone

Figures 5.5 and 5.6 provide a more in-depth comparison of test performance between
the best CNN-gcForestCS model and its deep learning equivalent for each CNN back-
bone. For DenseNet201, there are slightly more correct classifications across all classes
except for the CMD class when compared to the best DenseNet201-gcForestCS model,
whilst for MobileNetV2 there was a slight improvement in the number of correct clas-
sifications across the CBB, CBSD and Healthy classes for MobileNetV2-gcForestCS as
compared to its deep learning equivalent. This possibly indicates that MobileNetV2-
gcForestCS is better able to classify minority classes in unseen data than MobileNetV2.
Overall, it remains inconclusive as to whether CNN-gcForestCS is a viable alternative
to deep learning given the similar performance to deep learning and its high compu-
tational cost during training.
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Although many confounding factors were accounted for, this analysis was not devoid of lim-
itations. When choosing candidate convolutional layers, the best matching feature map sizes
from each transfer learning network were chosen for each CNN-gcForestCS model combina-
tion. However, the DenseNet201 feature maps had more channels than MobileNetV2 feature
maps, allowing DenseNet201-gcForestCS models to be trained on more information than
MobileNetV2-gcForestCS models. This may have accounted for the improved DenseNet201-
gcForestCS model performance compared to MobileNetV2-gcForestCS. As outlined in the
limitations associated with the dataset labels in Chapter 3, some plants can have co-infection
which may lead to multiple disease symptoms being presented, yet only one label is given
to an image based on the most prevalent disease type present. Anomalies in the training im-
ages were also included which may have led to models learning to distinguish classes based
on whether an anomaly associated with a class label was present instead of the difference in
leaf symptoms associated with disease types. This indicates that future work on training set
curation may need to account for these anomalies but it is speculative as to whether these
anomalies will have any effect on model generalisability.

The above chapter provided a detailed analysis of the results achieved in this research
project in relation to each of the research questions. The final chapter, Chapter 6, will as-
sess the achievement of these research objectives, provide considerations for future work,
and summarise the work contained within this dissertation.
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Chapter 6

Conclusions

The conclusions drawn for each research question are outlined below based on the findings
in Chapter 5. Considerations for future research to account for the limitations found in this
analysis are provided, after which final remarks will be presented.

6.1 Answers to research questions

1. What is the effect of class balance on the performance of CNN-gcForestCS?

Addressing class imbalance in the training set led to a negligible change in gcForestCS,
CNN and CNN-gcForestCS model performance. This indicates that the effect of class
balance on CNN-gcForestCS performance, which was expected to affect model perfor-
mance, was minimal.

2. What is the effect of CNN feature extraction, and feature map size, on the perfor-
mance of gcForestCS?

Applying CNN feature extraction significantly improves model performance of gc-
ForestCS across both CNN transfer learning backbones used when compared to train-
ing a gcForestCS classifier on raw resized images. Smaller feature map sizes lead to
better model performance while reducing training times and peak RAM usage. Over-
all, DenseNet201-gcForestCS outperformed MobileNetV2-gcForestCS across all fea-
ture map sizes.

3. What is the effect of CNN feature extractor fine-tuning on the performance of CNN-
gcForestCS?

Fine-tuning the latter part of the convolutional modules of DenseNet201 and Mo-
bileNetV2 led to an improvement in CNN-gcForestCS model performance. This was
also reflected when models were grouped based on feature map size where there was
an improvement in model performance as smaller feature map sizes were used.

4. What is the effect of adding a pooling step after multi-grained scanning on perfor-
mance of CNN-gcForestCS?

The addition of a pooling step after multi-grained scanning showed a negligible change
in CNN-gcForestCS model performance. However, the small feature map sizes of the
CNN-gcForestCS models where pooling was applied indicate that the benefits of di-
mensionality reduction would have been minimal, and therefore the benefits of pool-
ing might only be realised if applied to larger feature map sizes.
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5. What is the effect of training set curation on the performance of CNN-gcForestCS?

It was expected that CNN-gcForestCS model performance would improve as a result
of training set curation. However, worse performance was observed, with the dif-
ference between DenseNet201 and DenseNet201-gcForestCS being greater than Mo-
bileNetV2 and MobileNetV2-gcForestCS. This indicates that poor focus/exposure had
less effect on training data quality, and therefore model generalisability, than was ini-
tially thought.

6. Is CNN-gcForestCS a viable alternative to deep learning?

The best DenseNet201 model combination outperforms the best DenseNet201-gcForestCS
model combination, while the best MobileNetV2-gcForestCS model combination out-
performs the best MobileNetV2 model combination. However, the slight improve-
ment in MobileNetV2-gcForestCS model performance over MobileNetV2 comes at the
cost of longer training time and peak memory usage. CNN-gcForestCS may present
a competitive alternative performance to deep learning for cassava leaf disease detec-
tion, but based on the results produced in this research project, it is unclear whether
CNN-gcForestCS is an improvement over CNNs and justifies the additional computa-
tional cost during training.

6.2 Considerations for future research

To account for the limitations associated with this research, future work on similar applica-
tions could look into investigating the following:

• The use of U-Net image segmentation pre-processing steps before modelling, which
would allow for anomalies and background noise to be removed.

• The use of different early stopping criteria for the cascade forest classifier when de-
termining the addition of layers, i.e. using validation F-score instead of validation
accuracy as loss function.

• Following a different protocol during class balancing than that used in this analysis
where no downsampling of majority classes needs to occur.

• Using different CNN backbones for feature extraction that also performed well for
cassava leaf disease detection (such as EfficientNetB4 or ResNet).

• Applying pooling steps after multi-grained scanning to feature maps larger than 7×7.

6.3 Summary

The central aim of the above dissertation was to challenge the popular usage of deep learn-
ing for image classification tasks in plant disease detection. An investigation of each research
question was thoroughly carried out, with results showing that class balance, the addition
of a pooling step after multi-grained scanning, and training models on curated training data
lead to minimal changes in model generalisability, whereas including CNN feature extrac-
tion, and particularly fine-tuned feature extractors, before training a gcForestCS classifier
led to improvements in gcForestCS model performance on the test set.
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Deep learning still remains a highly effective and efficient statistical learning methodology
for cassava disease detection. The initial claim of gcForestCS needing lower resource re-
quirements than deep learning during training was unfounded in this work; deep learn-
ing required less memory and training time while producing similar performance to CNN-
gcForestCS. CNN-gcForestCS might present a viable alternative to traditional deep learning
– however, it is inconclusive as to whether CNN-gcForestCS methodology offers an im-
provement over standard deep transfer learning approaches, and therefore further investi-
gation will be required to better determine whether this is the case.
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Appendix A

Optimal Hyperparameter Settings

Model Combination Number of trees (MGS) Number of trees (CF) Pooling after MGS?
1 50 50 False
2 50 100 False
3 100 50 False
4 100 100 False
5 100 50 False
6 100 100 False
7 100 100 False
8 100 100 False
9 100 100 False
10 50 100 False
11 100 50 False
12 100 100 False
13 50 100 False
14 100 100 False
19 100 100 False
20 100 50 False
21 50 100 False
22 100 100 False
23 100 50 False
24 50 100 False
25 100 100 False
26 100 100 False
27 50 50 False
28 100 100 False
29 100 100 False
30 50 100 False
31 100 50 True
32 50 50 False
35 100 50 False
36 50 100 True
37 100 50 False
38 50 50 True

TABLE A.1: Optimal hyperparameter settings for gcForestCS and CNN-
gcForestCS model combinations
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Model combination Dropout rate Optimiser Learning rate
15 0.75 Adam 0.0001
16 0.75 Adam 0.0001
17 0.25 SGD 0.01
18 0.25 Adam 0.0001
33 0.75 Adam 0.0001
34 0.25 SGD 0.01

TABLE A.2: Optimal hyperparameter settings for deep learning model com-
binations
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Appendix B

Training Times & Peak RAM usage

Model Combination Offline Data Augmentation (s) CNN Fine-tuning (s) CNN Feature Extraction (s) gcForestCS (s) Total (HH:MM:SS)
1 - - - 61887.20 17:11:27
2 14.16 - - 47857.87 13:17:52
3 - - 50.25 11571.71 03:13:42
4 - - 93.02 3329.05 00:57:02
5 - - 112.74 933.20 00:17:26
6 14.16 - 52.57 11745.00 03:16:52
7 14.16 - 106.87 3856.31 01:06:17
8 14.16 - 109.34 1080.71 00:20:04
9 - - 17.41 9417.30 02:37:15
10 - - 22.74 1606.06 00:27:09
11 - - 22.72 666.91 00:11:30
12 14.16 - 18.12 8350.47 02:19:43
13 14.16 - 25.58 1530.83 00:26:11
14 14.16 - 25.51 864.02 00:15:04
15 - 4867.02 - - 01:21:07
16 14.16 5091.25 - - 01:25:05
17 - 2142.71 - - 00:35:43
18 14.16 2458.18 - - 00:41:12
19 - 4867.02 47.59 13008.08 04:58:43
20 - 4867.02 88.77 3460.87 02:20:17
21 - 4867.02 107.63 3271.81 02:17:26
22 14.16 5091.25 46.38 9801.31 04:09:13
23 14.16 5091.25 95.21 2848.91 02:14:10
24 14.16 5091.25 109.79 912.34 01:42:08
25 - 2142.71 18.36 8889.32 03:04:10
26 - 2142.71 22.48 2703.93 01:21:09
27 - 2142.71 22.83 840.22 00:50:06
28 14.16 2458.18 18.99 10039.37 03:28:51
29 14.16 2458.18 24.70 2282.93 01:19:40
30 14.16 2458.18 24.40 900.82 00:56:38
31 - 4867.02 101.51 2039.76 01:56:48
32 - 2142.71 22.43 849.78 00:50:15
33 - 4144.76 - - 01:09:05
34 - 1796.93 - - 00:29:57
35 - 4144.76 96.94 1350.49 01:33:12
36 - 4144.76 100.96 883.94 01:25:30
37 - 1796.93 22.02 697.16 00:41:56
38 - 1796.93 21.67 653.19 00:41:12

TABLE B.1: Training Time of components in model combinations 1-38
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Model Combination Offline Data Augmentation (MB) CNN Fine-tuning (MB) CNN Feature Extraction (MB) gcForestCS (MB) Max Memory Usage (GB)
1 - - - 125973.19 125.97
2 10838.3 - - 134596.38 134.6
3 - - 4543.15 93936.79 93.94
4 - - 3977.81 45316.19 45.32
5 - - 2134.75 13427.75 13.43
6 10838.3 - 4819.32 99647.35 99.65
7 10838.3 - 4219.45 48071.03 48.07
8 10838.3 - 2264.21 14244.05 14.24
9 - - 3407.46 70480.49 70.48
10 - - 2556.56 29138.48 29.14
11 - - 1421.69 8953.48 8.95
12 10838.3 - 3614.60 74765.04 74.77
13 10838.3 - 2711.91 30909.89 30.91
14 10838.3 - 1507.99 9497.75 10.84
15 - 3809.68 - - 3.81
16 10838.3 4324.74 - - 10.84
17 - 1879.03 - - 1.88
18 10838.3 1879.82 - - 10.84
19 - 3809.68 4543.27 93936.78 93.94
20 - 3809.68 3978.37 45316.17 45.32
21 - 3809.68 2135.59 13427.10 13.43
22 10838.3 4324.74 4819.45 99647.38 99.65
23 10838.3 4324.74 4220.02 48071.04 48.07
24 10838.3 4324.74 2265.05 14243.42 14.24
25 - 1879.03 3407.53 70480.48 70.48
26 - 1879.03 2556.70 29139.47 29.14
27 - 1879.03 1421.88 8957.23 8.96
28 10838.3 1879.82 3614.66 74765.09 74.77
29 10838.3 1879.82 2712.05 30910.83 30.91
30 10838.3 1879.82 1508.18 9497.14 10.84
31 - 3809.68 2135.60 13427.73 13.43
32 - 1879.03 1421.88 8953.52 8.95
33 - 3837.31 - - 3.84
34 - 1882.71 - - 1.88
35 - 3837.31 2027.59 12746.79 12.75
36 - 3837.31 2027.59 12751.04 12.75
37 - 1882.71 1349.87 8503.58 8.5
38 - 1882.71 1349.87 8503.59 8.5

TABLE B.2: Training peak RAM usage of components in model combinations
1-38
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Appendix C

Test Prediction Times & Peak RAM
Usage

Model Combination CNN feature extraction (s) FCN classification (s) gcForestCS classification (s) Total (s) Total (HH:MM:SS)
1 - - 835.28 835.28 00:13:55
2 - - 829.83 829.83 00:13:50
3 15.93 - 102.75 118.68 00:01:59
4 29.02 - 102.08 131.11 00:02:11
5 33.99 - 146.26 180.25 00:03:00
6 15.68 - 124.64 140.32 00:02:20
7 30.53 - 104.65 135.18 00:02:15
8 30.01 - 132.07 162.08 00:02:42
9 5.06 - 125.65 130.71 00:02:11
10 7.09 - 51.05 58.14 00:00:58
11 7.05 - 92.60 99.65 00:01:40
12 5.36 - 92.67 98.03 00:01:38
13 6.92 - 41.79 48.71 00:00:49
14 7.28 - 92.21 99.49 00:01:39
15 - 19.23 - 19.23 00:00:19
16 - 19.33 - 19.33 00:00:19
17 - 5.36 - 5.36 00:00:05
18 - 5.08 - 5.08 00:00:05
19 15.08 - 190.43 205.50 00:03:26
20 25.99 - 120.98 146.97 00:02:27
21 32.67 - 287.06 319.72 00:05:20
22 14.17 - 137.20 151.37 00:02:31
23 25.99 - 103.82 129.81 00:02:10
24 31.57 - 148.11 179.68 00:03:00
25 5.81 - 107.89 113.69 00:01:54
26 7.08 - 57.28 64.37 00:01:04
27 7.49 - 96.96 104.45 00:01:44
28 5.69 - 92.76 98.45 00:01:38
29 6.88 - 54.48 61.36 00:01:01
30 6.59 - 102.86 109.45 00:01:49
31 31.57 - 184.83 216.40 00:03:36
32 6.65 - 91.68 98.32 00:01:38
33 - 19.51 - 19.51 00:00:20
34 - 7.56 - 7.56 00:00:08
35 29.14 - 164.17 193.31 00:03:13
36 31.17 - 156.62 187.79 00:03:08
37 6.57 - 98.85 105.42 00:01:45
38 6.42 - 68.88 75.30 00:01:15

TABLE C.1: Breakdown of test prediction execution times for each component
in model combinations 1-38
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Model Combination CNN Feature Extraction (MB) FCN classification (MB) gcForestCS classification (MB) Max memory usage (GB)
1 - - 35634.86 35.63
2 - - 35634.84 35.63
3 1513.33 - 24495.80 24.5
4 1324.17 - 11933.33 11.93
5 709.39 - 3608.74 3.61
6 1513.34 - 24495.79 24.5
7 1324.19 - 11933.92 11.93
8 709.40 - 3608.58 3.61
9 1135.01 - 18395.15 18.4
10 851.26 - 7677.46 7.68
11 472.94 - 2407.00 2.41
12 1135.03 - 18395.37 18.4
13 851.28 - 7677.46 7.68
14 472.95 - 2407.06 2.41
15 - 5111.31 - 5.11
16 - 5124.86 - 5.12
17 - 0.00 - 0
18 - 0.00 - 0
19 1513.33 - 24495.75 24.5
20 1324.17 - 11933.74 11.93
21 709.39 - 3608.80 3.61
22 1513.34 - 24492.97 24.49
23 1324.19 - 11933.75 11.93
24 709.40 - 3608.60 3.61
25 1135.00 - 18391.53 18.39
26 851.26 - 7677.45 7.68
27 472.93 - 2407.17 2.41
28 1135.01 - 18395.30 18.4
29 851.28 - 7677.75 7.68
30 472.95 - 2406.96 2.41
31 709.39 - 3608.75 3.61
32 472.93 - 2406.97 2.41
33 - 5124.86 - 5.12
34 - 2134.92 - 2.13
35 709.39 - 3608.58 3.61
36 709.39 - 3608.82 3.61
37 472.93 - 2406.81 2.41
38 472.93 - 2406.95 2.41

TABLE C.2: Breakdown of test prediction peak RAM usage for each compo-
nent in model combinations 1-38
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Appendix D

Code

The GitHub repository containing the scripts and notebooks developed within this disser-
tation can be accessed via this link.

https://github.com/liamcarew/cassava-leaf-disease-classification
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