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Abstract

The aim of this thesis is to develop a method for determining pineapple fruit size from images.

This was achieved by first detecting pineapples in each image using Mask Region-based

Convolutional Neural Network (Mask R-CNN) and then extracting the pixel diameter and

length measurements, and the projected areas, from the detected mask outputs. Various Mask

R-CNNs were considered for the task of pineapple detection. The best-performing detector

made use of MS COCO starting weights, a ResNet50 CNN backbone, and horizontal flipping

data augmentation during the training process. This model (Model 4: COCO Fliplr Res50)

achieved an average precision of 91.4% on the validation set and an average precision of 90.1%

on the test set, and was used to predict masks for an unseen dataset containing images of

pre-measured pineapples. The distributions of measurements extracted from the detected

masks were compared to those of the manual measurements using two-sample Z-tests and

Kolmogorov–Smirnov (KS) tests. There was sufficient similarity between the distributions,

and it was therefore established that the reported method is appropriate for pineapple size

determination in this context. All the data and code is available in a GitHub repository for

reproducible research.

i

https://github.com/Jess-cah/measure-pineapple
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Chapter 1

Introduction

This chapter gives a brief overview of the need for representative fruit size data in the Eastern

Cape pineapple juicing industry, outlines the research objectives, and describes the structure

of this work.

1.1 Background

In the Eastern Cape of South Africa, the Smooth Cayenne pineapple cultivar is primarily

grown for juicing purposes, with the juice being sold as a concentrated product with a pre-

scribed sugar content. Fruit can be harvested from a pineapple plant twice in a five-year

period, but planting is staggered to ensure the fruit can be harvested for at least 10 months

of the year, from March to mid-December. In the context of the juicing industry, pineapples

that are most suitable for processing are characterised by a high sugar content and a low

ratio of peel to fruit. This work focuses on the latter feature.

Pineapples of all sizes are accepted at the juicing factory. However, a comprehensive

study on the relationship between fruit size and juice yields has not been undertaken due to

a lack of representative fruit size data. Currently, size measurements are acquired by taking

several pineapples from each 30-ton truck load and physically cutting and measuring each

fruit to obtain its diameter, length, and weight. As this is a destructive process, the number

of pineapples measured in this way has been kept quite small to avoid negatively impacting

the factory’s output. Furthermore, this also means that the sample size has been too small

to be truly representative of the population.

1



CHAPTER 1. INTRODUCTION 2

Theoretically, larger pineapples should have a higher juice yield because a smaller propor-

tion of the fruit is comprised of peel, which is removed in the first step of processing. Once

the relationship between size and yield has been fully established, the factory will be better

positioned to incentivise the delivery of the most appropriately sized fruit. That is, instead

of paying growers solely based on the weight of fruit delivered, a factor relating to fruit size

could also be included in the pricing scheme. However, if payment is to be affected by fruit

size, it is imperative that the fruit sampled for sizing is representative of all fruit delivered.

Hence, this project aims to develop a non-destructive size determination approach that will

enable future developments in yield- and revenue-optimisation.

1.2 Research objectives

There is a growing use of computer vision in the fields of agriculture and Agri-processing.

The main goal of this research is to demonstrate how an object detector based on convolu-

tional neural networks (CNNs) can be utilized in the non-destructive size determination of

pineapples. In order to achieve this, this project aims to:

• review previous methods used in object detection and image segmentation, particularly

in fruit industries,

• use object detection algorithms to identify fruit entering the factory,

• extract the size of the detected pineapples and determine whether the detected sizes

are a true representation of the actual measurements acquired by traditional methods.
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1.3 Structure of dissertation

This document comprises seven chapters, including the current introductory chapter. Chapter

2 gives some background on size determination in fruit industries, describing the need for

size determination and exploring different approaches. The topic of fruit detection is also

addressed briefly. Chapter 3 then goes on to describe the theory of convolutional neural

networks, while Chapter 4 describes the modifications made to CNNs that allow them to

be used for object detection. Chapter 5, Methodology, details the data collection process

and provides further information on the preparation and annotation of the data set before

detailing the practical implementation of the computer vision models for pineapple detection

and size determination. It gives details regarding the software implementation, network

architectures and the size determination approach employed in this work. Chapter 6 then

presents the results and compares the performance of the different models employed. The

validity of the size determination approach is also interrogated. Finally, Chapter 7 summarises

the findings of the research, outlines the limitations of the work, and identifies areas for future

work.



Chapter 2

Size determination and object

detection of fruits

This first section of this chapter explains the interest in size determination in fruit industries

and explores various reasons why it is necessary. Section 2.2 then goes on to discuss factors

affecting fruit size before Section 2.3 reviews electronic systems used in the determination of

fruit and vegetable size. Finally, Section 2.4 reports on several methods that have been used

for fruit detection.

2.1 Interest in size determination

Fruit size is described by weight, or by some dimensional parameter such as length, diameter,

volume, circumference, projected area, or some combination of these [1, 2]. In-field size

determination allows for yield prediction [3, 4] and can be used as a parameter in predicting

optimum harvest time [2]. However, there is also a need for size determination postharvest.

Postharvest size determination is important in several contexts, such as sorting fresh market

fruits into size groups for packaging purposes, and for assigning prices [2]. Uniform size is

required by several regulatory boards for fresh pineapple sales, for example [5, 6]. It has been

shown that homogeneity, as well as appearance of the packaged fruit, can have a significant

effect on a consumer decision in fresh fruit sales [1]. Postharvest size determination is also

used to sort fruit into size groups prior to processing. Extractors in citrus juice plants, for

example, are generally designed for a given fruit size [2].

In the context of this work, size determination is not linked to any sorting activity, as

4



CHAPTER 2. SIZE DETERMINATION AND OBJECT DETECTION OF FRUITS 5

all fruits are homogenised in the juicing process. However, the first processing step involves

peeling of the pineapples and it should be noted that the peelers remove a set width of peel

from each pineapple, regardless of fruit size. Theoretically, this means that there will be more

wastage with small fruits, as a larger percentage of the fruit is removed by the peeler. Hence,

larger pineapple fruits with a lower ratio of peel to flesh are expected to have a higher juice

yield per kilogram of fruit. In the context of this work, size determination is a necessary step

towards being able to quantify the relationship between fruit size and juice yield.

2.2 Factors impacting fruit size

Collecting representative fruit size data is beneficial not only to the juicing factory but to

the pineapple growers as well. Access to representative fruit size data means that farmers

will be able to better assess their crop management practises. Fruit size is influenced by

genetics, growing conditions, and the stage of growth [7]. The growing conditions include a

wide variety of factors including soil type and mineral nutrition, plant population or planting

density, water availability, pest management, as well as growing temperature and irradiance

[7]. It has been shown that pineapple cultivars show significant variation in their plant growth

and fruit size when grown in different environments [8].

Soil type, soil fertility and water content are factors affecting fruit size [9]. For example,

the pH of the soil, which indicates its acidity or alkalinity, determines whether the minerals

in the soil are available to the plants for uptake [7]. Fertilization is one farming practise

that can be used to improve the quality of the soil, making more nutrients available for plant

growth and fruit production [7]. In pineapple crops, nitrogen has been shown to be essential

to the increase of fruit size and total yield [10]. Pineapples can be grown in areas of low to

moderate rainfall (500–2000 mm/year) without irrigation [11] and tend to be grown on ridges

to prevent standing water in the root region, which can hamper plant growth.

The spacing of pineapple plants, the planting density, has been shown to affect the average

fruit weight and yield per unit area [8]. Although high planting density tends to result in an

increase in total yield, it also leads to a decrease in the average fruit size [8, 10, 12]. Fruit

weight is significantly correlated with the mean irradiance between planting and harvest [8].

Hence, if plants receive less sunlight due to mutual shading in areas of high planting density,

they will tend to produce smaller fruit [8]. The orientation of a field will also affect the mean

irradiance: plants grown on a north-facing slope (in the Southern hemisphere) will receive

more sunlight and will tend to produce larger fruit.
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The presence of insects and mites, diseases, and weeds may reduce fruit quality and

impact fruit size [7]. Pests may infect plants with diseases resulting in smaller fruit [11]. The

first production cycle of pineapples is referred to as the plant crop. After the plant crop has

been harvested, vegetative suckers are produced by the parent plant. The crop that results

from these suckers is referred to as the ratoon crop. Ratoon crop cycles are only possible if

the effects of pests such as mealybugs and nematodes are limited [11]. Furthermore, weeds

can cause serious crop losses. In Guinea, an unweeded pineapple crop was shown to produce

fruit with an average size equal to half of that produced by a similar crop with good weed

control [8].

2.3 Systems for determination of fruit size

Electronic sizers have now almost completely replaced mechanical sizers [2]. Electronic sys-

tems for determination of fruit size may be based on measuring volume of gap between fruit

and an outer casing, time of flight (TOF) systems that measure the time for light to pass

between the light source and the fruit, or on blocking of light, in which case a light source and

photodiode receiver are placed on either side of conveyor [2]. In recent years, there has been

an increased interest in the use of machine vision approaches in fruit industries [13]. This

work will focus on the use of machine vision systems for fruit detection and measurement,

particularly those making use of convolutional neural networks (CNNs).

Machine vision systems may either be two-dimensional or three-dimensional [2]. Two-

dimensional machine vision systems typically use digital cameras to take images of fruits

[14]. These images are then analysed, with the aim of extracting dimensional features such as

width, although there are several two-dimensional size measures that can be considered. The

typical axes used for fruit size and simple shape determination are the diameter and length

[2]. Projected area has also been used for classification into size groups [2]. When projected

area is used, it is necessary to know corresponding pixel size of the specific camera height

in order to determine the projected area of the actual fruit. In an example from the citrus

industry, once the boundary of a fruit was defined using edge detection, the fruit’s centroid

coordinates were calculated. The distance between each boundary pixel and the centroid was

then calculated and the length of the fruit was found by identifying the maximum distance,

while the width was found by passing through the centroid, perpendicular to the first axis.

This algorithm has the advantage of being independent of fruit orientation [2].

Three-dimensional machine vision systems aim to address the lack of information about

height or depth in two-dimensional images [14]. Three-dimensional techniques can either be
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active or passive. Passive techniques rely on using 3D cues in images, such as shadows, to

estimate the shape of an object. Another passive technique is stereovision, which involves

using images of the same fruit from different perspectives [15]. With stereovision, it is neces-

sary for the corresponding images to have matching points – points on the object that can be

identified in both images. Identifying these matching points can be a time-intensive process.

Active techniques, on the other hand, involve projecting energy such as laser light onto the

surface of the object. If a plane of laser light is projected onto an object, the height can be

obtained from the distortions in the light, based on triangulation [2].

Three-dimensional machine vision techniques employ what are known as range images,

which are a collection of distance measurements between sensors and objects [2, 14]. In a

range image, each pixel represents the distance from the reference frame to a visible point

in the scene. An RGB-depth (RGB-D) camera can be used to collect both colour image and

depth image simultaneously [14].

2.4 Convolutional neural networks (CNNs) in fruit image pro-

cessing

Early fruit detection methods relied on static colour thresholds [16]. An example of this is

the citrus counting algorithm [17], which consisted of the following steps: converting RGB

image to HSV, thresholding, orange colour detection, noise removal, watershed segmentation,

and counting [17]. The reliance of these methods on a colour differential was alleviated by

using additional sensors, such as thermal or near infrared (NIR) [16]. While earlier computer

vision approaches required manual selection of features and static colour thresholds [16, 18,

13], CNNs do not require manual feature selection and are able to learn complex and high

dimensional features automatically – they only need to be given input images with associated

labels [13, 19]. While the theory of CNNs is discussed in detail in Chapter 3, some examples

of applications of CNNs in the agricultural sector are discussed below.

CNNs have been used in fruit image tasks that include classification, quality control and

detection [13, 19]. Classification tasks may involve identifying fruits or weeds [20], while

quality control tasks may involve identifying fruit defects or disease, for example [13, 20, 21].

Fruit detection tasks are particularly important in fruit counting for the purposes of yield

predictions or robotic harvesting [19, 20].

In 2015, Faster R-CNN [22] became the state-of-the-art object-detection method [16].

Faster R-CNN has been used for detection of apples, mangoes and almonds in an orchard
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setting [23], and of sweet pepper and rockmelon detection in a greenhouse environment [24].

Since then, there has been a marked increase in the number of articles based on CNNs for

fruit image processing [13]. An advantage of object-detection-based counting is that it does

not require additional counting algorithms. Instead, the detected instances are summed up to

give the fruit count [16]. This was further extended in 2017, when Mask R-CNN [25] allowed

for the identification of pixel-wise masks for each detected fruit in an image [13], allowing

for separation between fruit and background. Mask R-CNN has been used to detect oranges

[26] and strawberries [27] for automatic harvesting.



Chapter 3

Convolutional neural networks

The methods of fruit detection mentioned in Section 2.4 are based on convolutional neural

networks (CNNs). This chapter aims to give an overview of CNNs and the mechanisms in-

volved in each layer of the network. The Background section first introduces feature detection

in images and then goes on to explain the convolution operation and the rationale for using

it in deep learning applications. The different types of layers found in a convolutional neural

network are then described in the Structure section, along with important concepts associ-

ated with each type of layer. Finally, the Learning section gives an overview of the learning

algorithm used to find the weights of the trainable filters and discusses various optimisers

that could be employed.

3.1 Background

This work deals with image inputs. As such, images and image features are first discussed to

provide some background. Thereafter, the convolution operation, which is used to identify

features in an image, is explained.

3.1.1 Images and features

Colour images stored in red, green, blue (RGB) format are order 3 tensors. They have height

(H), width (W ) and 3 channels for R, G and B, respectively. Each channel is a H×W matrix

that contains the respective R, G or B values of all pixels [28]. This means that each pixel

represents the colour at a point in the image [29]. Greyscale images, on the other hand, are

9
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two-dimensional: they have height (H) and width (W ) but only have one channel containing

pixel values ranging from 0 (white) to 255 (black).

Image features may include brightness, colour or texture [30]. Another type of feature is

an edge, which represents a local discontinuity in image brightness [30, 31]. Features may

also be more complex and could comprise entire objects. In computer vision tasks, it is often

useful to know where different features occur in an image. Convolution, which is discussed in

detail in Section 3.1.2, can be used to construct feature maps, which indicate where certain

features appear in the input image [32]. These feature maps provide useful information and

can be converted to vector form and treated as nodes in a traditional neural network for the

purposes of image classification [33], a process which is described in more detail in Section

3.2.3.

3.1.2 The convolution operation

Convolutional neural networks (CNNs) are neural networks that use a convolution operation

instead of matrix multiplication in at least one layer [32]. CNNs works particularly well for

processing data with a grid-like topology, including images, time-series, audio and text data

[32], where the same feature needs to be detected in multiple places in the grid [34]. As

this work deals exclusively with image data, image-based examples will be used to illustrate

convolution in this chapter.

Convolution is a mathematical operation denoted with an asterisk (∗). The input is

usually a multidimensional array of data, and the filter is usually a multidimensional array

of parameters (weights) that are adapted by the learning algorithm [32]. Convolving a two-

dimensional input image (I) with a two-dimensional filter (F ) gives the following output

[29, 35]:

O(i, j) = (I ∗ F )(i, j) =
∑
m

∑
n

I(m,n)F (i−m, j − n) (3.1)

where i and j are the convolution output (O) indices and m and n are the input image

(I) indices. Discrete convolution is equivalent to performing a dot product between the filter

weights (F ) and the image values underneath the filter, centred at (i, j), to produce an (i, j)

value for O. Dot products measure similarity; a maximal value in the feature map is achieved

when the intensity pattern in the image’s pixel values match the weights in the filter. The

output is also referred to as a feature map, as it shows where certain features appear in the
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input [32]. As convolution is commutative, Eq. 3.1 can equivalently be written as [32]:

O(i, j) = (I ∗ F )(i, j) =
∑
m

∑
n

I(i−m, j − n)F (m,n) (3.2)

Equation 3.2 is usually preferred to Eq. 3.1 in machine learning implementations, as

there is less variation in the range of valid values of m and n [32]. In this case, the filter has

been flipped, along both the x- and y- axis, with respect to the input image. In practise,

however, many machine learning libraries use cross-correlation (Eq. 3.3), which is the same

as convolution but without flipping the filter, although it is still referred to as a convolution

operation.

O(i, j) = (I ∗ F )(i, j) =
∑
m

∑
n

I(i+m, j + n)F (m,n) (3.3)

Fig. 3.1 gives an example of the discrete convolution operation, using Eq. 3.3. To apply a

filter to an input image, the filter is placed on the image and the filter weights are multiplied

with the underlying image pixels. These are then summed, generating a single pixel value

for the output. The filter is then moved along to every valid position within the image and

the process is repeated at each step, generating a feature map. The region that is covered

by the filter at each instance of the convolution operation is called the receptive field [32].

While filter weights can be hand-picked, they can also be treated as a matrix of parameters,

which can be learnt using back propagation. Filters in earlier layers learn simple features,

such as edge detectors, while filters in deeper layers learn increasingly complex patterns and

features [36, 37]. In earlier levels, the receptive field is comprised of a small collection of

pixels, whereas deeper layers have larger receptive fields and can pick up on patterns and

features that extend over greater spatial regions.
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Figure 3.1: Illustration of convolution operation in 2-D. Top shows a 3×3 image
input and a 2 × 2 filter, together with the feature map output. Bottom shows the
filter being shifted to all positions where the filter lies entirely within the image.
In each position, the product is computed between the filter and input and these
products are then summed together to get a single number, as shown in the output
above.
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Convolution leverages sparse connections and parameter sharing [32]. Sparse connectivity

(Fig. 3.2) describes the fact that each output value only depends on a small number of inputs.

Parameter sharing refers to the fact that a filter can be used across all spatial locations in an

image [28]: a feature detector that is useful in one part of an image is likely to be useful in

another area in the image. This allows for a single filter to be used across the entire image,

detecting a given feature at each position. This means that the number of parameters does

not depend on the size of the image. Instead, the number of weights (parameters) that must

be learnt is determined by the size and number of filters chosen. These two mechanisms

greatly decrease the number of network parameters, allowing the network to be trained with

fewer training images and reducing the risk of overfitting [32].

Figure 3.2: Fully-connected layers, where the output is formed by matrix mul-
tiplication (left) compared to sparse connectivity, where the output is formed by
convolution (right). In each case, one output neuron is highlighted in grey. The
neurons in the input layer that affect the highlighted neuron are known as the re-
ceptive field and are also highlighted. In the case of the fully-connected layer (left),
all neurons in the input layer affect the highlighted output neuron. When the out-
put is formed by convolution with a filter of width 3 (right), however, only 3 input
neurons affect the highlighted output neuron.
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3.2 Structure

In a CNN, an input undergoes a number of processes that are performed sequentially. Each

processing step is referred to as a layer [28]. CNNs typically have three types of layers:

convolutional, pooling and fully connected (Fig. 3.3). The convolutional and pooling layers

together perform feature extraction, while the fully connected layer is responsible for classifi-

cation. In terms of notation, there are several approaches to numbering layers. One approach

is to only report the number of layers that have parameters. In that case, the convolutional

and pooling layers shown in Fig. 3.3 would, together, make up Layer 1, as pooling layers do

not have any parameters that need to be learnt. In this work, however, the convention of

numbering each layer separately will be used.

Figure 3.3: Structure of a convolution neural network, showing the different types
of layers and the dimensions of the data at each stage. In this example, the input
image is convolved with K filters in the convolutional layer before applying a ReLU
non-linear activation function. Thereafter, a pooling layer reduces the height and
width dimensions of the representation while preserving the number of channels.
The representation is then flattened into a vector before the fully connected layer.
Finally, a softmax layer with N nodes is used to classify images into one of N
categories.

3.2.1 Convolutional layer

In a convolutional layer, the input is convolved with a trainable filter, represented by a matrix

of weights, to give a feature map output, as shown in Fig. 3.1. The aim of the convolutional

layer is to learn feature representations of the inputs [33]. Each neuron of a feature map

is connected to a region of neighbouring neurons in the previous layer, referred to as the

neuron’s receptive field [33]. In each convolutional layer, several convolutions are typically

run in parallel to extract multiple features from the input, as each filter learns only one

feature. Hence, if there are K filters used in a convolutional layer, the output will have K
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channels (Fig. 3.4). The number of channels in each filter must be equal to the number of

channels in the previous layer. However, the height and width dimensions of the filter, and

the number of filters to use are hyperparameters that need to be chosen by the user.

Colour images, which are often represented using RGB colour models, have 3 channels

for red, blue and green, respectively. Figure 3.4 shows an example of a 5× 5× 3 RGB image

being convolved with two 3× 3 filters. By default, the number of channels in each filter will

be equal to the number of channels in the input image. In general, convolution of an image

of dimension n
[l−1]
H ×n[l−1]W ×n[l−1]C using K filters of size fH × fW ×n[l−1]C , where fH and fW

are the height and width of the filters, which are smaller than that of the image, and n
[l−1]
C

is the number of channels in the input image. The dimension of the output is given by Eq.

3.4 [28]:

(n
[l−1]
H − fH + 1)× (n

[l−1]
W − fW + 1)×K (3.4)

Figure 3.4: Convolution operation for a multi-channel input image, with multiple
filters. A nonlinear activation function, such as ReLU, would be applied to the
output before being presented to any subsequent layers. Note that the number of
channels in the output is equal to the number of filters used. The height and width
of the output are reduced with respect to the input dimension.
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Padding

To prevent the width of output shrinking at each layer, a process known as “zero padding”,

which involves symmetrically adding zeros to the input, may be used (Fig. 3.5).

Figure 3.5: Zero padding of a 2D input.

Two special cases are “valid” convolution, where no padding is used, and “same” convo-

lution, where just enough zero padding is added to keep the output size equal to the input

size [32]. The dimension of the output given with p pixels of padding is given by Equation

3.5:

(n
[l−1]
H + 2p− fH + 1)× (n

[l−1]
W + 2p− fW + 1)×K (3.5)

The number of pixels of padding required to yield an output that has the same size as

the input (n[l−1]), given a filter of size fH = fW = f , can be found by setting the size of the

output equal to that of the input, and solving for p:

n[l−1] + 2p− f + 1 = n[l−1]

2p− f + 1 = 0

p =
(f − 1)

2

(3.6)

By convention, f is usually odd. This allows for symmetric padding to be used. Addi-

tionally, a filter of odd dimension has a pixel in the central position, which is convenient for

describing the position of the filter. Padding is useful because it makes it possible to apply

a convolutional layer without shrinking the height and width of the outputs, which is an im-

portant consideration when building deeper networks. If large filters are used in the absence

of zero padding, the size of the output reduces rapidly, limiting the number of convolutional

layers that can be implemented. This reduces the number of higher-level features that can

be learnt, which will negatively affect the performance of the model [32]. Using small filters

would reduce the rate at which the output size shrinks but this would also limit the perfor-
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mance of the model, as it would not be able to learn any features that occur over larger areas

of pixels [32]. Furthermore, padding helps us preserve more of the information at the border

of an image. Without padding, very few values at the next layer would be affected by pixels

as the edges of an image.

Stride

Stride is another hyperparameter in the convolutional layer. Stride, s, refers to the relative

offset applied to the filter [38]. That is, the number of horizontal or vertical steps a filter takes

when convolving an image input [32]. Convolving the filter at every possible spatial location

corresponds to a stride of 1. If the stride is set to s > 1 then convolution is performed every

s pixels, both horizontally and vertically [28]. In doing so, the overlap of receptive fields

is reduced, as well as the spatial dimensions of the output. It is also possible to define a

separate stride for each direction of motion [32]. When considering both stride and padding,

the size of the output can be described by Equation 3.7:

b
n
[l−1]
H + 2pH − fH

s
+ 1c × b

n
[l−1]
W + 2pW − fW

s
+ 1c ×K (3.7)

The brackets b c in Eq. 3.7 indicate the floor function. Hence, if the number given by is

not an integer, it is necessary to round down to find the dimension of the output.
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Activation functions

After convolution of an input image with a filter, the linear activations in the feature map are

passed through a non-linear activation function. The non-linear activation is also known as

the detector stage [32], as it is responsible for detecting the presence of the feature extracted

by the filter. Typical activation functions are the sigmoid, hyperbolic tangent (tanh) and the

rectified linear activation (ReLU) functions [33], given by Equations 3.8—3.10, respectively:

σ(x) =
1

(1 + e−x)
=

ex

(ex + 1)
(3.8)

tanh(x) =
ex − e−x

ex + e−x
(3.9)

ReLU(x) =

0, if x ≤ 0

x, if x > 0
(3.10)

The training time for CNNs with non-saturating ReLU activation functions has been

found to be much faster than those with saturating activations such as sigmoid or tanh,

where the output is constrained by upper and lower limits (Fig 3.6) [39]. The output, having

passed through the non-linear activation, becomes the input to subsequent layers. For the

purpose of training, it is essential that the non-linear activation functions are differentiable.

ReLU is differentiable at all points except zero. However, piecewise differentiation can be

used, allowing it to be used it situations where a differentiable function is required. In this

case, the derivative of the ReLU function at x > 0 is one, while it takes a value of zero

elsewhere.

Figure 3.6: Activation functions (A) sigmoid, (B) tanh, and (C) ReLU.
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3.2.2 Pooling layer

In a pooling layer, low-level features from the output of a convolutional layer are aggregated

over a small neighbourhood defined by a window with pre-set size (Fig. 3.7) [40]. The purpose

of a pooling layer is to reduce the spatial size of a layer, thereby decreasing the number of

parameters that need to be optimised. This can speed up computation as well as prevent

overfitting [40].

In pooling layers, the window size and stride are hyperparameters that must be defined.

However, there are no parameters in a pooling layer that need to be learnt. If an input has

multiple channels, the output will have the same number of channels, as the pooling operation

is applied independently to each of the channels. Maximum pooling and average pooling are

commonly used pooling functions (Fig. 3.7) [28]. The maximum pooling function applies a

window function u(x, y) to the input patch and computes the maximum in the neighbour-

hood, resulting in a feature map of lower resolution [40]. Only the maximum value within

the receptive field is propagated to the next layer. Similarly, average pooling computes the

average in each neighbourhood defined by the window function and propagate these average

values to the next layer. Traditionally, non-overlapping pooling regions are used (as shown

in Fig 3.7). However, if the stride is set to a value less than the window size, overlapping

pooling is obtained [39].

Figure 3.7: Illustration of maximum and average pooling functions using non-
overlapping windows with window size of 2 × 2 and stride of 2. Note that the
dimensions of the feature map have been reduced from 4× 4 to 2× 2.
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3.2.3 Fully-connected layer

In the fully connected layer, the output from the previous layer is vectorised and concatenated

(flattened (Fig 3.3)), giving the feature map in vector form. The elements in the vector are

then treated as nodes in one layer that are connected to every node in another layer and

matrix multiplication is applied as per traditional neural networks [33]. The last layer of

CNNs is an output layer. In the case of classification tasks, where a single label is given to

indicate the subject of entire input image, the softmax function (Eq. 3.11) is commonly used

[39, 33]. Softmax produces a distribution over the K class labels [39].

fk(x) =
exk∑N
i=1 e

xi
, k = 1, 2, 3...K (3.11)

The fully-connected layer can be adapted to accommodate cases where the localisation of

an object within an image is required [41]. The softmax classifier layer can be replaced with a

regression network and trained to predict bounding boxes to locate objects within an image.

The classifier and regressor networks can then be run simultaneously to generate bounding

box predictions [42]. This is known as object detection, which will be covered in more detail

in Chapter 4.
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3.3 Learning

The weights in the trainable filters — the parameters — need to be learnt. Model training and

optimisation are discussed in the Algorithm overview section. Subsequently, some relevant

terminology is clarified. Finally, a selection of optimisers is presented.

3.3.1 Algorithm overview

Backpropagation is used to learn model parameters that fit the data well. The backpropaga-

tion algorithm is a numerical method used extensively in neural networks [43]. It comprises

three processes: forward propagation, backward propagation, and parameter update (Algo-

rithm 1). In practise, the model parameters are initialised and then training data is presented

to the network, generating a predicted output. In the case of a classification problem, this

would be a predicted class output. The predicted outcome is then evaluated using an ap-

propriate loss function that describes how the predicted output differs from the actual class

labels. In the back-propagation step, the chain rule is used to compute the derivative of the

loss function with respect to each of the model parameters one layer at a time, beginning

at the last layer [32]. The derivative of the loss function with respect to each parameter is

the gradient. The weights are then updated using the method of gradient descent, or some

variation thereof (discussed further in Section 3.3.3), and the loss is recalculated. This is

repeated until some iteration threshold (threshold1) is reached, or until the change in loss

is negligible (i.e. smaller than threshold2). The aim is to find the combination of weights

that minimises the loss function [43]. As this method requires gradient computations at each

step, the error function should be continuous and differentiable [43]. It is therefore essential

that the non-linear activations used in the network be differentiable.

Algorithm 1: Backpropagation algorithm

Input: Training data

Result: Optimised model parameters

Initialise model parameters

while iteration > threshold1 or ∆error ≤ threshold2 do
Forward propagation

Backward propagation

Update model parameters

end
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3.3.2 Terminology

There is some terminology that is essential to the discussion of model training. Optimisation

is the process of minimising or maximising a function f(x) with respect to its parameter, x.

The function is referred to as the objective function. A training epoch refers to one sweep

through the entire training set [44]. The batch size, b, is defined as the number of examples

presented to the model in a single cycle. It is a hyperparameter that controls the number of

training samples to work through before the model’s internal parameters are updated [44].

Finally, an iteration describes the number of times a batch of b examples is passed through

the model.

3.3.3 Optimisers

Gradient descent

Gradient descent is a popular algorithm used in the optimisation of neural networks [45].

The derivative of the objective function f(x) with respect to x gives the gradient of f(x) at

the given value of x. It is useful when minimising a function as it provides information as to

how changing the value of x will affect the value of f(x) [32]. When the objective function

has multiple parameters, partial derivatives are used [32]. Gradient descent minimises the

objective function by adjusting the parameters in the opposite direction of the gradient of the

objective function with respect to the parameters [45]. The learning rate is a positive scalar

value that determines the size of the steps taken in the direction of the negative gradient, to

reach a local minimum [45, 32].

There are three main variants to gradient descent, relating to how much data is used to

compute the objective function. These are referred to as batch, stochastic and mini-batch

gradient descent [45]. Batch gradient descent computes the gradient of the cost function with

respect to the parameters for the full training set [45, 32]. That is, the batch size is equal

to the number of observations in the dataset: b = N . As we need to calculate the gradients

for the whole dataset to perform just one update, batch gradient descent can be very slow,

especially for large training sets [45, 32]. Stochastic gradient descent (SGD), on the other

hand, performs a parameter update for each training example, making it much faster and

allowing for the approach to be used online. However, the parameter updates are highly vari-

ant, making SGD prone to overshooting the minimum [45]. In mini-batch training, parameter

updates are performed after every mini-batch of b training examples, where 1 < b < N . This

reduces the variance of the parameter updates, allowing for more stable convergence [45].
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Momentum

Stochastic gradient descent has trouble navigating areas where the surface curves more

steeply in one dimension than another (also referred to as “ravines”) [45]. Momentum is a

method that helps accelerate convergence to a local minimum [46], especially where there

is high curvature or noisy gradients [32]. The momentum algorithm works by replacing

the gradients in SGD with exponentially weighted moving averages of all the previous gra-

dients when calculating the new values for the parameter weights [32]. That is, the weight

change can be expressed in terms of the previous weight change and the current gradient [47].

Root mean square propagation (RMSProp)

Root mean square propagation (RMSProp) [47] involves dividing the learning rate by the

square root of the exponentially weighted moving average of the gradient [32]. This method

allows the learning rate to be different for each of the parameters. The base learning rate

is adjusted using the square of the gradients, which is a measure of how volatile the gradi-

ents are. In this approach, highly volatile gradients have a reduced learning rate, reducing

oscillation and allowing for quicker convergence. RMSProp has been successfully used for

optimisation of deep neural networks [32].

Adaptive moment estimation (Adam)

Adam (adaptive moment estimation) is another optimisation algorithm that makes use

of adaptive learning rates [32]. Each parameter’s individual adaptive learning rate is calcu-

lated from estimates of first and second moments of the gradients [32, 48]. Adam stores an

exponentially decaying average of past squared gradients, as per RMSProp, as well as the

exponentially decaying average of past gradients, as per momentum [45].

In this chapter, the theory of CNNs has been discussed in the context of classification

tasks. However, CNNs can be used in a variety of different computer vision tasks including

object detection, which is the subject of Chapter 4.



Chapter 4

Object detection

The CNNs discussed in Chapter 3 may be adapted and used for tasks other than classification.

One such task is object detection, which will be the subject of this chapter. The Background

section describes what object detection is and notes the challenges that are specific to it.

The differences between object detection and instance segmentation are also discussed. As

it is important to be able to quantify how well an object detector is performing, the Eval-

uation criteria section describes several methods used to assess detectors. In the Detection

frameworks section, the näıve sliding window approach to object detection is described as

an introduction to object detectors. Thereafter, a series of region-based approaches are dis-

cussed. Finally, Mask R-CNN, which is the framework that will be used in this work, is

detailed.

4.1 Background

The goal of object detection is to locate all object instances in an image from a list of pre-

defined classes [49]. Hence, the problem involves both predicting the category as well as

drawing a bounding box around each object in an image. A bounding box is a set of coordi-

nates (x, y, w, h) describing the rectangular border that fully encloses an object and indicates

its location within an image. The x and y values give the x- and y-coordinates of the centre

of the bounding box, while w and h give the width and height of the box, respectively (Fig.

4.1). By convention, the top left corner of the image has (x, y) coordinates of (0, 0).
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Figure 4.1: Given an image containing an object of interest (left), a bounding
box can be drawn around the object (right). The bounding box is the minimum-
sized rectangle that contains all points belonging to an object. The bounding box
coordinates (x,y,w,h) indicate the (x,y) coordinates of the centre of the box, as well
as the height (h) and width (w) of the box.

While classification and localisation problems tend to only have one object per image,

object detection problems may have multiple objects and multiple classes represented in a

single image [50]. In an object detection problem, there is usually a fixed number of categories

of interest. Given an input image, an object detector should determine whether there are

instances of objects from the predefined categories. If one of those objects appears in a given

input image, an object detector should draw a bounding box around the object and predict

the category of the object [49].

4.2 Transfer learning

As mentioned in Section 3.2.3, the fully-connected layer can be adapted to accommodate

cases where the localisation of an object within an image is required [41]. The softmax

classifier layer can be replaced with a regression network and trained to predict bounding

boxes; the other layers and parameters can be considered to be frozen. The classifier and

regressor networks can then be run simultaneously to generate bounding box predictions

[42]. The idea of using a pre-trained network for a new task is called transfer learning. It

is particularly valuable in situations where there is relatively little data available for the

new task [23]. Transfer learning generally involves taking an existing network architecture

that has been trained on a large dataset such as ImageNet [51], MS COCO [52] or Pascal

[53], and fine tuning it for a new task [54]. ImageNet, for example, contains 1000 object

classes and 1.2 million images [23]. Neural network architectures that perform well on a

given computer vision task often perform well on other computer vision tasks, as many of the

features learnt during training — particularly lower-level features — are applicable across
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multiple applications. Tuning an existing architecture using its pre-trained weights instead

of random weight initialisations can reduce the time and computation requirements. If more

training data is available, fewer layers may be frozen.

As object detection problems require training images that are annotated with both object

categories and ground truth bounding boxes, the training images are more expensive to label

than those used for pure classification problems. This means that there is typically less data

available for object detection problems. Scarcity of labelled data means that there may be

insufficient training images to train a large CNN [50]. It has been shown that transfer learning

is particularly helpful in these situations, allowing a network that is pre-trained on a large

dataset to be fine-tuned on a smaller dataset for a new application [50].

4.3 Evaluation criteria

In object detection tasks, there will be far more negative examples (background) than positive

examples (objects). This imbalance means that it is not appropriate to use a simple accuracy

measure [53]. This section discusses evaluation metrics that are relevant to object detection

tasks.

4.3.1 Intersection over union (IoU)

Intersection over union (IoU) is a metric that can be used to describe how similar the predicted

bounding box is to the ground truth bounding box. IoU is defined as the ratio between the

intersection (∩) and union (∪) of the predicted bounding box (BP ) and the ground truth

bounding box (BGT ), as shown in Eq. 4.1 [53, 55]:

IoU =
Area of BP ∩BGT
Area of BP ∪BGT

(4.1)

Where 0 ≤ IoU ≤ 1. The IoU is essentially a measure of the overlap of the predicted

bounding box and the ground truth bounding box (Fig. 4.2). A perfect detection, where the

predicted bounding box is identical to the ground truth bounding box, would have an IoU

of one, while a predicted bounding box that does not overlap at all with the ground truth

bounding box will have an IoU of zero. The IoU is used to determine whether a detection is

a true positive (TP) or false positive (FP) [55]. A predicted bounding box is considered to

be a TP if the IoU is greater than some user-defined threshold, usually at least 0.5 [53].
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Figure 4.2: Given an image (A) with a ground truth bounding box (solid black
rectangle) and a predicted bounding box (dotted red rectangle), the IoU is deter-
mined as shown in (B), where the shaded area in the numerator represents the
intersection (∩) of the predicted and ground truth bounding boxes, while the shaded
area in the denominator indicates the union (∪) of the predicted and ground truth
bounding boxes.

4.3.2 Average precision (AP)

For a given IoU threshold, the TP and FP predictions can be used to determine the recall

(Eq. 4.2) and precision (Eq. 4.3). Recall is the true positive rate — the ratio of true positive

predictions to the number of actual (ground truth) positives — while precision is a measure

of how many of the positive predictions are true positives.

Recall =
TP

TP + FN
=

TP

#GT
(4.2)

Precision =
TP

TP + FP
=
TP

#P
(4.3)

Each predicted bounding box has an associated confidence level, which can be used to

rank the output [53]. A precision/recall curve can then be computed from the ranked output

[53]. The average precision (AP) summarises the shape of the precision/recall curve [53].

Multiple approaches for the calculation of average precision have been reported in literature

[53, 52]. In the PASCAL VOC2007 challenge, the interpolated average precision [56] was used
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as the evaluation metric. In this context, the AP summarises the shape of the precision/recall

by taking the mean precision at a set of eleven equally spaced recall values [0, 0.1, . . . , 1]

[53].

In the later PASCAL VOC2010 challenge [53], the average precision (AP ∈ [0, 1]) of the

detector is defined as the area under the precision/recall curve as calculated by numeric

integration at a fixed IoU threshold of 0.5. This is calculated for each class and taking the

mean of AP across all classes gives the mean Average Precision (mAP) [53]. This was an

improvement on the interpolated AP, as it considered all recall levels instead of only 11 recall

values.

The MS COCO Benchmark challenge [52] extended this by averaging the AP over a range

of IoU values, from 0.50 to 0.95 at intervals of 0.05, denoted as AP@[0.50 : 0.05 : 0.95]. This

rewards detectors with better localization. In this work, the MS COCO metric will be used

to evaluate the performance of object detectors.
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4.4 Detection frameworks

As the number of objects per image is not known beforehand, a standard CNN cannot be

used for object detection, as it would have a fixed-length output. A simple way around this

is to use the sliding window approach. With a sliding window detector, a window is moved

across the input image to generate multiple smaller crops of the image. Each crop is then

evaluated using a CNN to determine whether an object of interest is present in that area.

However, there are several problems with this approach. Firstly, as objects might appear

at any location in the image and have different aspect ratios or sizes, it would be necessary

to perform an exhaustive search of all spatial locations, using a wide range of window sizes.

This makes the method too computationally expensive. This shortcoming is resolved by the

more modern approaches discussed in this section.

There are two major types of detection frameworks: region-based (two-stage) and unified

(one-stage) frameworks [49]. Region-based frameworks are referred to as two-stage frame-

works as they involve first generating category-independent region proposals before applying

a classifier to determine the category labels of the proposed regions. On the other hand, one-

stage detectors, such as You Only Look Once (YOLO) [57, 58, 59] and single shot detection

(SSD) [60], feed forward in a single pass. As such, one-stage frameworks are often faster and

more suited to online processing. However, they have been shown to have lower accuracy

than two-stage frameworks such as Faster R-CNN [61]. In this work, fruit detection and

size determination are required for fruit quality evaluation. However, as no online sorting

is required, a higher accuracy is desirable. As such, this work will use a two-stage detector,

namely Mask R-CNN. There were several different adaptions to get from the CNNs discussed

in Chapter 3 to Mask R-CNN. In the subsections below, these adaptions will be explained.

4.4.1 Region-based CNN (R-CNN)

Region-based CNN (R-CNN) is so named because it combines region proposals with CNNs

[50, 62]. While the sliding window approach to object detection required an exhaustive search

of all spatial locations, region proposals identify regions of interest (RoI) where an object may

be likely to occur. Hence, a more manageable number of candidate regions may be considered,

reducing the number of locations at which the CNN must be evaluated [25].

A representation of an R-CNN is shown in Figure 4.3. The first stage of an R-CNN ob-

ject detector is responsible for generating category-independent region proposals [50]. In the

second stage of R-CNN, each RoI is passed through a CNN to obtain a fixed-length feature
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vector [25, 50]. As the region proposals are of arbitrary size, it is necessary to warp each

region to produce the fixed-sized inputs required by the CNN [62]. Finally, each region is

classified using class-specific linear support vector machines (SVMs) [50].

Figure 4.3: R-CNNs use a region proposal network to extract around 2000 region
proposals from an input image. The rectangular window around each region is
warped to 227×227 before a large CNN is used to compute features for each region.
Finally, each region is classified using class-specific linear SVMs and bounding box
regression is used to update the bounding box coordinates. Adapted from [50].

R-CNNs are agnostic to the region proposal method [50], allowing chosen any region

proposal algorithm to be implemented. The region proposal algorithm that has been used

extensively in practise is selective search [50, 63]. Selective search uses hierarchical grouping

strategies to identify regions of interest that may be similar in terms of colour, texture,

size and shape [63]. Using this method, only around 2000 region proposals are extracted

[50], improving the computational cost of the problem with respect to the sliding window

approach.

The RoI does not always correspond exactly with the ground truth bounding box. Hence,

after applying the class-specific SVM, new bounding box coordinates are predicted using a

linear regression model to reduce the localisation error [50, 62]. As R-CNN merely adjusts

the bounding box coordinates rather than predicting object bounds itself, its accuracy is

dependent on the performance of the region proposal algorithm chosen [22].

Although R-CNN is an improvement on the sliding window approach, training is expensive

in terms of both space and time requirements [64].
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4.4.2 Fast R-CNN

Fast R-CNN arose from extending R-CNN. Instead of processing each RoI separately, the

whole image is run through the CNN, resulting in a convolutional feature map that corre-

sponds to the whole image [64]. In Fast R-CNN (Fig. 4.4), the RoIs identified by selective

search are projected onto the feature map. The RoIs on the feature map are then resized

using the RoI pooling layer to give the fixed-size input expected by the subsequent fully

connected (FC) layers [25].

The RoI pooling layer resizes the RoI on the feature map by dividing the RoI into a H×W
grid of sub-windows, where H×W are hyperparameters. Max pooling is then applied to each

of the sub-windows, giving a fixed-size feature map [25, 64]. As described in Section 3.2.2,

pooling is applied independently to each channel of the feature map. Once pooled, each RoI

is mapped to a feature vector by FC layers [64].

The RoI feature vector is then used as an input into a sequence of FC layers that branch

into two output layers: one terminates in a softmax layer that is used to predict the class of the

region, and the other is a bounding box regressor that gives offset values for the bounding box

[64]. Fast R-CNN is faster than R-CNN because the convolution operation is only performed

once per image, instead of on each of the proposed regions. Additionally, the use of a softmax

classifier instead of training one-vs-rest linear SVMs [64]. These adaptions lead to increased

speed and improved accuracy [25]. However, the region proposal computation was shown to

be a bottleneck [22].

Figure 4.4: Fast R-CNN processes the entire input image with a CNN to produce
a feature map. Region proposals are projected onto the feature map and resized
using an RoI pooling layer. Each RoI feature vector is passed through FC layers
before branching into two output layers: one a softmax classifier and another that
provides class-specific updated bounding box coordinates. Adapted from [64].
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4.4.3 Faster R-CNN

Both R-CNN and Fast R-CNN make use of the selective search algorithm for region proposals,

which was identified as a bottleneck in Fast R-CNN [22, 50]. Faster R-CNN improves com-

putation speeds relative to Fast R-CNN by eliminating the use of selective search, instead

introducing a region proposal network (RPN) that shares convolutional features with the

detection network [22]. The RPN that generates region proposals (i.e. proposed bounding

boxes) is the first stage of the Faster R-CNN network [25]. The second stage is essentially Fast

R-CNN, which extracts features using RoI pooling and performs classification and bounding

box regression, as described in Section 4.4.2 [22, 25].

The aim of an RPN is to propose regions where an object is likely to be present in

the input image. To propose bounding boxes, a small n × n network is moved across the

convolutional feature map in a sliding-window fashion (Fig. 4.5) [22]. At each location of

the sliding window, a maximum of k proposals – called anchor boxes – are generated [22].

These anchor boxes share the same centre point but have different scales and aspect ratios.

If, for example, three scales and three aspect ratios are used, the number of anchors at each

location will be k = 9 [22]. The anchors are used for reference when predicting the location

of objects within an image. The set of k predefined anchor boxes are convoluted with each

sliding window to produce fixed-length vectors that are then processed by two sibling layers

that run in parallel. The box-classification layer (cls) is a binary softmax classifier indicating

the class probabilities of each anchor box being an object or not an object. Hence, the cls

layer has 2k output channels [65]. The box-regression layer (reg) has 4k output channels, as

it encodes four bounding box coordinates for each of the k anchor boxes [22].

To eliminate redundancy when RPN proposals overlap over the same object, non-maximum

suppression (NMS) based on cls scores can be used [22]. NMS discards proposed bounding

boxes if they have a high level of overlap (determined by an IoU threshold) with another

proposed bounding box that has a higher cls score [22]. This ensures that each object is only

detected once. After NMS, the top-N ranked proposal regions are used for detection [22].

Faster R-CNN (Fig 4.6) combines a region proposal network and Fast R-CNN object

detector that are trained simultaneously using four losses: the RPN has classification and

bounding box regression losses, while the R-CNN detector has losses associated to the final

classification of the object and the bounding box coordinates [22]. As convolutional features

are shared by the RPN and the detection network, the region proposal step is nearly cost-

free [22]. As the RPN is learnt, the quality of the region proposals is improved, resulting in

improved performance in object detection accuracy, compared to previous methods [22].
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Figure 4.5: Architecture of RPN in Faster R-CNN, using a sliding window of
size n = 3. A set of k predefined anchor boxes are convoluted with each sliding
window to produce fixed-length vectors that are then processed by the sibling cls
and reg layers. The cls layer has 2k output channels, as it is a binary softmax
classifier indicating the class probabilities of each anchor box being an object or
not an object. The reg layer has 4k output channels, as it encodes four bounding
box coordinates for each of the k anchor boxes [22].
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Figure 4.6: Faster R-CNN combines a region proposal network and Fast R-CNN
object detector that are trained simultaneously. The RPN proposes regions for the
R-CNN to consider when detecting objects. Adapted from [22].
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4.4.4 Mask R-CNN

While all the object detection methods discussed up to this point identify located objects

using a bounding box, Mask R-CNN takes it a step further by predicting a pixel-level object

mask indicating the location of each object [25]. This is done by including a branch, in

parallel to the one that performs bounding box regression and classification, which outputs a

binary mask for each RoI. The mask branch is a small fully connected network that is applied

to each RoI [25]. The resultant binary mask is a matrix with 1’s indicating which pixels an

object is present in. The task of locating each pixel belonging to an object, rather than

simply localising using a bounding box, is referred to as instance segmentation [25] (Fig.4.7).

Figure 4.7: While classification identifies a single main object in an image, object
detection and instance segmentation both involve identifying all individual objects
of interest in an image containing multiple objects. In object detection, objects are
classified and localised using bounding boxes while in instance segmentation, all
pixels belonging to an object are identified.
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Another significant difference between Faster R-CNN and Mask R-CNN is that RoIPool

is replaced by RoIAlign (Fig. 4.8). Pixel-level segmentation requires alignment between the

network input and outputs and RoIPool is not suited to this task as it involves quantisation,

which leads to misalignment problems. RoIAlign, on the other hand, preserves exact spatial

locations [25].

Figure 4.8: Mask R-CNN extends Faster R-CNN by including a branch, in par-
allel to the branch that performs bounding box regression and classification, that
outputs a binary mask. When training Mask R-CNN, a multi-task loss is defined
using the classification loss, the bounding box regression loss, and the mask loss.
Adapted from [25]

During training of Mask R-CNN, a multi-task loss is defined on each RoI. The multi-task

loss (Eq. 4.4) is the combination of the losses associated with the tasks of classification (Lcls),

localisation (Lbbox) and instance segmentation (Lbbox) [25]:

L = Lcls + Lbbox + Lmask (4.4)
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If there are K classes, the classification loss, Lcls, is given by Eq. 4.5 [64]:

Lcls = −log(p, u)

p = (p0, . . . , pK)

u = 0, . . . ,K

(4.5)

where p = (p0, . . . , pK) is the discrete probability distribution per RoI, as computed by a

softmax (Eq. 3.11) over the K + 1 outputs of a fully connected layer. There are K + 1

outputs, as there is a catch-all background class, assigned as u = 0, in addition to the K

classes. Lcls is then the negative log loss associated with the predicted class (p), given that

the true class is u.

For the task of localisation, the bounding box regression layer outputs bounding-box

regression offsets relative to the original RoI for each of the K object classes [64]:

Lbbox(tu, v) =
∑

i∈{x,y,w,h}

smoothL1(t
u
i − vi) (4.6)

smoothL1(x) =

0.5x2, if |x| < 1

|x|, otherwise
(4.7)

where tu = (tux, t
u
y , t

u
w, t

u
h) is the predicted tuple for class u and v = (vx, vy, vw, vh) is the actual

bounding-box regression target [25]. smoothL1 is a robust L1 loss that is reported to be less

sensitive to outliers than the L2 loss used in R-CNN [25].

Lastly, the loss associated with the task of pixel-wise segmentation is defined as the

average binary cross-entropy [25]:

L = − 1

m2

∑
0≤i,j≤m

[yijlogŷ
k
ij + (1− yij)log(1− ŷkij)] (4.8)

where yij is the label of cell (i, j) in the true mask for a given m ×m region and ŷkij is the

predicted label for the same cell (i, j) in the mask learned for the ground-truth class, k. That

means that for an RoI associated with ground truth class k, Lmask is only defined on the kth

mask. As a mask is learnt for each class, there is no competition among classes [25].

Section 4.4 has introduced the adaptations made to CNNs that allow them to be used for

object detection and instance segmentation applications. In the context of this work, instance

segmentation with Mask R-CNN is used to locate all pineapples in an image. The size of

each fruit will then be extracted from the predicted mask outputs of the Mask R-CNN.
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Methodology

This chapter covers details of the data collection and practical implementation of the com-

puter vision models for pineapple detection and size determination. The main aim of this

research is to determine pineapple fruit size from images. Considering the main aim of this

research, there are two tasks that need to be accomplished. The first task involves the train-

ing and evaluation of a pineapple detector, while the second task involves determining the

fruit size based on the object mask output of the detector. Given these two tasks, two sep-

arate image datasets are used in this work. This chapter first explains the data collection

and annotation processes and then goes on to give the details of the image datasets used for

the two main tasks. Details of the software implementation are then given. Thereafter, the

model architecture for the instance segmentation task of identifying pineapples in images is

described in detail, highlighting the differences between the considered models. Lastly, the

approach to size determination is outlined and the statistical methods used for evaluation

are explained.

5.1 Data collection and annotation

The image data used in this research comes from a pineapple juicing factory in the Eastern

Cape of South Africa, where two conveyor belts carry the fresh pineapples into the factory for

processing. Video footage was collected using two progressive scan CMOS cameras (Hikvi-

sion DS-2CD2145FWD-I(S)) located above the two conveyor belts (Camera A and Camera

B) delivering pineapples to the factory, positioned directly overhead and parallel to the belts

to prevent perspective distortion. VLC media player [66] was used to extract images from the

video footage and the opencv library [67] was used to crop the images to a size of 970× 605

38
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pixels, such that only the two sections of the conveyor belt are visible in frame, as shown in

Figure 5.1. This was done to reduce the effects of distortion, which was more prominent at

the edges of the images. These cropped images were then manually labelled using the VGG

Image Annotator (VIA) [68] – a tool used to draw polygon shapes around objects (Fig. 5.1).

In all cases, the polygon tool was used at 2.5× level zoom. VIA [68] is a convenient tool as

it runs in a web browser and does not require any installation or setup. The final output is a

json file with the coordinates of each polygon shape. These polygon shapes are used to define

the pixel-level binary masks required for training a Mask R-CNN: points located within the

polygon are set to a value of one, indicating that an object is present at that location in the

image, while pixels outside of the polygon are set to zero.

Figure 5.1: Screenshot showing annotation using the VGG Image Annotator
(VIA) tool [68]. Polygons were drawn around each pineapple visible in the image.
Two sections of the conveyor belt are visible in each frame.
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5.2 Dataset for instance segmentation

For the purpose of training and evaluating a Mask R-CNN pineapple detector, a total of 160

images of size 970× 605 pixels were extracted from the video footage as described in Section

5.1. These 160 images were randomly split into training, validation and test sets, ensuring

that each set contained an equal number of images from Camera A and Camera B (Table

5.1). A 70/20/10 percent split was chosen for the training, validation and test sets. Due

to resource limitations, only one validation set was used, rather than cross-validation. All

images in the training set contained at least one fruit, and a total of 2138 pineapples were

labelled. The number of pineapples per image varied between 2 and 30, with the number of

pineapples per image being fairly similar throughout the three subsets (Fig. 5.2). By chance,

the training set contains more complex images than the validation and test sets, with more

pineapples per image in the training set than in the validation and test sets. The training

set has a median of 14 pineapples per image, while the validation and test sets both have a

median value of 11 (Fig. 5.2).

Subset
No. of
images

%
# images
Cam A

# images
Cam B

Ave. #
of pineapples

per image

# of labelled
pineapples

Train 112 70 56 56 14.2 1587
Validation 32 20 16 16 11.5 368
Test 16 10 8 8 11.4 183

Total 160 100 80 80 13.4 2138

Table 5.1: Number of images in the train, validation and test sets used in the
training and evaluation of various Mask R-CNNs for pineapple instance segmen-
tation.
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Figure 5.2: Boxplot showing the number of pineapples per image for the training,
validation and test sets. The median values are comparable across all subsets.

5.3 Dataset for fruit size determination

Having detected the pineapples in an image using Mask R-CNN, the fruit size was found

based on the object mask output of the detector; details of this process are given in Section

5.6.1. As the main aim of this research is to determine pineapple fruit size from images, it

is necessary to assess whether the fruit sizes obtained from images are sufficiently similar to

the fruit sizes that would be obtained by manual measurement of each pineapple. Hence, for

evaluation of the size determination approach, images were obtained of 120 pineapples that

had previously been manually measured.

As there are two conveyor belts delivering pineapples to the factory, 60 pineapples were

placed on Conveyor A (Camera A) and 60 pineapples were placed on Conveyor B (Camera

B). Video footage was captured as they passed under the cameras and images were obtained

from video footage as described in Section 5.1. These images had not previously been seen

by the model as they had not been used in the training or validation of the Mask R-CNN.

The 120 pineapples had been pre-measured manually, using a calliper system (Fig. 5.3). The

length and width of each fruit were recorded, as well as the weight, which was measured using

a balance (CAS PR PLUS, accurate to 0.002 kg). These measured values are summarised in

Figure 5.4, where the histogram for each metric is given, together with the Gaussian kernel

density estimates (KDE), to better visualise the shape of each distribution. The methods

used to evaluate the similarity of the predicted sizes and the actual measurements will be

discussed in detail in Section 5.6.2.
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Figure 5.3: Calliper system used for manual measurement of pineapples for size
determination evaluation.

Figure 5.4: Histogram with KDE (solid line) overlaid, showing the distribution
of the diameter (left), length (centre) and weight (right) of the 120 hand-measured
pineapples. The red dotted line shows the mean value in each case.

5.4 Software implementation

Training of Mask R-CNN models was done using a free GPU accelerator on Google Colabora-

tory, commonly referred to as “Google Colab” [69]. In all cases, the Matterport Mask R-CNN

implementation is used [70]. This implementation of Mask R-CNN makes use of Python 3,

the Keras [71] application program interface (API), and the TensorFlow [72] library. The

model is based on Feature Pyramid Network (FPN) [73] and a ResNet [74] CNN backbone,

and generates both bounding boxes and segmentation masks for each instance of an object

in each image [70]. The FPN component allows for detecting objects at different scales [73].
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5.5 Instance segmentation

Several instance segmentation models were considered in this work. The pineapple detection

performance was assessed with respect to (i) transfer learning using pretrained COCO and

ImageNet weights, (ii) the choice of CNN backbone, and (iii) data augmentation techniques.

5.5.1 Transfer learning

In computer vision tasks, it has become common practise to pre-train a CNN on a large

dataset and then transfer the learned features to a new task that has a smaller number

of labelled examples [23]. In many cases, starting weights are readily available for different

network architectures, particularly those pre-trained on the ImageNet [51] and MS COCO [52]

databases, which are commonly used in image recognition tasks. These pre-trained weights

are used to initialise the parameters of the network before training on a new task. While low

level features are likely to be similar across different datasets, higher level features learnt by

deeper layers in the CNN network are more specific to the task at hand [23, 75]. Therefore,

the performance of an object detector is affected by the similarity of the new target classes

to the base classes used for pre-training [75].

While the ImageNet dataset contains an unprecedented number of images, MS COCO

(Microsoft: Common Objects in Context) arose in response to the criticism that images in

the ImageNet dataset tend to contain large and well-centred objects, making the ImageNet

dataset unrepresentative of real-world scenarios [49, 52]. Although the MS COCO dataset is

smaller than ImageNet, it contains more complex scenes, with varied viewpoints of common

objects in their natural environments [49, 52]. A comparison of ImageNet and MS COCO is

given in Table 5.2 [49].

In this section of work, the performance of two models trained on the same pineapple

dataset (Section 5.2) with different starting weights is investigated. Model 1 makes use of

ImageNet features (ImageNet NoAug Res101), while Model 2 makes use of MS COCO fea-

tures (COCO NoAug Res101).
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Name of
dataset

Total images Categories
Objects

per image
Image size

Year
started

Ref

Imagenet ∼ 14 m 21 841 1.5 500× 400 2009 [51]
MS COCO ∼ 328 k 91 7.3 640× 480 2014 [52]

Table 5.2: Comparison of ImageNet and MS COCO – popular databases for
object recognition.

5.5.2 CNN backbone

With the Matterport Mask R-CNN implementation [70] used in this work, it is possible to

choose between ResNet-50 and ResNet-101 CNN backbones. A ResNet is a “residual net-

work”, characterised by residual blocks containing shortcut connections that perform identity

mapping (Fig. 5.5) [74]. Prior to the introduction of ResNets, very deep networks suffered

from a problem of vanishing gradients, which resulted in deeper networks having higher train-

ing errors than their shallower counterparts. However, the introduction of residual blocks

ensures that information from earlier layers is retained [74]. ResNet-50 and ResNet-101 have

similar structure, with both employing the concept of residual blocks. However, ResNet-50

has 50 layers, while ResNet-101 has 101 layers.

To investigate the effect of employing different CNN backbones, Model 2, which has a

ResNet-101 CNN backbone (COCO NoAug Res101), was compared to Model 3, which has a

ResNet-50 backbone (COCO NoAug Res50). Both models were trained on the same pineap-

ple dataset (Section 5.2) and used the same starting weights.

Figure 5.5: A residual block.
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5.5.3 Data augmentation

In cases where not much labelled training data is available, a common method to avoid over-

fitting on the available data is to artificially enlarge the dataset, and the variability thereof,

using label-preserving transformations [39]. This process is referred to as data augmentation

[23] and can be performed using a Python library such as imgaug [76]. Frequently used aug-

mentation techniques include horizontal mirroring, random cropping, rescaling, and colour

shifting [23]. Distortions to the colour channel help the model become more resistant to

changes in illumination. While it is possible to use data augmentation to expand the dataset

with copies of the augmented versions, it is preferable to randomly augment the data with

each training epoch [23]. This work investigates the effect of gaussian blurring and noise,

horizontal flipping and colour shifting augmentation techniques (Fig. 5.6).

Figure 5.6: Demonstration of augmentations applied using imgaug library.

5.6 Size determination

In this section, the two approaches to size determination considered in this work are described.

Thereafter, the methods of evaluating these size determination approaches are outlined.
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5.6.1 Approaches to size determination

As discussed in Chapter 2, there are several different ways to describe the size of a fruit.

Common metrics include weight, projected area, and dimensions such as length and diameter

[2]. Historically, size measurements recorded at the pineapple factory have included diameter,

length and weight. In this work, two approaches to size determination are employed.

The first approach involved extracting the diameter and length of pineapples from the

predicted masks. In this approach, the Mask R-CNN trained to identify pineapples was used

to predict masks for pineapples (Fig. 5.7 (A)) in the previously-unseen dataset of pineapple

images, described in Section 5.3, to post-validate the size determination approach. The model

outputs a binary mask for each detected object (Fig. 5.7 (B)). The OpenCV [67] library’s

minAreaRect() function was used to find the diameter and length of each fruit by fitting a

minimum area rotated rectangle to the mask (Fig. 5.7 (C)). However, this function could

not be applied directly to the binary mask as a 2D array, so the findContours() function

from OpenCV was first used to extract the coordinates of the points describing the polygon

outline of the binary mask.

Figure 5.7: (A) RGB image showing the different masks predicted by a Mask
R-CNN trained on the pineapple dataset. (B) Each detection is outputted as its
own binary mask. (C) The points describing the polygon outline of the mask were
found, and the length and diameter measurements of the fruit were then extracted
from the dimensions of the minimum rotated rectangle (shown in yellow) enclosing
those points.

The second approach to size determination involved finding the projected area of each

fruit. As the mask output of the Mask R-CNN model contains a binary mask for each

object instance, this can be achieved by summing pixels over each mask layer. To evaluate

this method, the pixel area of the detected mask is compared to the pixel area of the ground

truth mask. As the ground truth mask is labelled by a human, this method gives an indication

of the best human performance in terms of determining fruit size from images.
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5.6.2 Evaluation of size determination approach

The previously unseen dataset used for evaluation of the size determination approaches con-

tains images of 120 pineapples that had been manually measured prior to image acquisition.

The distributions of measurements obtained from detected masks, as outlined in Section 5.6.1,

was compared to the distributions of the manually measured values in order to establish the

efficacy of the size determination approach.

Histograms were plotted for each scaled measurement (diameter, length, projected area),

using a bin number of 10. The number of bins was chosen by considering the square root

method [77], in which the number of bins (k) is given by the square root of the number of

observations in the set (
√
n), as well as the Rice Rule, which states that k = 2 3

√
n [78]. As

there are 120 observations in the set, the number of bins determined by the square root was

11, while the number of bins determined by the Rice Rule was 10.

There are several statistical tests that can be used to show whether two distributions are

the same. These include the two-sample Z-test, and the Kolmogorov–Smirnov test (KS test).

The two-sample Z-test is a parametric method used to test the means of two distributions.

A parametric test is a form of hypothesis testing in which assumptions are made about the

underlying distribution of observed data [79]. In the case of a Z-test, it is assumed that the

two samples are normally distributed [80]. However, when the sample size is sufficiently large

(n > 30), the sample is expected to be approximately normally distributed because of the

central limit theorem [81].

The two-sample Z-test is used to determine whether two samples come from the same

population. If two samples are from the same population, it is expected that their sample

means will be the same (µ1 = µ2). When testing for equivalence of means, the null hypothesis

is that the difference between population means is zero [82], while the alternative hypothesis

is that the population means are not equal (Eq. 5.1 [80]).

H0 : µ1 − µ2 = 0

H1 : µ1 − µ2 6= 0
(5.1)

The Z-statistic evaluates the difference between the two samples and is calculated accord-

ing to Equation 5.2 [80, 83].

Z =
(X̄1 − X̄2)− (µ1 − µ2)√

σ2
1
n1

+
σ2
2
n2

(5.2)
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where X̄1 and X̄2 are the means of samples one and two; σ1 and σ2 are the population

variances for samples one and two; and n1 and n2 are the number of observations in samples

one and two, respectively. When population variances are unknown, the sample variances s21
and s22 can be used in Equation 5.2 instead, provided that both n1 and n2 are greater than

40 [80]. The p-value [84] is the probability of observing a difference in the means between the

two distributions at least as extreme as the observed outcome, given that the null hypothesis

is true.

The Kolmogorov–Smirnov test (KS test), on the other hand, is a non-parametric approach

and can therefore be used to test whether any two arbitrary distributions are the same,

without making any assumptions about their underlying shape of the distribution [85, 86].

The KS test tests the equality of the distributions of two samples and is based on comparing

two empirical cumulative distribution functions (ECDFs) [87, 88]. For each value of the

measured variable, an ECDF returns the fraction of observations of the measured variable

that are less than or equal to that value [82, 86]. That is, it returns the probability that the

measured variable is less than or equal to a given value.

The KS test compares two distributions by identifying the largest absolute difference

between their ECDFs [85] (Fig. 5.8). Mathematically, for two ECDFs, F 1 and F 2, the KS

test computes the KS statistic as shown in Equation 5.3 [87, 88, 89]:

KS = max|F 1
n1

(x)− F 2
n2

(x)| (5.3)

As ECDFs give probabilities, their values lie between 0 and 1 and two distributions that

do not overlap at all will have a KS value of 1. Hence, large values of KS, close to 1, suggest

that the two distributions are not equal, while values closer to zero indicate that the two

distributions have similar shapes [86].

In this work, having considered Mask R-CNN pineapple detectors with different starting

weights, CNN backbones, and data augmentation strategies, the best-performing detector

was selected, and its mask outputs were used to determine the size of 120 previously-unseen

pineapples from images. The two-sample Z-test and the Kolmogorov–Smirnov test (KS test)

were then used to establish whether the fruit sizes obtained from images are sufficiently

similar to the fruit sizes obtained by manual measurement of each pineapple.
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Figure 5.8: Comparison of two ECDFs (blue and orange lines). The two-sample
KS statistic, showing the maximum discrepancy between the two distributions, is
indicated with a black arrow.



Chapter 6

Results

This chapter discusses the performance of the detection models, as well as the efficacy of the

size determination approach. In Section 6.1, the evaluation metrics described in Section 4.3

are used to assess various Mask R-CNN models to identify the best-performing pineapple

detector to be used in this research. Thereafter, in Section 6.2, statistical methods are used

to determine whether the fruit sizes obtained from images are representative of their actual

measurements.

6.1 Object detection

The aim of the first task in this research was to train an instance segmentation model to

effectively localise pineapples within images. To this end, several Mask R-CNN models were

considered. There are many parameters that can affect the performance of a detector, in-

cluding (i) choice of the starting weights, (ii) choice of CNN backbone, and (iii) whether data

augmentation is used.

6.1.1 Transfer learning: choice of starting weights

Pineapple detection performance was assessed using two transfer learning procedures. The

first involved initialising the Mask R-CNN network weights with ImageNet features (Model

1: ImageNet NoAug Res101), while the second initialised network weights with MS COCO

features (Model 2: COCO NoAug Res101). The training and validation losses for these two

choices of starting weights are shown in Figure 6.1, where it is evident that the losses asso-

50
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ciated with Model 2, initialised with COCO pretrained weights, are considerably lower than

those of Model 1, which was initialised with ImageNet weights. In Figure 6.1, it is evident

that the validation loss is lower than the training loss. This may arise because the validation

set contains easier examples than the training set. In this case, the validation set contains

only 32 images, with fewer pineapples per image than the training set, as seen in Figure 5.2.

This can happen by chance when the validation set is small.

Figure 6.1: Training and validation set losses for Mask R-CNNs initialised with
ImageNet weights (blue) and COCO weights (red). Training losses are shown in
the top panel, while validation losses are shown in the bottom panel.

The ImageNet dataset contains far more images than the MS COCO dataset (Table 5.2)

and yet it was outperformed by COCO in this context. This may be due, in part, to the fact

that the ImageNet dataset only has an average of 1.5 objects per image, while the COCO

dataset has an average of 7.3 objects per image, which is more comparable to the average

number of objects per image in the pineapple dataset. The pineapple dataset used for instance

segmentation had an average of 13.4 pineapples per image (Table 5.1).
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The AP performance of the two models on the validation set is summarised in Table 6.1.

Both models performed well in terms of AP@0.5. However, the COCO-initialised model,

COCO NoAug Res101, achieved an AP@[0.50:0.05:0.95] value of 0.892, compared the to the

ImageNet-initialised model, ImageNet NoAug Res101, which achieved an AP@[0.50:0.05:0.95]

value of 0.860. As the MS COCO features were better suited to the task of identifying pineap-

ples, these were chosen as starting weights for all subsequent networks.

Model

#
Model name

Starting

weights
# epochs

Validation AP

IoU=

0.5

IoU=

0.50:0.05:0.95

1 ImageNet NoAug Res101 ImageNet 30 1.00 0.860

2 COCO NoAug Res101 COCO 30 0.998 0.892

Table 6.1: Validation average precision (AP) summary of two Mask R-CNNs for
pineapple detection trained using different transfer learning procedures. Model 1
was initialised with ImageNet starting weights, while Model 2 was initialised with
MS COCO starting weights. Both models have a ResNet101 CNN backbone and
did not employ data augmentation.

6.1.2 CNN backbone

Mask R-CNN pineapple detectors with different variations of the ResNet CNN backbone were

assessed. Model 2 (COCO NoAug Res101), with its ResNet101 backbone was compared to

Model 3 (COCO NoAug Res50), which made use of a smaller ResNet50 backbone. The only

difference between these two models is their CNN backbone; all other parameters were kept

the same during training and both models were initialised using MS COCO features. The

training and validation losses for the two choices of CNN backbone were very similar, as can

be seen in Figure 6.2.

A comparison of the AP performance of Model 2 (COCO NoAug Res101) and Model

3 (COCO NoAug Res50) (Table 6.2) shows that both models performed well in terms of

AP@0.5. Interestingly, Model 3 (COCO NoAug Res50) performed almost as well as its larger

counterpart in terms of AP@[0.50:0.05:0.95] (Table 6.2), achieving a value of 0.884, compared

to Model 2 (COCO NoAug Res101), which achieved an AP@[0.50:0.05:0.95] value of 0.892.

As Model 3, with its smaller CNN backbone, had comparable performance to that of the

larger network, it was chosen for subsequent steps in this work.
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Model

#
Model name

CNN

backbone
# epochs

Validation AP

IoU=

0.5

IoU=

0.50:0.05:0.95

2 COCO NoAug Res101 ResNet101 30 0.998 0.892

3 COCO NoAug Res50 ResNet50 30 1.000 0.884

Table 6.2: Validation average precision (AP) summary of two Mask R-CNNs
for pineapple detection with different CNN backbones. Model 2 has a ResNet101
backbone, while Model 3 makes use of ResNet50 architecture. Both models were
initialised with MS COCO starting weights and did not employ data augmentation.

Figure 6.2: Training and validation set losses for Mask R-CNNs with ResNet50
CNN backbone (green) and ResNet101 CNN backbone (red). Training losses are
shown in the top panel, while validation losses are shown in the bottom panel.
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6.1.3 Data augmentation

Data augmentation was applied with the pineapple training set using horizontal flip (Model 4:

COCO Fliplr Res50), Gaussian noise and Gaussian blur (Model 5: COCO GaussNB Res50),

lightening and darkening (Model 6: COCO Colour Res50) and a combination of the above

three approaches (Model 7: COCO All Res50). These were all compared with respect to

Model 3 (COCO NoAug Res50), which did not make use of data augmentation during train-

ing. All models were initialised using MS COCO features and had a ResNet50 CNN backbone.

The training and validation losses for models trained using the different data augmentation

strategies outlined above are shown in Figure 6.3. The use of data augmentation resulted

in a decrease in both training and validation set losses, although all augmentation strate-

gies appear to have similar performance (Fig. 6.3). A summary of the average training and

validation set losses (Table 6.3) shows that Model 4 (COCO Fliplr Res50) has the lowest

training loss and validation loss, on average. Table 6.4 confirms that Model 4 has the best

performance, with an AP@[0.50:0.05:0.95] of 0.914.

Model

#
Model name Augmentation

Average

training loss

Average

validation loss

3 COCO NoAug Res50 None 0.261 0.250

4 COCO Fliplr Res50 Horizontal flip 0.158 0.146

5 COCO GaussNB Res50 Gaussian noise and blur 0.161 0.151

6 COCO Colour Res50 Lightening & darkening 0.174 0.164

7 COCO All Res50 All of the above 0.179 0.155

Table 6.3: Summary of training and validation set losses for Mask R-CNNs using
different data augmentation strategies. All models have a ResNet50 CNN backbone
and were initialised with MS COCO starting weights. The average training and
validation losses are calculated across all 30 epochs. For each model, the minimum
validation loss is reported, together with the epoch in which the minimum value was
achieved.
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Figure 6.3: Training and validation set losses for Mask R-CNNs employing dif-
ferent data augmentation strategies. Training losses are shown in the top panel,
while validation losses are shown in the bottom panel. Models 4–7 were trained
using data augmentation and had lower training and validation losses than Model
3, which did not make use of data augmentation.

Model

#
Model name Augmentation

Min.

Val.

Loss

# epochs
Validation AP

IoU=

0.50

IoU=

0.50:0.05:0.95

3 COCO NoAug Res50 ResNet50 0.192 30 1.000 0.884

4 COCO Fliplr Res50 Horizontal flip 0.113 28 1.000 0.914

5 COCO GaussNB Res50 Gaussian noise and blur 0.110 24 1.000 0.905

6 COCO Colour Res50 Lightening & darkening 0.119 29 1.000 0.898

7 COCO All Res50 All of the above 0.107 29 1.000 0.898

Table 6.4: Validation average precision (AP) summary of Mask R-CNNs pineap-
ple detectors employing different data augmentation strategies during training. All
models have a ResNet50 CNN backbone and were initialised with MS COCO start-
ing weights. For each model, the weights associated with the epoch with lowest
validation loss were used to determine the AP.
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6.1.4 Test set performance and error cases

Model 3 (COCO NoAug Res50) was considered the best model that did not make use of data

augmentation, while Model 4 (COCO Fliplr Res50) was identified as the overall best pineap-

ple detector considered in this work, based on validation AP values. As such, the performance

of these two models on the withheld test set was evaluated. The pineapple detector Model 3

(COCO NoAug Res50) achieved a test AP@0.50 of 0.997 and a test AP@[0.50:0.05:0.95] of

0.874. However, as expected, Model 4 (COCO Fliplr Res50) improved upon this, achieving

a test AP@0.50 of 1.000 and a test AP@[0.50:0.05:0.95] of 0.901.

For the best models with augmentation (Model 4) and without augmentation (Model 3),

a search was performed to identify images in the test set where the number of detected masks

was not equal to the number of ground truth masks. Fig. 6.4 (A), captured by Camera A,

highlights an example where a pineapple was successfully detected by Model 4 but had not

been detected by Model 3. The pineapple in question was partially occluded by another

pineapple that was lying on top of it.

For both Model 3 and Model 4, one image was identified that did not have an equal num-

ber of detected and ground truth masks. In this image, there was one less ground truth mask

than detected masks. This means that the models detected a pineapple that had not been

annotated. This extra detection is shown in Figure 6.4 (B), captured by Camera B. In this

case, the detected object is in fact a pineapple that had not been labelled as it was primarily

out of frame. Comparing images taken with Camera A and Camera B (Fig. 6.4), we see that

the heights of the two cameras are slightly different. In images taken with Camera A, only

the contents of the 2 conveyor sections are in frame (Fig. 6.4 (A)). However, in images taken

with Camera B, the adjacent sections are slightly visible at the top and bottom of the image,

and some background is visible to the left and right (Fig. 6.4 (B)).
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Figure 6.4: Test set images showing the masks detected by Model 4
(COCO Fliplr Res50). (A) shows an image from Camera A. The pineapple in-
dicated by the white arrow was successfully detected by Model 4 but had not been
detected by Model 3. (B) shows an image from Camera B. One pineapple, indi-
cated by the white arrow, was detected by the network but had not been labelled as
it did not appear within the two conveyor sections centred in frame.
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6.2 Size determination

As Model 4 (COCO Fliplr Res50) was determined to be the best pineapple detector con-

sidered in this work, it was the model chosen for determining the size of pineapples from

images. As such, Model 4 (COCO Fliplr Res50) was used to predict masks for pineapples in

the previously-unseen dataset of pineapple images (described in Section 5.3), to post-validate

the size determination approach. The process described in Section 5.6.1 was used to find

the length and diameter of each fruit. The dimensions obtained by manual measurement

using callipers were compared to the dimensions extracted from the predicted object masks

by plotting histograms of the scaled data (Fig. 6.5). Visually, the predicted measurements

seem to resemble the actual measurements.

For both the fruit diameter and fruit length, two-sample Z-tests were used to indicate

whether the mean of the dimensions obtained by manual measurement is equal to the di-

mensions extracted from the predicted object masks. Z-tests for diameter measurements

(Z=0.000, p=1.000, two-tailed) and length measurements (Z=0.000, p=1.000, two-tailed).

The two-sample Z-tests for both the diameter and length had very high p-values, indicating

that there is not enough evidence to reject the null hypothesis that the two population means

are equal.

Figure 6.5: Scaled distributions for fruit diameter (left) and length (right). The
dimensions obtained by manual measurement using callipers are shown in blue
bars, while the dimensions obtained from the predicted object masks are shown in
orange.
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To further investigate whether the distribution of predicted fruit dimensions is the same as

the distribution of actual, hand-measured dimensions, we consider the empirical cumulative

distribution functions (ECDFs) shown in Figure 6.6.

The ECDF of the scaled predicted fruit diameter has the same general shape and position

as the ECDF of the scaled manually measured diameter. A two-sample KS test showed that

the distributions of the measured and predicted diameters were found to have a KS value of

0.083, and a p-value of 0.801. As the KS test had a high p-value (p � 0.10), there is not

enough evidence to reject the null hypothesis that the two distributions are equal. According

to this test, the difference between the two distributions is not significant enough to say that

they are explicitly different.

A two-sample KS test showed that the distributions of the measured and predicted lengths

were found to have a KS value of 0.058, and a p-value of 0.987. The high p-value indicates

that there is not enough evidence to reject the null hypothesis of there is no difference be-

tween the two distributions.

Figure 6.6: Empirical cumulative distribution functions (ECDFs) for the scaled
diameter (left) and scaled length (right). The dimensions obtained by manual
measurement using callipers are shown by blue lines, while the dimensions obtained
from the predicted object masks are shown in orange. Visually, the ECDFs for the
predicted measurements seem similar to those of the actual measurements.
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Figure 6.7 shows some examples of images used for size determination where some pineap-

ples are seen to be standing upright. In these cases, the longitudinal section of the pineapple

is not visible, resulting in underestimation of length measurements.

Figure 6.7: In some images used to evaluate the size determination approach,
some pineapples (circled in white) are seen to be standing upright rather than
lying flat. For these fruits, the algorithm is unable to extract accurate length
measurements.

The second approach to size determination involved finding the projected area of each

pineapple instance. The projected areas extracted from the predicted object masks were

compared to the projected areas of the hand-labelled ground truth masks. As both the

predicted and ground truth masks had the same shape, the values were not scaled. The

projected areas are given as a pixel area, based on a resized image of dimension 1024× 1024

px. As the predicted masks are being compared to the ground truth masks, rather than

the actual fruit measurements, differences in metrics should not arise due to the orientation

problem highlighted in Figure 6.7. Hence, comparison of the projected areas is useful, as the

ground truth area gives an indication of what the human performance would be on this task

of determining fruit size from images.

The histograms in Fig. 6.8 (A) have very similar shapes but the predicted projected area

is shifted to the left of the ground truth projected area. This phenomenon can also be ob-

served from the ECDFs in Fig. 6.8 (B), where the shape of the predicted area ECDF closely

resembles that of the ground truth area ECDF but is somewhat offset. While the shapes of

the KDEs and ECDFs are very similar, the predicted projected areas are shifted to the left

of the ground truth areas, indicating that the detector tends to under-report the projected

area. The two-sample Z-test for projected area (Z=-1.491, p=0.136, two-tailed) had a fairly

high p-value, indicating that there is not enough evidence to reject the null hypothesis that

the two population means are equal (µ1 = µ2). A two-sample KS test showed that the distri-

butions of the ground truth and predicted projected areas were found to have a KS value of

0.117, and a p-value of 0.389. As the p-value is large, there is no strong evidence to indicate
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that the two distributions are not the same.

Figure 6.8: Comparisons of the predicted projected area and the projected area
according to the hand-labelled ground truth masks are shown using (A) histograms
with KDEs overlaid and (B) ECDFs. Projected area is given as the pixel area,
based on a 1024×1024 px image shape. While the shapes of the KDEs and ECDFs
are very similar, the predicted projected areas are shifted to the left of the ground
truth predicted areas, indicating that the predictions tend to under-report the pro-
jected area.

In Section 6.1, Model 4 was found to be the most accurate pineapple detector based on

validation AP values. As such, it was used to detect pre-measured pineapples in images

that had not been previously seen by the model, as described in Section 6.2. The diameter,

length and projected area were extracted from the masks detected by Model 4, using the

OpenCV library. The values were compared to the calliper measurements (for diameter and

length) and to the area of the hand-labelled ground truth masks (for projected area), using

two-sample Z-tests and KS tests. These statistical methods showed that the distributions of

the predicted measurements closely resembled those of the actual measurements. Hence, it

appears that the proposed method is suitable for use in pineapple size determination from

images.



Chapter 7

Conclusions, limitations and future

work

This chapter provides an overview of the research conducted and summarises the findings

and implications thereof. It also outlines the limitations of this research, as well as future

work that could extend this project.

This research presented an approach to determine pineapple size from images, using Mask

R-CNN to identify the instances of pineapples, and subsequently extracting fruit dimensions

using the OpenCV library. All the research objectives mentioned in Chapter 1 were addressed.

The development of a non-destructive pineapple fruit size determination approach based on

images will be valuable in allowing the factory to obtain representative size data. This, in

turn, will allow for a better understanding between the relationship between fruit size and

juicing efficiency. This means that the factory will be better positioned to incentivise farmers

to deliver the optimally-sized fruit by including a size-related factor into the pricing scheme.

Several Mask R-CNNs were trained on the pineapple dataset described in Section 5.2.

Analysis of transfer learning showed that Model 2 (COCO NoAug Res101), initialised with

MS COCO features, performed better than the Model 1 (Imagenet NoAug Res101), which

was initialised with ImageNet weights. Both ResNet101 and ResNet50 CNN backbones were

considered for the Mask R-CNN pineapple detector. It was found that Model 3, with the

smaller ResNet50 backbone, performed almost as well as its larger counterpart.

The pineapple detector Model 3 (COCO NoAug Res50) achieved a satisfactory perfor-

mance, with a validation AP@[0.50:0.05:0.95] of 0.884 and a test AP@[0.50:0.05:0.95] of 0.874.

This was, however, improved upon by including data augmentation. Model 4, which made use

62
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of horizontal flipping during the training process (COCO Fliplr Res50), achieved a validation

AP@[0.50:0.05:0.95] of 0.914 and a test AP@[0.50:0.05:0.95] of 0.901.

From the observed error cases, it appears that the models perform better when the pineap-

ples appear in a monolayer on the conveyor belt. Additionally, the camera heights could be

adjusted more finely to ensure that both cameras have the same field of view. Alternatively,

a crop and resize step could be employed on images from Camera B to enforce this.

Model 4 (COCO Fliplr Res50), having been identified as the best-performing detector,

was then used to predict masks for pineapples in the previously-unseen dataset of pineapple

images (described in Section 5.3), to post-validate the size determination approach. The

distributions of the predicted fruit dimensions were found, using two-sample Z-tests and

two-sample the Kolmogorov–Smirnov tests, to be equal to the manually measured fruits.

It was therefore established that this is an appropriate method to use for pineapple size

determination, in this context.

While the results achieved in this work were satisfactory, there were a few limitations:

• A relatively small dataset was used to train the Mask R-CNNs to detect pineapples.

Additionally, these were acquired during a limited time period using convenience sam-

pling, due to delays associated with the COVID-19 pandemic. Utilising training data

obtained throughout the year might provide a detector that is more robust to variation

in seasonal colour changes.

• Cameras were not installed at exactly the same height from the conveyor. If these

heights were adjusted, the size determination accuracy would be increased.

• In the post-evaluation of the size determination approach, two-sample tests had to be

used to compare the manual measurements to those extracted from the predicted masks,

as it was not possible to identify individual pineapples in order to obtain a root mean

square error (RMSE). It could have been useful to see how well the size determination

approach worked with respect to individual fruits.

While convenience sampling was used in this work, future work could employ an exper-

imental design approach, incorporating data from different seasons, as well as night shifts.

Furthermore, the training data could be extended to include examples of foreign objects that

are sometimes deposited onto the conveyor belts along with the fruit. Foreign objects may

damage the peeler, resulting in downtime that negatively affects operating efficiency. If this

could be implemented on a real-time basis, an auto-stop function could be incorporated to

avoid damage to equipment. In future work, the size data obtained from images could be
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used in conjunction with information about the growing conditions of the pineapple plants

to better understand the factors affecting fruit size, and to allow for more accurate yield

predictions.
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