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Abstract

Significant sensitivity to changing temperatures makes phenological data an extremely
valuable record for studying the potential influence of global warming on various
ecosystems around the world [182]. However, due to the great species richness as
well as vast and hardly accessible areas of habitat, currently available methods of data
collection are very time-consuming and severely limited to certain locations. In this
project, we aim to provide a new fully-automated method for species tracking that
allows for the further development of image analysis tools for real-world ecological
data collection in any type of flowering ecosystem.

We utilise the most recent deep-learning approaches towards automatic object detection
in combination with high spatial resolution imagery collected by unmanned aerial
vehicles (UAV) in order to generate the phenology records of E. vaginatum species
communities in the Arctic tundra. Our final model, based on the very successful Faster
R-CNN architecture, utilises a 2-convolutional-block feature extractor in combination
with a parametric ReLU activation (PReLU). Such a set-up achieves an impressive AP
of 77% on our test set. Moreover, our network indicates almost human-like performance
in case of species counting, being able to detect 90% of the true number of objects
presented within the investigated area. Achieved results demonstrate the potential of
deep-learning-based methods for accurate as well as fast detection of small objects,
despite using remote sensing drone imagery characterised by a high amount of noise
and a limited field of view.

Furthermore, for the purpose of this project, we have generated an extensive dataset
of 2160 images containing 34855 annotated E. vaginatum flower objects, making it a
valuable resource for future studies regarding the phenology of this particular species as
well as tundra biome in general.
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Chapter 1

Introduction

1.1 Motivation

The rapidly rising temperatures caused by global warming are accelerating the phenol-
ogy and affecting the expansion of many organisms around the world [127]. However,
due to the great species richness and vast areas of habitat, it unfeasible to track and
assess all the changes when using the standard on-site measuring methods [124]. In our
dissertation, we aim to incorporate the most recent deep-learning approaches towards
the automated object detection [134, 142], in order to alleviate this issue and deliver a
fully-automated tool for species communities detection, tracking and counting in any
flowering ecosystem using high spatial resolution drone imagery.

The Arctic, experiencing an average temperature increase of approximately 2°C since
1950, is warming more rapidly than any other biome on the planet [119]. Moreover, its
average temperature is predicted to rise further by 6-10°C within the next 100 years
[119]. Such a vastly warming environment leads to more extensive snowmelt in the
spring and much longer photosynthetic activity of the local plants due to later snowfall
in autumn [182]. These patterns suggest lengthening of the tundra’s growing season
[81] which has been estimated by recent studies to increase further by approximately
4.7 days per decade [121]. However, any further research regarding the changes in
vegetation patterns and their extent is significantly limited by a relatively little number
of available measuring methods which enable accurate plant age and growth tracking as
well as comparison with the snow-free period data obtained through satellite monitoring
[182]. Therefore, the exact consequences of warming in tundra plant communities are
still uncertain.

Phenology is a study of plant and animal life cycle events including flower and leaf
emergence in spring and their decay in autumn [31]. The timing of flowering influences a
plant’s reproduction capabilities. Its growth and ability to capture energy are determined
by the timing of its photosynthetic tissue development [8]. Therefore, fluctuations in
phenology are likely to influence the role and distribution of particular species in their
communities over time. Furthermore, plant phenology can be influenced by changes in
a variety of factors, including temperature [127, 139]. Thus, phenological records are
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8 Chapter 1. Introduction

especially valuable parameters for studying the potential influence of global warming
on various ecosystems [182].

One of the most widely used plant phenological records is the time and density of
flowering (i.e. the number of individuals per area). The typical way that ecologists
have gathered phenological data has been by observing phenological changes on-site
in localised plots (i.e. 1m2 or along short transects) [124]. Unfortunately, these on-
site observations are extremely time-consuming and highly difficult in less accessible
areas [127]. However, rapidly developing technology allows for new approaches to
the collection of phenology data including proximal remote sensing using drones [32].
The use of unmanned aerial vehicles (UAVs) is a cost-effective way to conduct detailed
analysis with high spatial and temporal resolution as well as avoiding destructive
sampling of sensitive ecosystems [18].

Various methods had been attempted in recent years in order to achieve fully-automated
analysis of ever-growing aerial imagery for community species monitoring. These
include simple image data thresholding [5], template matching [3] as well as regression
analysis [7] and object-based image analysis (OBIA) [60]. However, none of these ap-
proaches successfully provided a fully-automated solution. More successful techniques
involving other computer vision methods, such as maximally stable extremal regions
(MSER) [82] and UAV imagery, have been used to count seabirds and turtles [100].
However, due to its sensitivity to blur and the tendency to prefer round regions [82], this
method still did not enable fully-robust automated analysis of high spatial resolution
drone imagery.

In recent years, a rapid development of deep-learning techniques due to the more capable
hardware (i.e. GPU) and large-scale datasets gave a rise to numerous outstandingly
performing image classification models based on deep convolutional neural networks
(CNN) [25] with the most profound being AlexNet [88]. The successful performance
of AlexNet in ImageNet Large Scale Visual Recognition Challenge [138] in 2012
proved that the methods based on CNNs are much more robust than the traditional
feature extraction techniques such as the histogram of orient gradient (HOG) [171] or
scale-invariant feature transform (SIFT) [98].

The most recent advances within the field of deep-learning engender further develop-
ment of unified frameworks for object detection by combining region proposal extraction
and CNN classification networks [25]. Specific architectures involve SPP-Net [67],
R-CNN [58] as well as its Fast R-CNN [57] and Faster R-CNN [134] successors
which had already proved to be extremely successful in tasks of aerial target tracking
[25, 177, 29, 96] and pedestrian detection [94].

However, there were few attempts of direct application of deep-learning-based object
detection models to high spatial resolution remote sensing images obtained by the UAVs
[25]. Such imagery introduces an additional challenge due to the relatively small object
sizes when compared with the background and image distortions caused by the drone
movement [19]. Therefore, our project aims to investigate the performance of the most
recent object detection Faster R-CNN architectures [134] on the extremely challenging
task of flower detection from high spatial resolution UAV imagery in order to deliver a
fully-automated tool for real-world ecological data collection.
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Our dissertation focuses on the detection and counting of Arctic tundra Eriophorum
vaginatum cotton-grass flower species [139] in drone imagery. E. vaginatum is a widely
distributed tundra flower found across the North American and Siberian Arctic which
is monitored for plant phenology at sites around the tundra biome [68]. Automatic
flower detection and counting could substantially speed up and improve phenology
data collection in tundra ecosystems providing landscape-level information on plant
responses to global temperature change [68]. Our project aims to provide a new fully-
automated method for species tracking and allow for the development of image analysis
tools for real-world ecological data collection in tundra as well as other flowering
ecosystems (i.e. grasslands, deserts).

Firstly, we will discuss previous work in the field of object detection as well as present
the chosen approach used to achieve the project’s objectives (Chapter 2). Next, we
will describe the data collection strategy and the final dataset used to train our model
(Chapter 3). Chapter 4 focuses on the methodology and design choices made to build
the best-performing architecture, whereas Chapter 5 describes the training process and
experiments performed in order to determine the most optimal model set-up (i.e. both
architecture and hyper-parameters). Lastly, in Chapter 6, we provide the reader with a
complete evaluation framework to assess the performance of our final model.

1.2 Goals

The following is the overview of the main objectives of a successfully completed project:

• Data annotation tool: an intuitive and easily accessible flower annotation tool
would allow for comprehensive and robust dataset generation which is crucial for
training any deep-learning-based models.

• Dataset for E. vaginatum flower detection: generation of an extensive dataset
including coordinates of each species within an image is essential for achieving the
appropriate level of generalisation by our network. Furthermore, such data could
potentially be valuable for other phenological studies regarding E. vaginatum and
the impact of global warming on the tundra biome.

• Fully-automated and robust model for flower detection and counting: we
consider this as the main objective and primary indicator of the successfully
completed project. If well performing, such a model could substantially improve
and speed up phenology data collection regarding E. vaginatum proving that
similar deep-learning-based object detection methods could be applied to other
plant or even animal species monitoring.

• Accurate and reliable evaluation method: with a complex structure of our
detection model and a wide range of available performance metrics, it is necessary
to provide the reader with a simple way of assessing our network, not only against
its various set-ups (i.e. hyper-parameters) but also against human annotators.
Such metric is essential for indicating how close our model is from achieving
human-like performance.
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1.3 Contributions and achievements

Below, we present our achievements and contributions towards a new method of quanti-
fying plant phenology in a warming tundra biome:

• Data collection manuscript: we have proposed a detailed data collection proce-
dure which had been successfully implemented by Team Shrub members [153]
resulting in an extensive set of high spatial resolution imagery of the Arctic tundra
biome (Chapter 3). The original version of the manuscript has been presented in
Appendix A.1.

• Data annotation tool: we provided the annotators with a user-friendly web-based
tool for E. vaginatum flower annotation (Chapter 3).

• E. vaginatum dataset: in cooperation with other human annotators, we success-
fully generated a dataset of 2160 tiles (i.e. original image crops) containing
34855 flower objects. Despite the incompleteness of the proposed annotations
(Chapter 6), our dataset provides a valuable E. vaginatum phenology data and
can be utilised in neural networks training process yielding almost human-like
performance (Section 6.4).

• Parametric ReLU layer: we have successfully incorporated a parametric ReLU
(PReLU) activation layer [66] in our final Faster R-CNN architecture improving
the performance our model when compared with the equivalent one using standard
ReLU activation unit [116].

• Model for E. vaginatum flower detection and counting: we have successfully
designed and trained a neural network based on the Faster R-CNN architecture
and its MATLAB implementation (Chapters 4 and 5). Furthermore, our model
is capable of detecting even small flower objects despite varying image quality
factors and achieving almost human-like performance.

• Extensive model assessment: we have investigated various performance metrics
and successfully assessed our model against human annotators (Chapter 6). More-
over, we have also proved the incompleteness of our ground-truth annotations as
well as its influence on the final assessment results.



Chapter 2

Background

The most fundamental step towards a successful model implementation is choosing
a suitable architecture for the considered task. To remind the reader, the goal of our
project is to deliver a deep-learning-based detector capable of detecting and counting
E. vaginatum flower objects of relatively small sizes from high spatial resolution
drone imagery. Our model, therefore, needs to characterise with a high robustness to
background noise (i.e. other plant species), motion blur as well as varying lighting
conditions due to the variable weather conditions. In this chapter, we will present and
discuss possible approaches to handle the task of E. vaginatum flower detection and
counting (Section 2.1) as well as choose the most suitable architecture (Section 2.2).

2.1 Task definition

Neural networks are currently applied to a vast range of tasks (Figure 2.1), the most
fundamental being image classification. In this case, each image is classified with
an appropriate label based on the dominant object presented within it [88]. More
complex tasks involve object localisation denoting the prediction of a region of the
image, usually enclosed by a bounding box, where the dominant object is presented
and apply classification to determine which class it belongs to [155]. Despite many
architectures such as AlexNet [88], VGG-16 [155] or Res-Net [65] being successfully
applied in such tasks, these approaches are not suitable to be used on their own in a
much more complex E. vaginatum flower detection and counting problem due to the
multiple objects being present in a single image. By contrast, semantic and instance
segmentation, as well as object detection, are the types of tasks which consider multiple
objects being included within a single image, thus indicating the potential to be applied
in our project.

In semantic segmentation, the task is to understand an image at its pixel-level where
each pixel is labelled by an appropriate object class that it belongs to [123]. Early
approaches involved texton [150] and random [151] forests based models. However, the
introduction of the deep-learning-based methods able to suppress such models by a large
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Figure 2.1: Different types of tasks in machine learning [51].

margin in case of both the performance and accuracy allowed for further development
within the field.

An early deep-learning approach involved patch classification [30] with further improve-
ment achieved by the fully convolutional networks (FCN) [148] allowing inputs of any
size due to the lack of fully-connected layers. U-Net, on the other hand, utilised an
idea of encoder-decoder architecture with the former component reducing and the latter
recovering the object detail alleviating the issue of losing the localisation information
caused by the pooling layers in other models. Further improvements based on the
encoder-decoder approach were developed by [122] which introduced very large kernel
convolutions.

By contrast, DeepLab network [21] approached the segmentation task by incorporating
dilated convolutional layers [178] able to increase the field of view without adding extra
parameters to the model also eliminating the need for the pooling layers. Moreover,
its performance had further been improved by its later versions of v2 [22] and v3 [23]
with the latter achieving an impressive score of 85.7% mAP in the PASCAL VOC
2012 challenge [50] outperforming previously mentioned networks (i.e. in semantic
segmentation task).

Despite the rapid improvement of semantic segmentation based architectures, this
approach was not the most suitable for our task due to its inability to distinguish
between two adjacent instances of the same class (i.e. flowers may overlap with each
other). Semantic segmentation simply classifies pixels which might be applicable to
studies concerning plant coverage but does not allow for counting the exact number of
individual species growing within a specified area.

Instance segmentation goes beyond the semantic segmentation approach, classifying
each pixel of an image by the object class as well as determining particular object
instance that it belongs to [123]. Recent studies indicate that achieving a robust instance
segmentation network is very challenging due to the unknown number of instances
and the inability of performed predictions evaluation in a pixel-wise manner as for the
semantic segmentation [56]. As a consequence, the instance segmentation task remains
a partially unresolved research topic [56].
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Most successful instance segmentation architectures include DeepMask [125] and
MaskLab [20] which are both build on top of the existing object detectors which
are themselves responsible for each instance detection. Therefore, we did not define
our task as instance segmentation problem since we could simply use object detector
architectures that do not involve additional segmentation step [56] which we find
unnecessary in case of flower detection and counting.

Hence, we focused on object detection architectures which aim to localise and classify
all objects present in an image. Like in a single object localisation, predicted objects
are enclosed within the bounding boxes. We found the object detection approach the
most suitable for achieving the objectives of our project. Moreover, the already existing
architectures for object detection proved to achieve relatively good performance even
on noisy data with a significant number of objects of different classes and scales. Most
popular architectures involve Faster R-CNN [134] and Single Shot MultiBox Detector
(SSD) [97] which are discussed in more detail in the next section. Furthermore, a
successful object detection makes flower counting just a sum of all detected objects
within a specified area.

2.2 Object detection methods

Treating object detection as a regression problem where we try to predict the coordinates
of the bounding boxes enclosing each object would not be feasible since each input
image would yield a different number of outputs. The same applies to the classification
approach since the detector would need to be applied to a huge number of image
corps of different sizes making it an extremely computationally-expensive solution
[133]. Therefore, a more feasible approach is to introduce an efficient method of region
proposals extraction (known as region of interest, RoI) which are most likely to contain
objects and perform classification and regression directly on these proposals.

One of the first approaches was to classify a fixed set of evenly spaced square windows
sliding over an image of different scales introduced by OverFeat [142]. Despite the
simplicity of this method, OverFeat was able to achieve satisfactory performance at
the time, winning the ImageNet Large Scale Visual Recognition Challenge in 2013
(ILSVRC13) [138] and achieving 24.3% mAP (mean average precision) in the detection
task on ImageNet dataset. However, many purposed windows contained only parts of
the objects leading to good classification results but inaccurate detection.

An alternative was presented by the region-based convolutional neural network (R-
CNN) [58] which utilised a separate region extraction algorithm such as selective search
in combination with a feature extractor network (CNN). Running a separate method
to generate region proposals was more time-consuming, resulting in R-CNN being
almost two orders of magnitude slower than the OverFeat network. However, such
approach significantly improved the accuracy of the detector to 31.4% mAP on the same
ILSVRC13 detection dataset due to much better ability to localise each of the objects.
R-CNN originally used 2000 regions proposed by the selective search method which
were then rescaled to the size of 227ˆ227 to fit the input dimensions of the AlexNet
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Figure 2.2: R-CNN [58] and Fast R-CNN [57] test time comparison. The benchmarks
involve time spent on selecting region proposals and detection.

network used for feature extraction. Each region was then fed into the AlexNet in order
to extract 4096 features and passed to an SVM performing classification along with
multiple class-specific linear-regressors to refine the bounding boxes. Despite higher
accuracy, R-CNN required 2000 separate passes through the convolutional network per
image during the training phase which resulted in a very slow detection performance
of 47 seconds per image when using VGG-16 [155] network as the feature extractor
(instead of AlexNet [88]).

Further improvements were implemented in the Fast R-CNN architecture [57] which
also utilised the selective search proposal extraction method, however, instead of feeding
each region through the CNN, it required only a single pass of the whole image to
extract a global set of feature maps. Fast R-CNN used a region of interest pooling layer
which divided the projected proposals into 7ˆ7 grid and performed maximum pooling
within each cell, producing a fixed-size output. This was necessary in order to process
the input further by the classification and regression steps which used fully-connected
layers, thus requiring inputs of pre-defined size. As a result, Fast R-CNN was able to
process inputs of any sizes with no need of image rescaling. This approach resulted
in a significant 9 and 25 times speed up in training and test times respectively when
compared with the original R-CNN. Moreover, the enhancement purposed by the Fast
R-CNN, surpassed R-CNN performance yielding 68.8% mAP on the PASCAL VOC
2010 dataset (62.4% mAP for R-CNN; both using VGG-16). However, the biggest
bottleneck of the Fast R-CNN was its region extraction method (i.e. selective search),
accounting for approximately 80% of the time spent to process a single image (Figure
2.2).

Further architecture enhancement regarding region extraction was proposed by Multi-
Box [162], which introduced the concept of region proposal network (RPN), proving
that the convolutional networks could be more efficient for region proposal extraction
than previously used heuristic approaches. RPN was a small convolutional network
whose input was a set of feature maps of each image produced by the last convolutional
layer of the base network (i.e. feature extractor) which operated in a sliding-window
fashion to generate the region proposals. This idea was utilised in the Faster R-CNN
architecture [134], where the combination of the RPN with the Fast R-CNN detector
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Figure 2.3: Speed/accuracy trade-off between different architectures for object
detection [74].

outperformed previous state-of-the-art architectures, yielding 75.9% mAP on PASCAL
VOC 2012 dataset (68.4% or the Fast R-CNN). Moreover, due to the lack of the selective
search for the proposal generation, Faster R-CNN further reduced testing time to only
0.2 seconds per image.

Faster R-CNN is an example of the refined classification strategy which processes
the prior bounding boxes and performs object classification on the features pooled
from the set of feature maps produced by last convolutional layer of the base network.
This strategy had been challenged by the direct classification approach used by the
Single Shot Multibox Detector (SSD) [97] in which prior box regression and object
classification were performed simultaneously and directly from the same input region,
further reducing the test time. A similar approach was used in a region-based fully
convolutional network (R-FCN) yielding an impressive, up to 20 times speedup over
its Faster R-CNN counterpart [34]. Other alternatives included You-Only-Look-Once
(YOLO) [133] network which divided each input image into N ˆ N grid, directly
predicting class scores (i.e. probabilities) along with the bounding boxes within a single
pass through the network allowing real-time object detection.

Despite a wide variety of object detection networks, the Faster R-CNN architecture
tends to outperform its counterparts including SSD and R-FCN using equivalent feature
extractors (i.e. base networks) [74]. Whereas the alternative models tend to be much
more computationally efficient, meaning that they require much less time to train and
perform the detection, Faster R-CNN achieves better accuracy (i.e. mAP) [74] which is
crucial in case of the task of very small E. vaginatum flowers detection and counting
(Figure 2.2). Therefore, we based our model on the Faster R-CNN architecture in order
to deliver a fully-automated method for E. vaginatum species tracking in the warming
tundra biome.





Chapter 3

Dataset

Unlike the images used in most of the object classification and detection tasks such
as ImageNet Large Scale Visual Recognition Challenge [138] or PASCAL VOC [50],
high-spectral drone imagery is characterised by even greater complexity. This includes
a very limited field of view variation due to the images being taken from the top-down
perspective which severely limits the available object characteristics. Moreover, the
object’s dimensions are significantly smaller when compared with the background
making the potential detector extremely vulnerable to noise. Nonetheless, due to
the defined ground spatial resolution (Section 3.1) we can easily estimate the size
of E. vaginatum flower objects which can greatly help with the network parameter
adjustment. In this chapter, we focus on the dataset generation procedure, specifically
its most challenging aspects and our approaches to tackling them with the available
resources.

3.1 Original images

In our dissertation research, we considered a set of 2625 high spatial resolution drone
images taken across four hectares on Qikiqtaruk - Herschel Island (69°N, 139°W) in
the Canadian Arctic (Figure 3.1). The data was collected during the summer of 2017
(i.e. June-August) by the Team Shrub research group from the School of Geosciences at
the University of Edinburgh [153]. The drone platform used in this study was Phantom
4 Advanced Pro equipped with a 20-megapixel CMOS sensor [40]. The data collection
protocol was created in cooperation with the field data collection team at the end of
May 2017.

In order to improve the robustness of our model, we used the images from four 100mˆ
100m separate tundra phenology sites (PS 1, PS 2, PS 3, PS 4) with varying types of
terrain that were taken on different days, in various times of day and under different
weather conditions (i.e. wind, cloud coverage). This procedure allowed us to generate
a representative set of images of the investigated area in variable light conditions and
including artefacts such as motion blur.

17
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Figure 3.1: Herschel Island (69°N, 139°W) location and an example drone imagery.

Altitude [m] Forelap [%] Sidelap [%] GSR [mm] Margin [m] Number of images
12.2 64 74 3 2 1112
23.5 80 84 6 8.5 775
50 90 90 14 8.5 427
100 88 89 28 15 311

Table 3.1: Image parameters according to the flight altitude.

In order to provide a possibility of orthomosaic generation of the whole area and to
avoid cases where a flower would be on the edge of two adjacent images, a sufficient
overlap („ 75% front and „ 50% side overlaps) between images was provided (Table
3.1). Moreover, for the purpose of scale-invariance detection, every flight covered each
area four times to collect data at different flight altitudes (Table 3.1). As a result, due
to the altitude difference, each set of images was characterised by a different ground
spatial resolution (GSR) represented by the formula in Equation 3.1. This simple metric
allowed us to easily determine what area corresponds to a single pixel in the image and
therefore, the size of the overlap at each altitude.

GS R“ Pixel sizeˆAltitudeˆFocal length o f the sensor rmms (3.1)

The visibility of flowers in drone imagery could be affected by light reflection, lens dis-
tortion as well as wind conditions which might greatly affect the annotators’ judgement
on presence or absence of a particular flower object. Therefore, the protocol included
quadrant counts in randomly selected 1mˆ1m sections of the areas in order to obtain
ground-counts for the final model evaluation (Section 6.3). The exact coordinates of
each corner of the quadrant were marked and recorded to allow for the area extraction
from the original imagery.

Due to the complexity of the task involving very small object detection, we decided
to use only images taken from the lowest altitude of 12.2m above the ground level
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Area Date Time (start) Wind speed [m/s] Sky conditions Number of images
PS1 12/07/2017 19:00:00 4.5 1 132
PS1 14/07/2017 20:55:40 2 3,7 129
PS2 12/07/2017 17:51:00 5 1 131
PS2 14/07/2017 17:47:30 5 1 137
PS3 12/07/2017 14:41:00 3 2 133
PS3 14/07/2017 14:40:40 6 1 141
PS4 12/07/2017 16:16:00 4.5 1 155
PS4 14/07/2017 16:09:50 5 1 154

Table 3.2: Parameters of all expeditions at the flight altitude of 12.2m for each survey
plot. Scale used to describe sky conditions had been provided in Appendix A.2.

collected on two different days (11th and 14th of July). This decision was made based on
individual E. vaginatum flower average dimensions which were approximately 3-5cm
[139]. This translates to just 10-16 pixels (i.e. in diameter) in even the highest resolution
imagery (i.e. lowest altitude), making the detection extremely challenging.

Table 3.2 presents every single expedition at 12.2m altitude in more detail regarding the
start time and weather conditions. Each expedition consisted of three flights starting
from a different point on the area grid allowing to obtain images of the same area from
different angles. Collecting images with multiple angles was extremely valuable since
the visibility of some of the flowers was heavily affected by the wind conditions and
motion blur in the imagery. The duration of each flight was approximately 3-4min.
The difference in the number of images collected on each day was a result of slight
variations in altitude, overlap and the coverage of the outskirts of the considered area,
although not preventing the samples from being comparable.

After the successful data collection conducted by the field team members, the database
consisted of 2650 high spatial resolution drone images (i.e. 5320ˆ4200), gathered from
the four survey plots in various weather conditions and at different altitudes. From this
set, we chose 1112 images collected at a flight altitude of 12.2m for further processing.

Each original image was saved in JPEG format. This was a slight variation from our
original protocol which proposed using both RAW and JPEG format for the most
optimal detail retrieval. However, due to the limited disk space and time required to
save each RAW formatted image during the flight, we decided to save the original data
as JPEG only.
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Figure 3.2: Due to relatively big dimensions of the original RGB imagery (5320ˆ
4200), we decided to split each image into 440ˆ440 tiles.

3.2 Data processing and annotation

After selecting the appropriate set of imagery, we divided chosen data into 24 groups
(folders) to distinguish images from three flights on two different days, covering the
four survey plots. The number of images in each folder varied between 43 to 52,
depending on the flight. This procedure was necessary to provide the detector with
evenly distributed and representative data among the flights to aid with its robustness.

Due to relatively big dimensions of the original RGB imagery (5320ˆ4200), making
it extremely inconvenient to annotate a single photograph in one sitting as well as
requiring substantial amount of memory to process each image by the model, we
decided to split each image into 440ˆ440 tiles and save them in PNG format to provide
lossless compression (Figure 3.2). The tiles provided a 20-pixel overlap from each size
in order to avoid cases where a flower is missed due to its location on the edge of two
adjacent tiles and to allow easy reconstruction of the original image. Therefore, each
tile’s active coverage area is equal to 400ˆ400 pixels. Moreover, in order to preserve
the dimension consistency among the data, we provided black pixel padding (i.e. the
value of 0 per each RGB channel) for the outermost tiles.

As a result of the image cropping, the number of data-points increased to approximately
150000, making the future annotation process very time-consuming. Therefore, we
decided to drastically reduce the number of tiles being used for annotation. Moreover,
to achieve good generalisation of our model, we randomly selected 8% of tiles from 10
random images within each of the folders. This procedure resulted in a dataset of 2160
randomly selected tiles, evenly spread across images of different areas under various
weather conditions.

In order to provide an intuitive way to annotate the tiles by other people, we needed to
implement a user-friendly and easily accessible tool which did not require an installation
of any additional software. Despite the availability of complementary online image
annotation tools [78, 141], these were mostly applicable for easier tasks of image
classification rather than object detection. Therefore, we implemented a simple web-
based tool (Figure 3.3) allowing the users to automatically load a random, unannotated
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Figure 3.3: Screen views of the annotation tool (left) and the saved flower coordi-
nates annotated by the users (right).

tile after providing their username. The usernames were necessary to distinguish the
annotators between each other and provide them with previously unannotated tiles
as well as to obtain double-coverage of some of the images (i.e. annotation by two
different people). This approach allowed us to investigate how various people annotated
the same set of tiles and also improve the annotation quality in cases when some users
missed a particular flower which resulted in a collective annotation process (i.e. if the
annotations from two different people had IoU ă 0.5, both of the bounding boxes were
included).

The annotation tool, along with the dataset of 2160 tiles, were hosted on one of the
servers at the University of Edinburgh School of Informatics (broma.inf.ed.ac.uk). Each
user was able to annotate each flower by clicking on the area of the image which they
recognised as a E. vaginatum flower with a distinct red dot being placed to indicate
their choice. If the annotator made a mistake and wished to undo the annotation, they
could easily do so by holding Shift key and clicking on the incorrect annotation. After
completing a tile, each annotator submitted their choices by clicking the appropriate
green button and automatically loading the next unannotated tile. All flower locations
along with the annotator username, tile name and timestamp were then saved onto
Somata server (somata.inf.ed.ac.uk) in an easily interpretable JSON format (Figure
3.3).

Moreover, each flower annotation was recorded as a single pair of X-Y coordinates
within the tile and considered as a centre point of each flower. We are aware that such
a simplified assumption might not always be valid due to the small pixel and flower
sizes making it almost unfeasible to accurately click on the exact centre of a flower.
However, that is why we provided double coverage for most of the tiles, refining the
final annotations among various users.
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(a) (b)

Figure 3.4: Example annotated tiles. Each flower is marked as a green 14ˆ 14
bounding box.

3.3 Final dataset

Due to the specificity of the object detection task requiring bounding box as the form
of object annotation, we had to process the coordinates of flower centres and generate
the bounding boxes. Therefore, after successfully completing the annotation process
of the selected tiles, we extracted and processed the annotations from the JSON file
saved on the Somata server. As a result, the data was saved as a table containing 2160
rows and two columns. Each row corresponded to a single image, whereas the first
column contained a file path of each tile and the second column being a cell array
consisting of varying number of integer arrays of length four corresponding to flower
location (i.e. bounding box). First two entries of the integer array represented top-left
coordinates of the bounding box with their height and width specified by the last two
entries respectively.

The original Faster R-CNN architecture [134] used centre coordinates to determine
the bounding box location rather than its top-left corner. However, we chose to follow
the MATLAB interpretation of the bounding box annotation determined by the upper-
left corner [110]. Hence, we adjusted the original annotations by simply shifting the
centroids by an appropriate number of pixels (i.e. entries in the matrix representing each
tile) depending on the flower dimensions. We estimated the height and width of each
bounding box to be 14 pixels each due to the regular circular shape of E. vaginatum
flowers, thus shifting each centroid by seven pixels in a top-left direction. Despite the
severe oversimplification, our approach resulted in reasonable fit for the vast majority
of the flowers within the purposed bounding boxes (Figure 3.4). This was possible due
to the uniform ground spatial resolution of 3mm for all of the tiles which allowed us to
estimate a typical size in pixels of an E. vaginatum flower based on its average diameter
being approximately 3-5cm [139].

We are fully aware of potential disadvantages leading to inaccuracies of the ground-
truth annotations such as bounding box misalignment. Hence, we consider a further
improvement of the flower annotation process in the second part of this project. The
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Figure 3.5: Histogram of the distribution of flowers among the selected tiles suggests
a great imbalance between the number of annotated objects and the number of
background examples.

annotation process using a single click and recording a single pixel as a flower’s centroid
was the most feasible approach at the time of implementation making the annotation
process easy and understandable for the users. By contrast, drawing an appropriate
bounding box around each flower would make the process more time-consuming, and
vulnerable to inaccuracies due to the very small size of the objects.

Finally, after successful bounding box generation, we divided the modified dataset
into training and testing sets. An appropriate ratio between those divisions was crucial
for model generalisation ability. The training dataset is used to fit the parameters (i.e.
weights of the connections between nodes of the neural network and bias terms) whereas
the testing dataset allows us to evaluate the final network fit for the training data [47].
The division ratio between these sets greatly depends on the complexity of the task
as well as the dataset itself [15]. The the most commonly used division ratios greatly
differ between studies and range from 90%-10% to even 60%-40% for training and
testing respectively [61]. Due to the lack of universal method for dataset division, we
followed Pareto principle [167] and randomly divided our dataset into training and
testing sets with ratio of 80%-20% with a possibility of extending the testing set with
newly annotated part of the remaining tiles which had not been selected in the procedure
described in Section 3.2. As a result of the split, the final training and testing sets
consisted of 1728 and 432 tiles respectively.

It is worth to note that we have not used any tiles to form a validation set. The
validation set denotes a separate set of datapoints which is used to provide an unbiased
evaluation of the network fit on the training set enabling hyper-parameter tuning [16].
However, we were unable to take advantage of the validation set due to the lack of such
option provided by the trainFasterRCNNObjectDetector method at the time of the
implementation. We consider incorporating the validation set to our training process
as a future enhancement which might help with combating network overfitting (see
Section 5.1.1).
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Figure 3.6: Histogram of the amount of intersection between annotated flower
bounding boxes (datapoints with no intersection not included) suggests that our final
dataset does not include many cases of highly-clustered groups of flower objects.

Our final dataset contained 34855 annotated flowers (6933 in testing and 27922 in
training set) within 2160 tiles yielding approximately 16 flowers per tile on average.
Figure 3.5 indicates a relatively uneven distribution of flowers among the images with
almost 72% of tiles containing 20 or less annotated objects. This suggests a great
imbalance between the number of annotated objects and the number of background
examples making it extremely challenging for the network to fill the mini-batch with the
appropriate amount of positive example proposals (Section 4.2). However, as discussed
in Section 6.3, these statistics are very likely to be underestimated due to the poor
quality of the annotations which do not include all flower objects present within each
survey plot.

Furthermore, in order to investigate how sparsely the flowers were distributed within
each tile, we plotted the histogram showing the extent of intersection between flowers
in Figure 3.6. As a measure of bounding box intersection we used the notion of
intersection over union (IoU), also known as Jaccard index, which is defined as the
size of the intersection between two bounding boxes (in pixels) divided by the size of
their union [131] yielding a score of 1 if the boxes perfectly overlap and 0 if there is no
overlap between them (Section 4.2.2).

Due to the clarity of the graph, we included only flowers whose bounding boxes
intersected by at least one pixel (i.e. IoU ą 0) which applies to only 19.5% of all the
annotated flowers. Furthermore, only 8% of all the bounding boxes had IoU of over 0.1
suggesting that our final dataset did not include many cases of highly-clustered groups
of flower objects which could further complicate the detection process for the model as
well as human annotators.
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Methodology

The architecture of Faster R-CNN is a complex structure consisting of three distinct
parts (i.e. sub-networks) and trained in four separate stages (Section 5.1) [134]. The
inputs to the network are the images containing objects that we aim to learn the detection
of and the ground-truth bounding boxes indicating the exact location for each of the
objects. In case of our network the input data is the training set described in Section 3.3
consisting of 1726 RGB images (i.e. tiles), each represented as a 440ˆ440ˆ3 matrix.
These tiles are processed by the following sub-networks within the Faster R-CNN
pipeline:

• Convolutional neural network (base network): extracts features of the input
tiles (Section 4.1).

• Region proposal network (RPN): finds a predefined number of region proposals,
using the features from the base network, which are likely to contain relevant
objects (Section 4.2).

• Region-based convolutional neural network detector (Fast-CNN): uses the
outputs of two previous components (feature maps from the base network and
region proposals from the RPN) to refine the proposed bounding boxes, classify
the objects inside them and output the final detection results (Section 4.3).

After the completed training process, the network outputs bounding boxes of detected
objects, labels assigned to objects indicating the class of the object (i.e. flower) and the
probability scores of each bounding box belonging to that class.

The diagram of the complete Faster R-CNN architecture can be found in Appendix B.
Our implementation of the described model had been based on the fasterRCNNObject
DetectorMATLAB class [106] and can be found in fasterRCNN.m file.

25
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4.1 Base network

The base network is a backbone of the Faster R-CNN architecture. It is used to extract a
set of features from each input tile (i.e. 440ˆ440ˆ3 matrix) which is outputted by its
last convolutional layer (Figure 4.1). These features are essential for the region proposal
network (RPN; Section 4.2) and Fast R-CNN detector (Section 4.3) to extract region
proposals and further classify and refine the bounding boxes.

We based our base network on the VGG-16 architecture [155] which introduced convo-
lutional blocks with increasing effective receptive fields of each block. This property
allowed us to extract more complex features using smaller kernels, thus reducing train-
ing and testing times as well as yielding superior performance over other networks in
equivalent tasks [155]. VGG-16 had been incorporated in the original version of the
Faster R-CNN architecture and since then became the most widely used base network
within this pipeline with slight variations including ZF-Net [179, 134] or Res-Net
[65, 74].

We decided to reduce the number of convolutional blocks within the base network,
making it shallower compared to the original VGG-16 and, as a result, much more
appropriate for small object detection [45]. As proved by other studies, using fewer
blocks results in the more suitable receptive field and larger feature maps due to the
smaller amount of pooling layers, hence reducing the risk of information loss regarding
smaller objects [62, 45]. We discussed this aspect in more detail in Section 5.2.2.
Therefore, our baseline network contained 2 blocks, each consisting of 2 convolutional
layers complemented by activation units and followed by a pooling layer (Figure 4.1).
Specific details regarding the choices made for each part of the network will be discussed
in the following subsections.

4.1.1 Input layer

The first component of every neural network is a passive input layer meaning that
no computations are performed in any of its nodes [158]. It simply passes an image,
represented by a 440ˆ440ˆ3 matrix, to the hidden layers of the network (Figure 4.1).
A big advantage of Faster R-CNN is its ability to process images of arbitrary sizes due
to the lack of fully-connected layers in its RPN component (Section 4.2) and a special
RoI-pooling layer in the Fast R-CNN detector part (Section 4.3) which adjusts region
features to a fixed-size representation. Hence, the maximum size of the inputted image
is determined by the amount of available memory to store the image and its proposals
as well as available time to perform the computations.

Unlike in most implementations [134, 94, 29], we did not rescale the input images.
This is because the downscaling of the original tiles would make the flower objects
even smaller, whereas the upscaling would significantly lengthen the time needed to
complete the training process due to the increased amount of computations within the
model (i.e. bigger input).
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Figure 4.1: Base network architecture. Parameters k, n, s, p correspond to square
kernel dimensions, number of kernels, stride and padding respectively.

We also decided to use MATLAB implementation of the imageInputLayer object
[108] and apply a normalisation step of zero-centering the data. Zero-centering sub-
tracts a mean image of the training set, centering the data towards the origin [85]. This
operation is applied every time an image is forward propagated through the input layer
resulting in faster network convergence by removal of possible bias in the gradients
[33]. Furthermore, zero-centering makes the network more robust to images of various
contrast and illumination [140] which is a crucial aspect in case of changing weather
conditions within the considered area. Our experiments indicated noticeable perfor-
mance benefits of applying zero-centering within the input layer (average precision
increased from 0.7275 to 0.7719 when using zero-centering; Section 5.2.4).

4.1.2 Convolutional layer

Once the image has been zero-centred by passing through the input layer, the next step
is feature extraction performed by the convolutional layer. Unlike fully-connected layer
which treats the input as a one-dimensional vector, convolutional layer preserves spatial
relationship between the pixels by considering small patches of the image at a time of
the size determined by the kernel [91].

Kernel, also known as the filter, is a small kˆ k matrix (usually of size 3ˆ3 or 5ˆ5)
which slides along the image computing the dot-product of its weights and the input
pixels within its receptive field and adding the bias term. The size of the step by which
the kernel is moving across the image is defined by the stride (s) which also determines
the overlap between the subsequent operations if the stride is smaller than the size of
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Figure 4.2: The effective receptive field (ERF) of 5 for 2 adjacent convolutional
layers with 3ˆ3 kernel, stride and padding of 1 [42].

the kernel (i.e. k ą s). Moreover, we used zero-padding (p) in order to preserve the
dimensionality of the outputted feature map (o) and prevent the network from losing
part of the information in the case when the kernel is not fitting entirely within the input
(Equation 4.1) [44].

o“
Z

i`2p´ k
s

^

`1 (4.1)

The result of the convolutional step is a set of two-dimensional matrices containing
features of the image known as feature maps. Due to the same sets of weights and biases
(i.e. weight sharing) within each kernel being applied on the input, all the neurons in
a given convolutional layer respond to the same set of features within their specific
response field [145]. Applying multiple filers on the same input enables deeper layers
to combine simpler features from the previous layers (i.e. curves, edges) to extract more
complex structures (i.e. eyes, faces) [160].

The effective receptive field (ERF) in the jth layer represents the overall area of the
input that influences the activation of a single node in jth layer, and is represented by
the formula in Equation 4.2 [29].

ERF j “ F1`

j
ÿ

i“1

ppFi´1qˆS i´1q (4.2)

Here, ERF j, Fi, S i´1 represent ERF of the jth layer, receptive field of the ith layer and
the stride of the pi´1qth layer respectively. This implies that 2 adjacent convolutional
layers with 3ˆ3 kernel, stride and padding of 1, has the ERF of 5 (Figure 4.2).

We have chosen 3ˆ3 kernels which allow us to achieve a higher effective receptive
field (ERF) with additional introduction of non-linearity between each convolutional
operation due to the activation unit (Section 4.1.3). This approach proved to yield sig-
nificant improvement over other architectures using bigger kernels [88, 179], allowing
the network to increase its depth and extract more complex representations of the data
[155] as well as aiding the network with becoming more translation-invariant [79].
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(a) ReLU (b) PReLU

Figure 4.3: Graphs of the considered activation functions [66].

4.1.3 Activation layer

The next component of the majority deep-learning-based architectures is an activation
layer, also known as activation unit which introduces a non-linearity, enabling the
network to extract more complex representations of the inputted data. Without the
activation layer, every neural network would become a linear regression model making
it equivalent to a single-layer network able to perform a linear regression, no matter
its depth since the combination of linear functions is still a linear function. Hence, a
non-linear activation function allows us to take the advantage of a multi-layer network
to generate an output that cannot be reproduced from a linear combination of its inputs.
This allows us to extract more complex features from the input images [132] tackling
more complex real-life tasks which are usually non-linear [147].

To further understand the purpose of the activation function, let us consider a single
node within the network. Each of the nodes calculates a weighted sum of its inputs x
and weights w, and adds a bias term b (Equation 4.3). The output y can take arbitrary
values (i.e. negative or positive) and it is determined by the activation function if the
node is considered as activated by its outside connections.

y“
ÿ

i

pwixiq`b (4.3)

Despite a wide variety of available activation functions, rectified linear unit (ReLU)
([116]) proved to be the most popular choice in most of the state-of-the-art architectures,
including VGG-16 [155] used in the original Faster R-CNN [134]. As seen in Figure
4.3(a), ReLU introduces a non-linearity by outputting y for all positive inputs y and 0
otherwise (Equation 4.4). This operation proves to be very computationally efficient by
simply thresholding the matrix of activations at 0. As a result, the activation is more
sparse and less calculation is being performed. Moreover, ReLU allows deeper networks
to converge significantly faster (factor of 6 compared with an equivalent network with
tanh neurons [88]) making them easier to optimise when compared with other functions
such as sigmoid or tanh [116, 132]. This is because the gradients are able to flow when
the input to the ReLU function is positive 4.4.

relupyq “ maxp0,yq (4.4)
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Unfortunately, due to the negative part of ReLU being a horizontal line, this introduces
a significant risk of dying units [175]. This is due to all negative inputs y becoming 0
(i.e. horizontal line) along with their gradient which means that such neutrons will stop
responding to variations in error/input and die making a segment of the network passive
[66]. This may significantly limit the ability of the network to properly train from the
inputted data [66]. Moreover, ReLU activation can be very sensitive to higher learning
rate values [175].

In order to alleviate the effect of vanishing gradients on the network performance, many
alternatives including leaky ReLU [99] introduce a leakage parameter to the horizontal
part of the ReLU graph (i.e. 0.01 for the Leaky ReLU). However, according to the
studies [175, 99], a constant parameter value for leaky ReLU has a marginal impact on
improving network performance when compared with the equivalent architecture using
ReLU.

Therefore, we decided to extend the idea of leakage parameter and incorporated para-
metric rectified linear unit (PReLU) [66] which progressively learns such parameter for
each input channel (αi) yielding higher accuracy with a marginal extra computational
cost. Due to the parameter adaptation for each channel, PReLU eliminates the vanishing
gradients problem as well as reduces the risk of overfitting (Section 5.1.1) due to its
randomness [175]. As a result, PReLU tends to outperform the equivalent architectures
with ReLU unit in the most popular tasks such as CIFAR-10, CIFAR-100 [175] and
ImageNet [66], significantly reducing testing error.

prelupyiq “ maxp0,yiq`αiminp0,yiq “

#

yi if yi ą 0
αiyi if yi ď 0.

(4.5)

The exact formula for PReLU is presented in Equation 4.5, with the leaking parameter
αi controlling the slope of the negative half of its graph (Figure 4.3(b)) and subscript i
indicating that the activation varies across different channels. In particular cases where
ai “ 0, PReLU becomes a simple ReLU unit, whereas a fixed ai “ 0.01 denotes Leaky
ReLU. Moreover, it is worth noting that PReLU introduces only a very small additional
number of learnable parameters compared with their overall amount within the model,
and is equal to the total number of channels which does not impact the length of the
training process significantly [66].

BE
Bαi

“
ÿ

yi

BE
B f pyiq

B f pyiq

Bαi
(4.6)

PReLU is trained the same way as all other network layers using back-propagation.
The formula for the αi parameter update for one layer is presented in Equation 4.6
where E denotes the objective function and BE

B f pyiq
being the gradient propagated from

the deeper layer. As we can observe, it is simply derived from the chain rule requiring a
marginal amount of additional computations. Moreover, we did not find any studies
investigating PReLU’s potential benefits to performance when used within the Faster R-
CNN architecture which indicates the novelty of our research project. Our experiments
showed PReLU’s advantage, improving our detector’s average precision on the test set
by nearly 5% which is a significant boost in performance (Section 5.2.1).
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4.1.4 Pooling layer

After a series of convolutional and activation layers applied on the input data and
its resulting feature maps, the next step is to perform downsampling using a pooling
layer. Downsampling reduces the number of connections to the following layers, hence
decreasing the number of parameters within the network. This results in the computation
speed-up and helps with controlling the overfitting [93].

The pooling operation is applied separately on each feature map and combines the
input features within a small patch (i.e. kˆ k pooling region). The size of the pooling
region varies with a possibility of an overlap between the regions depending on the
stride (s) similarly as in the convolutional layer. The dimensions of the reduced feature
maps generated by the pooling layer can be determined the formula in Equation 4.7
[44]. Therefore, for the non-overlapping pooling regions (i.e. s“ k) of size kˆ k, the
dimensions of each iˆ i input feature map is downsampled to i

k ˆ
i
k for each channel

[115].

o“
Z

i´ k
s

^

`1 (4.7)

The most widely used types of pooling operations include taking the maximum value
within each of the regions (i.e. max-pooling) or averaging across them (i.e. average-
pooling) [14]. The potential disadvantage of the average-pooling comes from the risk
of devaluating high activations since many low activations are averagely included [173].
Therefore, based on the original Faster R-CNN architecture and recent studies indicating
max-pooling being the most optimal choice [115], we decided to choose this method
as part of our final model. Based on the VGG-16 architecture [155], our choice was to
reduce both dimensions of the feature maps by the factor of 2 after every pass through
the pooling layer. This operation effectively reduces the number of parameters by 75%
preserving the most relevant information within each pooling region (i.e. taking the
maximum value) and is defined by the pooling size of 2ˆ2 and stride of 2.

The main advantage of the pooling layer is that it greatly helps with controlling the over-
fitting by reducing the number of parameters within the model [93]. The smaller number
of parameters also means that fewer computations need to be performed within the
network resulting in a significant speed-up of the training process [115]. Furthermore,
pooling helps the model to arrive with an almost scale-invariant representation of the
input image [170] as well as becoming robust to small distortions and transformations
within the input image (i.e. translation invariance). This is because we are taking the
maximum value within a local neighbourhood (i.e. region) of the image and small
variations of the input are unlikely to affect the output [79].

4.1.5 Dropout

One of the additional layers considered within our architecture was dropout [159].
Dropout is one of the most widely used methods for network regularisation. It randomly
drops the defined fraction (with the fixed probability of 1-p) of activations at each
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iteration to regularize the network. Dropout can be viewed as a combination of multiple
models trained on different subsets of data [120]. Despite it being so successful,
especially when combined with a fully-connected layer (in Fast R-CNN component),
we did not include any dropout layer in our final implementation due to the following
reasons regarding the stated layer combinations:

• Convolutional layer: is less likely to suffer from overfitting than other layers
because the number of parameters for this layer is small relative to the number of
activations [120].

• Max-pooling layer: dropout is inferior to the downsampling operation provided
by the max-pooling layer, therefore, we did not consider combining it with any of
the pooling layers [173].

• Fully-connected layer: this layer is part of the Fast R-CNN component described
in Section 4.3. We chose to motivate our choices regarding dropout in this section
for the sake of clarity of the report. Combining dropout with the fully-connected
layer is the most widely used combinations, however, our experiments in Section
5.2.3 did not indicate any benefits to network performance even after increasing
the learning rate by the factor of 10 as recommended by [159].

4.1.6 Batch normalisation

Another potential enhancement of the base network could be the introduction of the
batch normalisation layer [77] which allowed many state-of-the-art architectures to
improve their final performance [65]. Batch normalisation forces all network activations
to take the unit Gaussian distribution throughout the entire training process by shifting its
inputs to zero-mean and unit variance per each mini-batch, making the data comparable
across all the features [117].

It is worth noting that a similar effect could be achieved by a data pre-processing step
of shifting and scaling all the inputs before feeding them into the model. However,
batch normalisation allows adjusting the data multiple times within the network after
each pass through the batch normalisation layer [65]. This step supports the gradients
in becoming more independent from the initial values of inputs and the scale of the
hyper-parameters, thus making the network less sensitive to parameter initialisation and,
as a result, easier to optimise, allowing for higher learning rates and faster training [77].

Due to the batch normalisation being invented over a year after the VGG-16 network
implementation, the authors of its original architecture did not incorporate this method
within their model [155]. However, as described in Sections 4.2 and 4.3, in case of
the Faster R-CNN architecture [134], each mini-batch is formed from the proposals
extracted from a single input image which undermines the original idea of per-batch
normalisation (where the inputs are images of different characteristics). Some studies
include a pre-trained batch normalisation layer to further improve its performance [74].
However, as explained in Section 5.1.1, due to the uniqueness of our task involving
objects of very different characteristics we were not able to take the advantage of any
batch normalisation layer pre-trained on other datasets.
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Figure 4.4: Region proposal network (RPN) architecture.

A possible solution could include training a separate base network on a classification
task using crops of images containing single flower objects to adjust the parameters
within the batch normalisation layer [74]. However, such approach would involve
adding an extra stage to already complex training process (5.1), making the whole
training procedure very time-consuming. Therefore, due to the limited computational
resources as well as time constraints, we did not use batch normalisation within any of
the Faster R-CNN components. Nevertheless, we aim to alleviate the effect of lack of
batch normalisation layer to some extent by zero-centering the inputs (Section 4.1.1)
and using per-epoch input shuffling (Section 5.1.1).

4.2 Region Proposal Network

Instead of using a separate method of region proposal extraction such as the selective
search [169] used in Fast R-CNN [57], Faster R-CNN introduces a fully convolutional
region proposal network (RPN). This gives the model a huge advantage over its prede-
cessor resulting in 10 times detection speed-up per single frame. Like selective search,
RPN aims to find a predefined number of regions (i.e. bounding boxes), which are the
most likely to contain objects. At this stage, the network is not concerned about the
specific class of an object since further classification is performed in the next stages
within the framework, namely Fast R-CNN detector component (Section 4.3).

Another property of the RPN which gives the model a substantial advantage over
the selective search method is the introduction of translation invariance allowing the
network to detect the same object regardless of its scale and position within the image.
This is because predicting raw coordinates of each object within an image might be
greatly affected by the changing aspect ratio and size of the image [134]. Instead, RPN
predicts the coordinates by learning to predict offsets (∆) from reference boxes known
as anchors [134].
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4.2.1 Workflow

Anchors are fixed size bounding boxes of different sizes and ratios used as a reference
during the prediction. Although anchors are defined based on the set of feature maps, the
final object proposals reference to the original image [134]. When processing the input,
anchors are placed throughout the feature maps implemented as the sliding-window.
At each point, we simultaneously predict k region proposals by considering k different
anchors with their centres being defined by the centre of the sliding-window. This
method builds on the pyramid of anchors approach [134] which allows the network to
rely on the images, feature maps and sliding-windows of a single scale being much
more cost-efficient as opposed to using multiple-scale images and their feature maps
per each scale and size as in OverFeat [142].

Relative sizes and ratios of the anchors greatly depend on the object’s characteristics that
we aim to detect. In the original Faster R-CNN implementation, the authors proposed
an anchor pyramid of 3 different sizes and scales yielding 9 distinct combinations per
window step donated by k (i.e. k “ 9). However, due to the specificity of the task, our
implementation introduces anchors of 5 sizes corresponding to very small flowers in
the original image (i.e. 8-16 pixels in width and height). Such a change was motivated
by the recent studies indicating the beneficial influence of smaller anchor sizes on the
small object detection quality [45]. Moreover, we only considered anchors of a single
1 : 1 ratio due to the circular shape of the flowers which fits within a square-shaped
bounding box in most of the cases. We believe that this choice would not affect the
results greatly but will significantly reduce time spent on proposal extraction due to
fewer anchors being considered at each sliding-window step (i.e. k reduced to 5).

The sliding-window method has been implemented using a convolutional layer with
3ˆ3 kernel, stride 1 and the zero-padding of 1 in order to prevent downsampling of
the feature maps. After sliding over each point of the feature map stack, each window
is passed through an activation unit and mapped onto a lower-dimensional feature (i.e.
128-d) within classification and regression part of the network in parallel (Figure 4.4).
The classification part of the RPN aims to determine if the anchor contains an object
outputting the objectiveness score which is later used to determine bad bounding boxes.
Moreover, at this stage, the network is not concerned about the specific object classes in
case of multi-class detection but rather aims to determine if an object of any class other
than background is present within the bounding box.

During the classification stage, each window is mapped onto a lower-dimensional
feature using a convolutional layer with 1ˆ1 kernel. Such configuration acts as a fully-
connected layer, making the RPN a fully-convolutional network and allowing inputs
of any dimensions to be processed by it [148]. In the next step, the tensor is reshaped
in order to compute softmax probabilities of the scores generated by the Softmax and
RPNClassicationLayer layers. The output of the classification part of the RPN are
2k scores corresponding to the background and foreground probabilities per each of the
k anchors of different sizes.
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The regression part of the RPN is used to predict and adjust the offsets relative to
the anchor coordinates corresponding to the actual position of each object within the
image [134]. This part also contains a convolutional layer with 1ˆ 1 kernel whose
output is passed through the BoundingBoxRegressionOutputLayer resulting in 4k
outputs per each size of the anchor. Each of the four predictions generated at this stage
correspond to offsets regarding coordinates of the top-left corner, height and width of
the bounding box respectively (tx, ty, th, tw in Equation 4.12). This, combined with the
objective scores from the classification part, gives us a set of possible region proposals
which can be further processed by the final part of the Faster R-CNN architecture to
complete the detection (Section 4.3).

4.2.2 Post-processing

Due to the possibly very high number of all predicted region proposals, with most of
them highly overlapping between each other, we need to post-process the extracted
bounding boxes. Therefore, we remove all cross-boundary anchors which denote the
boxes that do not fully fit within the image. Their inclusion would prevent the training
from convergence since that might introduce large error terms to the objective function
[134]. However, this step is applied only during the training phase because the objects
that we wish to detect may not be fully included within the image.

In the next step, non-maximum suppression (NMS) is applied on the remaining pro-
posals in order to remove highly overlapping proposals and merge those that belong
to the same object [12, 73]. NMS algorithm takes pproposal, scoreq pairs sorted in the
ascending order according to their scores (generated by the classification part of RPN)
and discards the proposals whose intersection over union (IoU) is greater than 0.7 with
a proposal of a higher score.

IoU, also known as Jaccard index, is defined as the size of the intersection between two
bounding boxes (A and B) divided by the size of their union [131] yielding a score of
1 if the boxes overlap perfectly and 0 if there is no overlap between them (Equation
4.8). Moreover, we chose the threshold of 0.7 based on the original implementation
of the Faster R-CNN [134] which is a suitable compromise between missing too
many proposals for objects (i.e. small value) and not eliminating enough overlapping
proposals (i.e. high value).

IoUpA,Bq “
|A

Ť

B|
|A

Ş

B|
(4.8)

The final post-processing step involves post-NMS sorting of the proposals and choosing
N of them with the highest scores. The specific value of N introduces a trade-off

between the quality and time spent on the detection. Our choice of N “ 2000 was based
on recent studies concerning small object detection indicating the efficiency of such
approach [45]. Despite other experiments conducted in [134], indicating that even the
value of N set to 300 may yield satisfying results, we decided not to choose such a
small value in order to assure high accuracy of our final model.
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4.2.3 Loss function

Before calculating the loss function for each of the images, the proposals are divided
into positive and negative samples based on the IoU threshold with the ground-truth
boxes. We used the default values for both thresholds meaning that all proposals of the
IoU with the ground-truth lower than 0.3 are considered as the negatives and those with
the IoU higher than 0.7 as positives. All other regions are not considered in calculating
the loss function to assure that the network does not learn on ambiguous cases [134].

As a next stage, a randomly selected set of proposals is chosen to form a mini-batch
used to calculate the loss for each of the parts. The ratio of 1 : 1 between the positives
and negatives is used to ensure that the network is not biased towards the negative
examples due to their much higher presence within the set of all generated proposals.
However, if there are not enough positives, the mini-batch is supplemented with the
leftover proposals with the highest IoU with the ground-truth. Although we realise that
this is not a perfect solution due to a potential risk of selecting very weak regions, this
approach allows us to always generate positive samples and yields satisfying results
[134].

A crucial aspect of every network is its loss function which we aim to optimise. RPN
loss function is represented by Equation 4.9 and consists of two terms (Lcls and Lreg)
corresponding to classification and regression losses respectively. These losses are
calculated within each part of the RPN.

Lptpiu,ttiuq “
1

Ncls

ÿ

i

Lclsppi, p˚i q`λ
1

Nreg

ÿ

i

Lregpti, t˚i q (4.9)

After differentiating the proposals, we use both types to calculate log-loss (Lcls) over
two classes denoting object and not object. In the equation 4.10, i represents the index
of an anchor within the mini-batch and the predicted probability pi of anchor i being an
object. Moreover, p˚i is the ground-truth label which is equal to 1 for positive and 0 for
negative anchors.

Lppiq “
1

Ncls

ÿ

i

Lclsppi, p˚i q (4.10)

Equation 4.11 represents regression loss function for which only positive proposals are
considered. Here, ti represents a vector containing four parametrised coordinates (tx, ty,
th, tw) of the predicted bounding box whereas t˚i is a set of ground-truth bounding box
coordinates for the positive example [58]. The parametrisations of the four coordinates
are described by the equation 4.12 in which t specifies a scale-invariant translation and
log-space height/width shift relative to an object proposal [57].

Lptiq “ λ
1

Nreg

ÿ

i

Lregpti, t˚i q “ λ
1

Nreg

ÿ

i

smoothL1pti´ t˚i q (4.11)

tx “
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wa
, ty “
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tw “ logp
w
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q, th “ logp

h
ha
q

(4.12)
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Figure 4.5: Fast R-CNN detector component architecture.

Moreover, smooth L1 loss function defined in equation 4.13, is used for the regression.
This particular type of loss tends to be more robust and less sensitive to outliers than
the L2 loss used in the R-CNN [58] and SPPnet [67]. L2 loss is much more sensitive
to higher learning rate values resulting in exploding gradients [26]. Moreover, when
combined into a single loss function, both classification and regression terms are
normalised by the mini-batch size (Ncls) and the overall number of anchor locations
(Nreg) respectively. Additionally, the regression loss is weighted by a λ parameter set to
10. This ensures that both terms are equally weighted within the loss function.

smoothL1pxq “

#

0.5x2 if |x| ă 1
|x|´0.5 otherwise

(4.13)

4.3 Fast R-CNN

The last component of the Faster R-CNN architecture is the Fast R-CNN detector
[57]. Once all region proposals (region of interest; RoIs) had been extracted and pre-
processed, they can be now fed into the Fast R-CNN for further classification and
bounding box refinement [62].

4.3.1 Workflow

One possible approach to region proposals classification would be to use them to crop
segments of the image, pass each crop through the base network and apply an image
classifier. However, such procedure would be very computationally expensive due to
multiple passes through the network. Instead, Fast R-CNN makes the process more
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efficient by reusing the feature maps of the whole image extracted by the base network
[26]. Hence, the inputs to the Faster R-CNN are RoIs generated by the RPN and a set
of feature maps from the base network. The proposals are needed to extract specific
parts of the feature map containing an object.

The next step is fixed-sized feature map extraction for each proposal, using region of
interest pooling (ROI-pooling layer) [134]. This step is essential since the proposals are
of the different sizes which cannot be processed by the fully connected layer in the next
stages. ROI-pooling uses the same principle as max-pooling, extracting the maximum
value within each of the sub-windows being applied independently to each feature map
channel [34]. However, the essential difference is that ROI-pooling outputs a feature
map of a fixed spatial extent of hˆw, with h and w being layer hyper-parameters
independent of any particular RoI.

RoI pooling layer is a special case of the spatial pyramid pooling layer used in SPP
architectures [67] consisting of only one pyramid level which is more computationally
efficient [134]. Furthermore, due to a very small size of the objects that we aim to
detect, we reduced the default 7ˆ7 dimensions of the grid produced by this layer to
4ˆ4. This is determined by the InputSize within ImageInputLayer object which
we set to [16 16 3] accounting for two pooling operations within the network (i.e.
max-pooling and RoI-pooling), yielding the final size of the grid of 4ˆ4 [108]. This
input size is a balance between processing time and the amount of spatial detail the
CNN needs to resolve. The resulting fixed-sized features for all of the proposals are
then flattened to produce a feature vector using a fully connected layer followed by
the activation unit. This allows us to proceed to the final steps of classification and
regression.

The aim of the classification part of the Fast R-CNN is to further classify the proposals
into one of the classes and remove those classified as background. It consists of a single
fully-connected layer with K`1 units followed by the softmax and classification output
layer which outputs the probabilities of the proposal belonging to each of the classes. K
donates the number of classes and is equal to one in this case, with the additional class
representing the background.

Regression is applied on the bounding boxes for their further refinement. In order to do
so, we need to take into account the class with the highest probability for each proposal
[57]. Moreover, at this stage, the proposals with the highest probability of belonging to
the background class are discarded. The regression part of Fast R-CNN consists of a
fully connected layer with 4K units followed by the regression output layer. Each of
the four units correspond to the offsets (tx, ty, th, tw; Equation 4.12) for each of the K
classes (K = 1) similarly as in the RPN.
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4.3.2 Post-processing

Like in the RPN, the final proposals need to be post-processed in order to ignore those
with a very high overlap, which most likely belong to the same object. This is done
by sorting the proposals by their probability in ascending order (grouped by class) and
applying NMS with IoU threshold of 0.7. Furthermore, the regions with the probability
score lower than 0.5 are discarded. This is done to ensure that only the most probable
objects are being detected. The specific value of 0.5 follows widely used standards
applied in other detection tasks such as PASCAL VOC [50].

4.3.3 Loss Function

The loss function for the Fast R-CNN component follows the equations for the RPN
where we use a multi-task loss on each labelled RoI to jointly train for classification and
bounding-box regression (Equation 4.9). The usual difference between Fast R-CNN
and RPN losses (Section 4.2.3) is that the former distinguish between different classes
(i.e. multi-class log loss for classification) which is not the case in our task (i.e. only
flower class), hence, the equations do not change.

Another difference is the values of IoU thresholds with the ground-truth boxes to
distinguish between the positive and negative samples. Originally, their values were set
to 0.5 and 0.1 respectively, meaning that the samples with the IoUě 0.5 were considered
as positives and those with the IoU between 0.1 and 0.5 as negatives. This appears to
act as a heuristic for hard example mining [52], helping the network to learn on harder
cases. However, according to other studies [152], the lower 0.1 is suboptimal because
it ignores some infrequent, but important, difficult background regions. Therefore,
in order to improve the detection further, we decided to set the lower threshold to 0,
meaning that the proposed boxes of the IoU over 0.5 are considered as positive and the
remaining boxes as negative.

Moreover, in case of the Fast R-CNN component, the mini-batch consists of 25%
positive (i.e. IoU ě 0.5) and 75% negative (i.e. IoU ă 0.5) proposals. This relative
positive/negative ratio imbalance allows the network to learn from more ambiguous
examples [152]. Furthermore, the samples used to form the mini-batch belong to a
single image and follow MATLAB implementation of fastRCNNObjectDetector
class [107]. This is more a computationally efficient approach than using samples from
two images per mini-batch [152] since gradient accumulation across multiple batches is
slower and requires additional operations [24].





Chapter 5

Training and Experiments

The purpose of this chapter is to familiarise the reader with the Faster R-CNN complex
training procedure as well as explain and justify our choices regarding various hyper-
parameter values (Section 5.1). In Section 5.2 we will discuss the results of our
experiments using different set-ups (i.e. architectures) in order to further support our
design choices.

5.1 Training

As explained in Chapter 4, Faster R-CNN consists of multiple independent components,
each responsible for a different task, making the overall training process more complex
when compared with the standard sequential architectures [155, 88, 39]. Therefore, we
will describe and explain the training process of Faster R-CNN and motivate our choice
of hyper-parameters.

Rather than using a one-stage class-specific detection strategy presented in architec-
tures such as OverFeat [142], Faster R-CNN utilises a two-stage pipeline based on
the class-agnostic proposals and class-specific detections. Unlike the Faster R-CNN,
OverFeat performs simultaneous proposal extraction and classification. Although both
architectures use sliding-window approach to extract region-wise features, Faster R-
CNN separates the tasks of region proposal extraction and bounding box refinement
into two subsequent stages carried out by its distinct units (i.e. RPN, Fast R-CNN).
This results in the separate components specialising in each of the tasks and allowing
the region-wise features to be adaptively pooled (i.e. RoI pooling layer) from proposal
boxes that cover the features of each region more conscientiously.

Despite the longer training time required by the networks following the two-stage
approach, such models tend to yield considerably better results with a 5% mAP increase
(53.8% to 58.7%) compared to their one-stage counterparts trained on the same dataset
[134, 74]. Although region proposal network (RPN) and Fast R-CNN detector focus on
different tasks, namely region proposal (i.e. RoI) extraction and further classification
and bounding box adjustment, they both require the set of feature maps extracted by the
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base network. As a result, while trained separately, both of these components modify
the convolutional layers of the base network differently [134]. Therefore, it is essential
to develop a technique that allows them to share the base network layers rather than
training two separate models which would result in increased number of learnable
parameters and consequently longer training [26].

Our solution, inspired by the original Faster R-CNN paper [134], introduces an alternat-
ing training strategy. In this method, we first trained the base network with the RPN
and used the generated proposals to train a newly initialised base network with the
Fast R-CNN. The convolutional layers tuned in the previous step were then used to
initialise the RPN and the process iterated (see stages below). We followed the 4-step
training process due to the negligible improvements and a notable increase in training
time achieved after more iterations [134].

In the first two iterations, we trained the combination of base and RPN networks (Stage
1) and used the generated proposals to train the merged base and Fast R-CNN networks
(Stage 2). Up to this point, these two components (i.e. RPN, Fast R-CNN) had not
been sharing the base network layers which were initialised at the beginning of each
stage. This way we trained both components independently allowing them to modify
the parameters within the base network layers accordingly. Next, we combined the
previously created networks in order to construct a single pipeline. More precisely, we
used the fixed base network layers trained in the previous step to fine-tune the RPN
layers (Stage 3) which resulted in a unified architecture (i.e. shared base network).
Lastly, the region proposals generated by the updated RPN were used to fine-tune (i.e.
re-train) Fast R-CNN detector layers (Stage 4). This way we ensured that only good
quality proposals were used by the Fast R-CNN for further classification and bounding-
box regression [180]. Therefore, the Faster R-CNN training procedure consisted of the
following four stages:

• Stage 1: Training a region proposal network (RPN)

• Stage 2: Training a Fast R-CNN Network using the RPN from step 1

• Stage 3: Re-training RPN using weight sharing with Fast R-CNN

• Stage 4: Re-training Fast R-CNN using updated RPN

Due to the distinct purpose of each training stage, respective networks are likely to
have different convergence rates [6]. A very common approach indicates using lower
learning rates for the last two stages of training since we only fine-tune the model [183].
This allows the network weights to be modified more slowly, reaching the optimal
point configuration in a more controllable manner. More details regarding specific
hyper-parameter set-ups are provided in Sections 5.1.1 - 5.1.4.

5.1.1 Stage 1: Training a region proposal network

In the first stage of the Faster R-CNN training process, we combined the base network
and the RPN in order to extract object proposals which are later used by the Fast R-CNN
component to perform the detection. This is achieved by extracting feature maps from
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each of the images by the base network and feeding them into the region proposal
network (RPN) for the region of interest extraction.

Because the original Faster R-CNN model was used to detect standard objects (cats,
cars or people), the authors took the advantage of the VGG-16 architecture [155]
pre-trained on the ImageNet dataset [138] as the base network. This approach, also
known as transfer learning, allows an already trained network to be used on similar
tasks, making the process less computationally expensive since the network only needs
to be fine-tuned rather than trained from scratch to adjust its parameters to the new
task [58]. However, due to the E. vaginatum flower objects being significantly smaller
than any items considered by the standard datasets, we were unable to incorporate any
pre-trained models as feature extractors. Therefore, we trained the combination base
and RPN networks from scratch, randomly initialising all layers by drawing weights
from a Gaussian distribution with standard deviation of 0.01 and zero mean.

Appropriate weights initialisation is critical for the model convergence and its final
quality [89]. If not done properly, the deeper layers may receive inputs with small
variances, which in turn slows down back-propagation, consequently obstructing the
overall convergence process [174]. An intuitive approach would be to initialise all the
values to zero. However, this would make the neurons to compute the same output
resulting in the same gradients during back-propagation and passing the exact same
information preventing the network from learning anything from the input data [86].
In order alleviate such scenario, a common method suggests to randomly sample the
weight vector form multi-dimensional Gaussian distribution making the neurons to
point in a random direction of the input space, hence preventing vanishing gradients
[89].

We initialised weights of each layer by drawing from a zero-mean Gaussian distribution
with standard deviation 0.01 which is a very a widely used configuration, successfully
applied in many popular architectures [88, 57, 142, 66] including the original Faster
R-CNN [134]. We are aware of other initialisation methods such as Xavier which adopts
a properly scaled uniform distribution for initialisation [59], however, we consider such
methods to be out of the scope of this project. We also decided to initialise all biases to
zero [66, 134]. Such approach can be justified by the necessary asymmetry between the
neurons being already provided by the weights initialisation to small random numbers
[70].

The network was trained using mini-batch gradient descent algorithm with the momen-
tum of 0.9. In case of the standard gradient descent algorithm (GD), network parameters
(i.e. biases and weights) are updated using a subset (mini-batch) or the entire training
set (batch) in order to minimise the loss function (Section 4.2.3) by taking minute steps
towards the negative gradient of the loss at each iteration [161]. The size of the step is
determined by the learning rate parameter α. The GD algorithm is defined in Equation
5.1 where θi and ∇Epθiq denote the parameter vector at iteration i and gradient of the
loss function Epθq respectively [136].

θi`1 “ θi´α∇Epθiq (5.1)
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GD algorithm might experience significant oscillations along its path towards the
optimum point due to the negative gradient always pointing to the steepest sides rather
than along the most optimal direction [129]. GD with momentum (Equation 5.2), on
the other hand, helps with accelerating the gradient vectors in the appropriate direction
by considering the contribution of the previous gradient step to the current iteration
determined by the momentum parameter γ, thus leading to the faster model convergence
[136]. This property makes it one of the most popular optimisation algorithms adopted
in numerous of state-of-the-art architectures [161, 57].

Despite many existing alternatives including AdaGrad [43], RMSProp [36] or Adam
[84], we decided to follow the choice suggested by the authors of the original Faster
R-CNN architecture [134] and adapt the GD with momentum optimisation algorithms
in our network. We also set the γ parameter to 0.9 which is the most standard and, in
the majority of the cases, most optimal value [136].

θi`1 “ θi´α∇Epθiq`γpθi´ θi´1q (5.2)

In the standard GD algorithm, mini-batch is defined as a subset used to update the
network parameters. Recent approaches include considering a batch consisting of the
whole training set (i.e. batch gradient descent). However, such approach might slow
down the training or be completely unfeasible for bigger datasets which do not fit in the
memory [136]. Moreover, this way we perform many redundant computations due to
recomputing gradients for very similar examples before each update [136].

Stochastic GD, on the other hand, updates parameters for each example (i.e. mini-batch
size “ 1) which allows the model to avoid premature convergence (i.e. being stuck in
the local minimum) due to the frequent updates [13]. However, the increased amount of
steps may ultimately complicate the convergence to the optimum point as the stochastic
approach keeps overshooting. Furthermore, very frequent updates make the training
process computationally more expensive, thus increasing the amount of time needed to
train the network [95].

Mini-batch GD compromises two previous approaches by dividing the training set
into smaller subsets (i.e. mini-batches) which are then used for error calculation and
parameter update [13]. The batched approach provides a more computationally efficient
strategy for parameter update than its stochastic counterpart due to the decreased
amount of steps (i.e. updates) [11]. Moreover, mini-batch GD significantly reduces the
parameter updates variance resulting in more stable convergence as well as does not
require to store the whole data in the memory as for the batch GD [95].

Mini-batch GD algorithm introduces a new hyper-parameter determining the size of
the mini-batch. Mini-batch sizes vary between 50 to even 256 for most state-of-the-art
networks, depending on the architecture and data used [57, 67, 65]. Larger values of the
batch size result in the slower learning process, which could be partially alleviated by
the parallelisation across CPU/GPU cores, leading to a more accurate estimate of error
gradient. Small values, on the other hand, speed-up the convergence compromising the
stability of the training [11]. Hence, the mini-batch size hyper-parameter introduces a
trade-off between the accuracy (i.e. relevance of the proposals) and the time required
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to complete the training. Therefore, we set its value to 256 as in the original Faster
R-CNN architecture [134]. We did not observe any substantial benefits of increased
batch size other than longer training time. Hence, we consider this value as optimal.

However, the standard definition of the mini-batch differs for the Faster R-CNN archi-
tecture [134]. In case of the RPN, mini-batch consists of many positive and negative
example anchors obtained from a single image (Section 4.2). The ratio between positive
and negative samples is set to 1 : 1 in order to avoid the bias towards negative samples
which are dominant in number. However, if the number of positives is not sufficient,
the mini-batch is supplemented with the leftover proposals of the highest IoU with the
ground-truth (Section 4.2.3).

The next considered hyper-parameter was the number of epochs determining the length
of the training process which is greatly dependent on the network architecture (i.e.
depth, number of parameters, etc.) [11]. A single epoch is defined as a full pass of the
algorithm through the entire training set [157]. Due to the limited size of our training
set, one epoch was not enough to deliver a well-trained network able to generalise to
new examples (i.e. underfitting) [11]. An increased number of epochs results in more
parameter updates, thus leading to a finer trained model with a risk of overfitting when
the amount of epochs is too high [2].

Overfitting is a phenomenon where a network is unable to capture the underlying
structure of the data, simply memorising previously seen examples (i.e. training set) [2].
One of the methods to combat overfitting is to introduce a validation set. Validation set
consists of examples separate from the training and testing sets and is used to provide
an unbiased evaluation of the network fit on the training set enabling hyper-parameter
tuning [16]. This set can be used in one of the regularisation methods such as early
stopping [11] where the training is stopped as soon as the error on the validation set
starts to increase signifying network overfitting.

However, we were unable to take advantage of the validation set due to the lack of
such option provided by the trainFasterRCNNObjectDetector method at the time
of the network implementation. We consider incorporating the validation set to our
training process as a potential future enhancement which might help with combating the
potential network overfitting. Nonetheless, based on our initial training run of length of
100 epochs (Appendix C), we chose to train the RPN for 60 epochs due to deteriorating
network performance when trained for longer (i.e. 0.04 drop in AP on test set for 100
epochs), indicating data overfitting.

Learning rate determines the size of the steps taken to reach the minimum point of the
objective function and is often considered as the single most important hyper-parameter
[157]. If set too high, such learning rate may prevent the training from converging since
the parameter changes can become extremely big, risking the possibility of overshooting
by the optimiser and increasing the value of the loss. A very low value, on the other
hand, can significantly slow down the training process due to the very small steps taken
towards the minimum of the loss function [136]. Therefore, we considered determining
the optimal learning rate value as crucial for our network final performance.
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The original Faster R-CNN architecture [134] had been trained using the initial learning
rate of 0.001, however, we found this value too high for our network. This was indicated
by very high mini-batch loss, eventually leading to extreme values that could not be
represented in a single-precision floating-point format (i.e. NaN value) suggesting
optimiser overshooting [11]. Hence, we set the initial learning rate to 0.0001 as this
value indicated fast and relatively stable network convergence (Figure 5.1). Much
lower value of this parameter, when compared with the original Faster R-CNN set-
up, might be the result of lack of dropout layer in our architecture [159]. Dropout
introduces additional noise in the gradient when compared to the standard gradient
descent algorithm resulting in gradients cancelling with each other. In order to alleviate
the effects of cancelling gradients, it is recommended to increase the optimal learning
rate (i.e. when no dropout used) by the factor of 10 or even 100 [159] (Section 5.2.3).

Moreover, we further decreased the initial learning rate by the factor of 10 after 40
epoch of training. This strategy, used in many state-of-the-art models, allowed for more
stable network convergence [57, 65]. As the learning rate decays, the optimiser takes
smaller steps, hence reducing the risk of overshooting and eventually settling into a
minimum [11]. The exact value of the decay step (i.e. 40 epoch) was determined by
the negligible training progress of the RPN after 40 epochs. Despite other learning rate
decay strategies involving adaptive learning rate methods [11], our simplified approach
yielded satisfactory results which made us integrate it in our final architecture.

We have also introduced a weight decay parameter (L2 regularisation) of 0.0005 [159].
The regularisation term is added to the loss function (i.e. Epθq) in order to limit freedom
of the model by penalising large weights [11]. Weight decay limits the number of free
parameters, thus preventing the network from overfitting. It also suppresses some of
the effects of static noise on the targets improving generalisation ability of the network
[114]. Therefore, weight decay helps the network with better generalisation, limiting
the need for the dropout layer [69]. Equation 5.3 presents this concept in more detail,
introducing the notion of regularisation factor λ and the regularisation function Ωpwq
(Equation 5.4) with w being the weight vector. We chose the specific parameter value
(i.e. 0.0005) based on the widely used choices incorporated in other state-of-the-art
architectures [88, 134].

ERpθq “ Epθq`λΩpwq (5.3)

Ωpwq “
1
2

wT w (5.4)

Furthermore, we decided to shuffle the input tiles after each completed epoch of training
in order to further minimise the risk of data overfitting. This way we prevented the
network from learning on the exact same sequence of tiles at each epoch aiding to
achieve better network generalisation [92].

Figure 5.1 presents the training process expressed in the accuracy plot of the RPN in the
first stage with the specific hyper-parameter values discussed above. We provided the
accuracy plots during all four stages for the same network trained for 100 (stages 1 and
2) and 50 (stages 3 and 4) epochs in the Appendix C. The accuracy plot in Figure 5.1
indicates that our RPN combined a newly initialised base network for feature extraction
achieves a very satisfactory level of performance of nearly 98% on the training set
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Figure 5.1: Training process expressed as an accuracy plot (i.e. averaged mini-batch
accuracies for each epoch) of the RPN in the first training stage.

within just 20-30 epochs suggesting the appropriate hyper-parameter and architectural
choices. We do not observe any further improvement in region proposal extraction
performance after more number of epochs which has been expressed by the plateau and
temporary fluctuations in accuracy.

Nonetheless, we can see a slight impact of the initial learning rate decay after 40 epochs
(i.e. dropped by the factor of 10), resulting in further improvement in accuracy to
up to almost 99% between 40 and 60 epochs. This can be attributed to the optimiser
taking smaller steps (i.e. lower learning rate), hence reducing the risk of overshooting
and allowing further training progress. Such a high accuracy achieved by our region
proposal network at this stage of training suggests its ability to extract good quality
proposals which are crucial for the Fast R-CNN detector component in the next stage.

5.1.2 Stage 2: Training Fast R-CNN using the RPN from step 1

The next stage of the training process was to train the combined base and Fast R-CNN
components to perform the detection using the region proposals extracted by the RPN
in the previous stage [134]. The Fast R-CNN component aims to further classify the
proposals into specific classes (i.e. only flower class in our task), removing ones which
represent the background as well as refine each of the bounding boxes.

The original Faster R-CNN architecture [134] used a newly initialised VGG-16 [155]
architecture, pre-trained on the ImageNet dataset [138] as the base network. The
reason for not using the base network layers trained in the previous stage is that when
trained independently, RPN and Fast R-CNN modify these layers differently since
they concentrate on different tasks. As in the previous stage, we were not able to take
advantage of any pre-trained architecture due to the specificity of our task. Therefore,
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Figure 5.2: Accuracy plot illustrating the training progress of the Fast R-CNN
component during the second stage of training.

we initialised all base network’s parameters by drawing weights from a Gaussian
distribution with standard deviation of 0.01 and zero mean and equalled all bias terms
to 0. The same strategy has been applied to all Fast R-CNN detector’s parameters (i.e.
weights and biases) which follows the training regime of the original architecture [57].

We trained our detector component following the strategy from the preceding stage-
using the mini-batch gradient descent algorithm with the momentum of 0.9, weight
decay of 0.0005 and the mini-batch of size 256. The mini-batch denotes the number of
proposals extracted from each input image to perform the detection. As described in
Section 4.3.3, in case of our implementation, the proposals used to form a mini-batch
belong to a single tile, which tends to be more computationally efficient than using
samples from two tiles [57] due to the gradient accumulation across multiple batches
being slow and requiring additional operations [24].

Therefore, following the recommendations in [24], we kept the original mini-batch size
of 256 consisting of proposals extracted from a single tile. Such approach results in a
relatively stable and efficient training process as indicated in Figure 5.2. Finally, due
to the very similar training patterns for both components (i.e. RPN, Fast R-CNN), we
kept the same epoch number of 60 and the initial learning rate of 0.0001 decaying by
the factor of 10 after 40 epochs. These values combined with previously described
hyper-parameters yield the training process depicted in Figure 5.2.

As indicated by the accuracy plot in Figure 5.2, Fast R-CNN detector component
was able to progressively learn throughout the training process suggesting appropriate
architectural and hyper-parameter choices. The detector’s accuracy tends to improve
more steadily than in case of the RPN in the previous stage which experienced a rapid
performance rise at the very beginning of training. We can also see that the Fast R-
CNN took more epochs to achieve the same level of accuracy as the RPN which might
demonstrate higher complexity of the detection task compared with proposal extraction.
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Figure 5.3: Accuracy plot illustrating the training progress of the fine-tuned RPN
during the third stage of training.

Moreover, the plot shows slight fluctuations in the network’s accuracy. Substantial
drops at some epochs (i.e. 23, 26, 30) might indicate training instability caused by the
learning rate being too high (i.e. optimiser overshooting). Nonetheless, the overall trend
is constantly increasing with a noticeable jump in accuracy after 40 epochs attributed
to the initial learning rate decay allowing the learning process to progress further and
eventually settle very close to the optimum point after about 45-50 epochs. At this
point, the detector component achieved nearly 100% accuracy suggesting excellent
performance and ability to correctly classify and refine the bounding boxes.

5.1.3 Stage 3: Re-training RPN using weight sharing with Fast
R-CNN

After separate training of RPN and Fast R-CNN components using newly initialised base
network’s layers, all parts were finally combined into a unified object detection network.
Therefore, during the third stage of the training process, we used the base network with
fixed parameters obtained in the previous stage (i.e. shared base network) in order to
fine-tune the unique layers of the RPN resulting in further quality improvement of the
proposals generated by this component. Moreover, this stage was crucial for obtaining
a unified detection network, enabling end-to-end training through parameter sharing of
the base network layers.

Similarly to all previous stages, we re-trained the RPN using the mini-batch gradient
descent algorithm with the momentum of 0.9, weight decay of 0.0005 and the mini-
batch of size 256. During this stage we only fine-tuned a pre-trained RPN network, thus
assuming that its parameters have already been learned which enabled the network to
extract good quality proposals. Therefore, we decreased the initial learning rate by the
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factor of 10 allowing the network parameters to be modified more slowly, reaching the
optimal configuration in a more controllable manner.

Moreover, we kept a similar learning rate decay strategy as in the previous training
stages (i.e. this time decaying after 30 epochs) in order to allow the network to steadily
proceed towards the optimal point [183]. We also decreased the number of epochs to
40 due to the fine-tuning purpose of this training stage and no further gains in network’s
performance observed after training for a higher amount of epochs which was also
likely to prevent the network from further overfitting (Appendix C).

As presented in Figure 5.3, the accuracy graph for the fine-tuned RPN is relatively stable
and does not indicate any substantial growth as recorded in the previous stages. That
can be explained by the fact that, at this stage, we only fine-tuned the RPN to adjust it to
the fixed base network trained in the preceding stage. Moreover, a relatively high initial
accuracy of approximately 95% suggests that the fixed shared convolutional layers of
the base network were capable of high-quality feature extraction allowing the RPN
to generate relevant proposals. The lack of further improvement in accuracy supports
our initial decision to decrease the number of epochs for the fine-tuning stages (i.e.
reduction from 60 to 40), limiting the risk of data overfitting. Furthermore, the training
accuracy plot does not show any noticeable contribution of decaying the learning rate
after 30 epochs. Nonetheless, the training was still able to progress marginally.

5.1.4 Stage 4: Re-training Fast R-CNN using updated RPN

The last stage of the Faster R-CNN training process involved fine-tuning the layers
belonging to the Fast R-CNN detector component. We used the same fixed base network
as in Section 5.1.3 combined with the Fast R-CNN part and region proposals generated
by the fine-tuned RPN. This way we ensured that only good quality proposals were used
by the detector for further classification and bounding-box regression [180]. Moreover,
we kept the same values of all hyper-parameters as in the preceding stage due to
the stability and efficiency of the training process as well as very similar network’s
behaviour during the fine-tuning step (Figure 5.4).

As indicated by the training plot in Figure 5.4, as in stage 2, the network constantly
improved throughout the fine-tuning process achieving the highest accuracy of almost
98% after 38 epochs with no further improvement when trained for longer (Appendix
C). Such a high accuracy suggests very good network performance on the training
set. Furthermore, the initial network accuracy was significantly higher (i.e. 89.3%
compared with 78.6%) than in the second stage when training the network from scratch.
This shows that the Fast R-CNN was already well trained in the second stage and only
needed to be fine-tuned on the new proposals extracted by the improved RPN from
the previous stage. Moreover, we did not observe any immediate rise in accuracy after
decaying the learning at 30 epoch which might be attributed to its extremely small value
of 0.00001 after the decay resulting in minute steps. Nonetheless, the training kept
progressing indicating appropriate hyper-parameter set-up and training strategy.
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Figure 5.4: Accuracy plot illustrating the training progress of the fine-tuned Fast
R-CNN detector component during the fourth stage of training.

5.1.5 Requirements

Our network was implemented in MATLAB [109]. We have used 2017b MATLAB
release. However, our code is compatible with any MATLAB version starting from
2017a [109]. This is due to the fasterRCNNObjectDetectorMATLAB class [106]
being available from the 2017a realise. Moreover, we trained our network using the
Super Shrub workstation located at the School of Geosciences at the University of
Edinburgh (co-owned by the Team Shrub research group [153]), with the following
specifications:

• 2 Nvidia Geforce GTX 1080 TI GPUs with 11GB of memory and compute
capability of 6.1 [118]

• Intel Xeon E5-2640 v4 2.40 GHz processor [76]

• 256 GB of RAM memory

• 2 TB of disk space

• 64-bit Microsoft Windows 10 Pro operating system [113]

Due to our code being fully GPU-compatible, we were able to achieve an extreme com-
putational speed-up when compared with training the network on a single or multiple
CPU cores. However, we could not take the advantage of running our model on multiple
GPUs due to the lack of such option for MATLAB trainFasterRCNNObjectDetector
method [110] at the time of the implementation. We consider introducing such feature
as a potential enhancement in the next part of our project (i.e. year 2) which would
allow us to significantly reduce the time required to complete the training process of
our network.
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5.2 Experiments

In this section, we present and discuss the results of our experiments using different
architecture set-ups in order to justify our design choices. For the evaluation between
networks, we used precision-recall curves and the average precision (AP) performance
metric denoting the area under the curve. AP is calculated by averaging the precision
values of the precision-recall curve across all values of recall between 0 and 1, thus
being equivalent to the area under the curve [184]. Hence, the graph of the precision-
recall curve indicates the trade-off between precision and recall for different thresholds
with a bigger area under the curve indicating both higher recall and precision. We
provide a detailed explanation of the precision-recall curve and AP metric in Section
6.1.2.

Although AP is not suitable for evaluating human-to-model performance due to the
lack of detection confidence scores for human annotators (see Section 6.1.2), it is an
appropriate metric to compare the performance between models since all the scores are
generated, allowing AP to summarise both precision and recall at all thresholds [184].
Moreover, we used AP due to its popularity in evaluating other object detection tasks
[50, 57, 134, 19].

5.2.1 Activation function

In this experiment, we aimed to investigate potential benefits of incorporating PReLU
in place of normal ReLU activation layer within our final model. We wanted to
examine to what extent the issue of vanishing gradients affects our detector and if
the introduction of a learnable leakage parameter per each channel may aid with
potential performance enhancement. For the purpose of this experiment we used the
same architecture as described in Chapter 4 and the same values of hyper-parameters
(Section 5.1) with the only difference being the type of activation layer which made the
experiments comparable between each other since the networks were equivalent except
the investigated component.

Figure 5.5 presents the precision-recall curves for the equivalent models using PReLU
and ReLU activation units respectively. As we can observe, the network using PReLU
unit recorded a higher precision value than its counterpart using ReLU at every recall
threshold. This is also summarised by the average precision being almost 5% higher
when using PReLU and being equal to 0.7719 compared with 0.7377 for ReLU. Such
performance gain is in line with other studies investigating the influence of different
activation units [66, 175] and indicates the benefit of introducing a new parameter to
control the slope for the negative inputs per channel, alleviating the effect of vanishing
gradients on the final performance.

Furthermore, the higher AP score for PReLU might imply its potential benefit of
combating the overfitting. However, due to the implementation limitations (Section
5.1.1), we were unable to support this claim. Achieved results also prove that ReLU is
very likely to suffer from vanishing gradients affecting the overall network performance.
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Figure 5.5: Precision-recall curves for the equivalent models using PReLU and
ReLU activation units.

The time required to complete the training process did not increase noticeably when
using PReLU and was less than 10% higher when compared with ReLU suggesting
that the introduction of 1408 additional learnable parameters did not significantly affect
the overall number of computations within the network. Such a small but noticeable
increase is still acceptable due to the substantial increase in performance. Therefore,
due to the presented benefits in network performance and no significant increase in
training time, we chose to incorporate PReLU in our final Faster R-CNN architecture.

5.2.2 Base network depth

The purpose of this experiment was to determine the most optimal depth of our base
network in order to extract appropriate features from the inputted tiles and allow good-
quality proposal generation along with further refinement by the RPN and Fast R-CNN
components respectively. The VGG-16 base network [155] used in the original Faster
R-CNN architecture [134] consisted of 5 convolutional blocks of 2-3 convolutional
layers followed by the pooling layer. However, due to the very small dimensions of the
flower objects (i.e. approximately 14ˆ14) being greatly downsampled after each pass
through the pooling layer, we were not able to utilise as many blocks. Having more
convolutional layers allows for feature extraction of greater complexity, however, these
layers need to be occasionally separated by the pooling layer in order to downsample the
incoming tensor thus reducing the risk of overfitting and allowing the training process
to complete in a reasonable amount of time [115].

In this experiment, we investigated the performance of two equivalent architectures
of different depths (i.e. the number of convolutional layers in the base network). The
first network represented the same architecture with 2 convolutional blocks presented
in Chapter 4, whereas the other one included an additional block of 2 convolutional
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Figure 5.6: Precision-recall curves for the equivalent models using 2 and 3 convolu-
tional blocks within their base network respectively.

layers with 256 feature maps each. We did not examine any deeper networks due
to the downsampling significantly reducing the input dimensionality (i.e. factor of 2
per dimension) risking the information loss from the smaller flower objects after the
complete pass through the base network.

As presented in Figure 5.6, the shallower architecture recorded higher values of precision
for the same level of recall when compared with its 3-block counterpart. Hence, the
average precision achieved by the base network with only 2 convolutional blocks was
0.7719 which was significantly higher than for the deeper equivalent achieving only
0.6993. Such a big difference in performance indicates that incorporating more pooling
layers (3-blocks) resulted in a highly downsampled input and reduced network’s ability
to preserve appropriate features belonging to smaller objects. Our results followed the
outcomes of similar studies [45] concerning small object detection, where the shallower
blocks of the VGG-16 network tend to be more suitable for detecting smaller objects.

Moreover, our results might suggest that more complex feature might not be necessary
to improve small flower detection, at the same time making the network more prone
to overfitting due to the increased number of parameters when compared with its
shallower counterpart. However, due to significantly different network capacities (i.e.
increased number of parameters) and the same hyper-parameter set-up used to train
both architectures, we cannot undoubtedly state if the addition of another block and
more complex feature extraction disables our model to successfully detect smaller
objects. That is because networks with different characteristics might archive their
optimal performance in different training set-ups (i.e. learning rate, number of epochs).
We were unable to investigate this aspect in more detail due to the time constraints.
Nonetheless, the shallower base network achieved much better performance in the
current training setting, therefore we used only 2 convolutional blocks in our final base
network architecture.
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Figure 5.7: Precision-recall curves for the equivalent models with and without
dropout layer used in their Fast R-CNN detector component.

5.2.3 Dropout

Our next experiment aimed to investigate the potential benefits of incorporating the
dropout layer in combination with the fully-connected layers within the Fast R-CNN
detector component of our model. As discussed in Section 4.1.5, dropout is a widely
used method of regularisation which aids in combating network overfitting by preventing
too complex co-adaptations on the training data. This is achieved by randomly dropping
(with a fixed probability 1-p) the fraction of activations at each iteration. Hence, a
network using dropout can be viewed as a combination of multiple architectures trained
on different subsets of data [120].

For the purpose of this experiment, we used equivalent networks (Chapter 4) with the
only difference between the two being the addition of dropout layer in combination
with every fully-connected layer in the Fast R-CNN component. This is the most widely
used sequence also incorporated in the original Faster R-CNN architecture [134]. Other
studies also used dropout with max-pooling and convolutional layers, however, such
approaches did not indicate any significant performance gains (Section 4.1.5).

We followed the original Faster R-CNN architecture and used the dropout layer only
with the fully connected layers with the fixed probability p of retaining units equal to
0.7. This value was slightly higher than the one used in the original architecture due to
the risk of the high amount of noise being introduced to the network inputs, decreasing
its ability to detect smaller objects [120]. We also increased the learning rate by the
factor of 10 for the architecture utilising dropout as recommended by [159] in order
to alleviate the effect of cancelling gradients introduced by the additional noise when
using dropout (Section 5.1.1).

As we can observe in Figure 5.7, the precision-recall curve for the architecture utilising
dropout is slightly higher when compared with the equivalent architecture without it
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until the recall threshold of approximately 0.4. Such result indicates that the addition of
dropout helped to increase networks precision for the lower values of recall where the
model detects a smaller number of objects, with the great majority of which being real
flowers. However, the trend reverses for the higher values of recall (i.e. ą 0.4) where the
no dropout architecture achieves noticeably greater precision. This is also reflected in
much lower AP score for the dropout network of 0.6039 which is significantly smaller
than the result achieved by its alternative (i.e. 0.7719). This might suggest that the
potential lower risk of overfitting was outweighed by the high amount noise introduced
within the network, disabling it to perform correct detection of smaller objects.

Despite achieving noticeably lower AP, dropout indicates the potential of improving
network performance as suggested by higher precision scores for lower recall values.
According to its authors [159], adding dropout results in the network which might take
approximately 2-3 time longer to train than the equivalent architecture without it due
to the noisy parameter updates. That is because at each pass, we are training different
random combination of units (i.e. dropping parameter p) in each layer meaning that the
gradients generated during training are not the gradients of the final network that will be
used at test time, hence requiring longer amount of epochs to successfully complete the
training process [120]. However, despite its potential benefits to network performance,
we did not include the dropout layer in our final architecture since that would result in
lengthening the training process by a significant amount of time (2-3 fold) which would
further strain our limited time and computational resources. Nonetheless, we consider
dropout as a viable network enhancement and plan to investigate it further in the second
part of the project (i.e. year 2).

5.2.4 Zero-centering

Our last experiment focused on investigating the potential benefits of zero-centering
the input data before feeding it through the network using the zerocenter property of
the MATLAB imageInputLayer implementation. As discussed in Section 4.1.1, zero-
centering is a normalisation method which subtracts a mean image from the training
set, centering the data towards the origin [85]. This operation results in faster network
convergence due to the removal of possible bias in the gradients [46]. Moreover, zero-
centering makes the network more robust to images of various contrast and illumination
[140] which is a desirable property considering the varying quality of the drone imagery
used in this project (Section 6.2). We used the same architecture as presented in Chapter
4 with the only difference being the lack of the zerocenter property for one of the
models within the input layer of its base network (i.e. imageInputLayer in MATLAB).

As presented in Figure 5.8, the zero-center network achieved noticeably higher precision
for all values of recall (including very small rates ofă 0.1) when compared with no zero-
centering model. This indicates a great benefit of zero-centering method on achieving
better network convergence, thus increasing the overall performance of the model.
Furthermore, the advantage of using this technique was also expressed by a noticeably
higher value of AP. The no zero-centering network recorded AP of 0.7275 which is
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Figure 5.8: Precision-recall curves for the equivalent models with and without input
zero-centering used within the input layer of their base network.

significantly less than the network utilising this method (i.e. 0.7719). Such results are
in line with other studies which proved that zero-centering the inputs results in faster
convergence when training neural networks with gradient descent due to alleviating the
effect of randomly-directed gradients form the non-centred inputs [46].

We could have extended the idea of input normalisation further by dividing the input
tiles by their standard deviation which would result in scaled inputs (standardisation).
Input scaling speeds up the rate at which the weights connected to the preceding
node are learned [92], further aiding network convergence. However, due to the lack of
standardisation option for the MATLAB input layer implementation and time constraints,
we did not investigate this concept further with a possibility of incorporating it in the
second part our project (i.e. year 2). Nevertheless, our network clearly benefits from
the zero-centering method, therefore we included this technique within our final model.





Chapter 6

Evaluation

In this chapter, we will evaluate the final version of our network against human annota-
tors. We will present, discuss and select the most appropriate measure for performance
evaluation allowing both model-to-model and human-to-model comparison (Section
6.1). Moreover, due to the ambiguity of the data (i.e. partly covered or adjacent flowers)
resulting in inconsistent annotators’ judgement, we will analyse how the quality of
the annotations used for the evaluation influenced the final assessment results (Section
6.1.5).

To assess both network’s and humans’ robustness to images collected in varying weather
conditions, Section 6.2 examines how different image quality factors are likely to
influence their detection ability. Section 6.3 presents the evaluation based on the raw
counts collected on the ground allowing us to assess our network on the closest available
measure of the true number of the flowers being present within each investigated area.

6.1 Standard measures

The decision on whether the object is considered as real flower is not trivial. This is
determined by the amount of overlap (i.e. IoU) between the detection and ground-truth
bounding boxes. We set the overlap threshold to 0.5 which follows the standard values
in most of the object detection challenges such as PASCAL VOC [50]. Figure 6.1
indicates the following concepts for bounding box classification:

• True positives (T P): true flowers detected by the model (i.e. overlapping green
and red bounding boxes with the IoU ě 0.5).

• False negatives (FN): true flowers that have not been detected by the model (i.e.
green bounding boxes overlapping with red boxes with the IoU ă 0.5).

• False positives (FP): objects detected by the model, which are not included in
the ground-truth (i.e. red bounding boxes overlapping with green boxes with the
IoU ă 0.5).

59
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(a) Example model detections aligning with
ground-truth.

(b) Example of detection where model’s FP are
very likely to be true flowers.

Figure 6.1: Example of the object detection on test set tiles (green and red bounding
boxes donating ground-truth and model detections respectively).

It is worth noting that the definition of real flower is based purely on the ground-truth
bounding boxes provided by the human annotators used for training (i.e. training set)
and evaluation of the model (i.e. test set) where the flowers marked by two different
people were combined by incorporating both bounding boxes if their IoU was less than
0.5. These annotations might be influenced by numerous of factors discussed in Chapter
3 resulting in the annotators’ inability to spot every single flower object within each
tile leading to the misinterpretation of some of the model’s detections as false flowers
(FPs). The quality of the provided annotations and its influence on the final results are
investigated in Section 6.1.5. Nonetheless, in the first part of this section, we will follow
the definition of true flower based on the human detections to find the most appropriate
evaluation metric for the network and compare it to human performance.

6.1.1 Precision and recall

In the field of information retrieval as well as object detection, precision and recall
are widely used metrics of system performance [72]. Precision is defined as a ratio of
correctly predicted positive observations (T P) to the total predicted positive observations
(T P`FP) (Equation 6.1). High precision relates to the low false positive (FP) rate. In
case of our task, precision measures the proportion of the true flowers (T P) out of all
flower objects detected by the model (T P`FP).

Precision“
T P

T P`FP
(6.1)

Recall, also known as sensitivity in case of binary classification, is a ratio of correctly
predicted positive observations (T P) to the all observations in the positive class (T P`
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Figure 6.2: Histogram of count difference between model detections and the ground-
truth (i.e. human detections).

FN) (Equation 6.2). For our task, recall answers the question of what proportion of all
true flower objects (T P`FN) has been detected by our model (T P).

Recall“
T P

T P`FN
(6.2)

Having a model with a low precision and a high recall would not meet the expectations
the potential users (i.e. researchers) since the network would return many detections,
most of which not being the true flower objects. On the other hand, a model achieving
high precision but a very low recall would return very few detections, most of which
being real flowers. Such models are very likely to generate incomplete statistics (i.e.
misestimated number of flowers), greatly affecting the studies of the influence of global
warming on the E. vaginatum population. Therefore, our goal is to deliver a system
scoring highly on both metrics (i.e. precision and recall), delivering numerous of objects
most of which being true flowers.

Test set

Both precision and recall had been calculated based on all the metrics (i.e. T P, FP, FN)
being summed over all tiles within the test set. When evaluated on the test set (i.e. 432
tiles), our network achieved much higher recall (0.8340) than precision (0.6014) which
indicates that it was very likely to output many detections, the majority of which not
matching the ground-truth annotations. The same can be observed from the histogram
depicting the difference of flower counts between network’s detections and the ground-
truth (Figure 6.2). For almost 74% of the images, the network detected more objects
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(a) Precision scores

(b) Recall scores

Figure 6.3: Precision and recall scores for each individual annotator and the model
evaluated against each other on the set of 15 images (target/ground-truth and
result/generated annotations are represented in rows and columns respectively).

than indicated by the ground-truth (i.e. human detections). This suggests a high number
of the false positives (FP) generated by the model.

However, it was not certain that the human annotations included all possible flowers
within each tile due to the inconsistency of the annotators and other factors described in
Chapter 3. Hence, we cannot be entirely certain if our network detected the instances of
E. vaginatum flowers that the human annotators had missed or these were just irrelevant
objects (i.e. light reflections, grass). This is also indicated by Figure 6.1(b), where part
of the model’s FP detections (i.e. red bounding boxes) resemble flowers. Nonetheless,
the scores for both measures show model’s potential to deliver satisfactory results and
the need for further investigation of its false positives which in fact might be the real
flowers.

Validation subset

Another aspect of our task was to provide users with a system which mimics human
performance or even outperforms people by generating better quality detections. We
wanted to investigate the consistency among human annotators and its influence on the
evaluation results. Therefore, the next step of our evaluation process was to compare
our network to human annotators directly on the exact same set of annotated tiles.

For this part of the evaluation, we randomly selected 15 images from the test set and
asked 6 individuals to perform the annotations based on their own judgement. We
decided to create new evaluation subset of tiles due to the ground-truth annotations
being generated from a combination of tiles annotated by many different people with
no common subset being covered by all of the participants. This suggests that the
ground-truth might not be suitable for direct evaluation against each individual person
and assessment of the influence of their annotations on the final results. We are also
aware that due to its very limited size, the subset might not be fully representative and
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sensitive to very small differences in the annotations among people. However, we were
not able to provide a bigger set for the evaluation purposes due to the limited time and
resources. Expanding this set is considered as one of the improvements for the second
part of the project (Chapter 8).

We used new annotations in combination with the human and model detections to
evaluate them against each other, meaning that we used each of them as target ground-
truth (i.e. row) to evaluate the rest (i.e. column). The results for precision and recall
of those comparisons are presented in Figure 6.3(a) and Figure 6.3(b) respectively and
might suggest the possible but not mutually exclusive explanations:

• Inconsistency among annotators: the values for both measures vary greatly
among annotators showing how ambiguous and non-trivial both the annotation
and, as a result, the evaluation tasks actually are. The inconsistency of the
annotators’ decisions suggests that the ground-truth might indeed not include all
possible flowers within each of the tiles, altering the number of false positives
generated by the model.

• Poor recall of the annotators: humans tend to achieve lower recall than the
network, especially while evaluated on the ground-truth predictions as the target
(i.e. second row from the bottom). Such low value might be the result of humans’
self-restraint in annotating the objects which do not clearly resemble flowers
(i.e. humans’ low T P) or the model detecting many objects which in fact are not
flowers (i.e. model’s high T P`FN). The results suggest that flower detection is
potentially non-trivial visual research task, and people might not have noticed all
(or even most) of the flowers presented within each tile.

• Poor precision of the model: the model tends to achieve lower precision com-
pared to most of the human annotators, which has previously been noticed in
case of the test set. This might be caused either by the inability of the network to
extract the appropriate features and misinterpreting other similar looking objects
as flowers (i.e. network’s high FP) or human inability to notice all the flowers
within a tile (i.e. humans’ low T P`FP).

Although, precision and recall are extremely useful for interpreting networks behaviour,
having a single measure for network evaluation would be much more convenient and
make the performance easily interpretable. Therefore, in the next sections, we will
strive to find the most optimal measure that enables us to combine both precision and
recall metrics.

Previous studies indicate the quality of the annotations having a significant influence
on models’ performance and their evaluation [181]. This was also confirmed by our
comparisons on each individual annotator showing that the ground-truth used as a test
set might not contain all flowers present within each tile, potentially limiting network’s
ability to generate good detections (i.e. high FP). This needs further analysis, which
we had conducted and presented in Section 6.1.5.



64 Chapter 6. Evaluation

(a) Approximation method for AP. (b) Interpolation method for AP.

Figure 6.4: Comparison between approximation and interpolation of the average
precision [112] (AP).

6.1.2 Average precision

One of the most popular metrics of model performance is average precision (AP) [1, 45].
AP is calculated by averaging the precision values of the precision-recall curve across
all values of recall between 0 and 1 (Equation 6.3), which is equivalent to the area under
the curve [184].

AP“
ż 1

0
pprqdr (6.3)

We have previously used precision-recall curves to compare different parameter and
architecture set-ups of the network (Section 5.2). In this section, we are going to
explain this method in more detail. The graph of the precision-recall curve shows the
trade-off between precision and recall for different thresholds. A big area under the
curve indicates both high recall and high precision (Figure 6.5). In practice, the integral
representing the average precision in Equation 6.3 is approximated by a sum over the
precision scores at every possible recall threshold multiplied by the change in recall
(Equation 6.4).

AP“
n

ÿ

k“1

Ppkq∆rpkq (6.4)

However, some of the studies [102] present alternative approach of interpolated average
precision to approximate the pprq function and reduce the impact of wiggles in the
precision-recall curve which might be caused by the small variants in the ranked
examples [102]. The formula in Equation 6.5 represents 11-point interpolated average
precision where samples from 11 equidistant points between 0 and 1 ({0, 0.1, 0.2, . . . ,
0.9, 1.0}) are used for the calculations. This method has also been used in Pascal VOC
competition as a standard measure to evaluate the results of each model [50].

AP“
1

11

ÿ

rPt0,0.1,...,1u

pinterpprq (6.5)

pinterpprq “max
r̃:r̃ěr

ppr̃q (6.6)
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Figure 6.5: Precision-recall curve for the test set.

This method of linear interpolation of points on the precision-recall curve tends to yield
overly-optimistic measures of model performance [53] due to the cases of possible
non-linear change in precision as the value of recall varies [38]. Differences between in-
terpolation and approximation methods are presented in Figure 6.4. Therefore, we used
the formula presented in Equation 6.4 which also follows MATLAB implementation of
the evaluateDetectionPrecision method for object detection evaluation [105].

Test set

We have provided the precision-recall curve for the test set in Figure 6.5. When applied
on the test set, our network achieved the average precision of 0.7719 which indicates a
satisfactory performance in the case of small object detection [45] with some networks
scoring up to 0.66 mAP in different tasks involving small objects (i.e. mean-AP in
multi-class tasks). Despite the significant differences between those tasks, both of them
involve very small objects making their results relatively comparable.

While being a good measure for comparison between models, AP is not suitable for
comparison between human annotators. This is due to the lack of ranked list according
to the increasing confidence or any measure to estimate people’s annotation confidence
which would allow us to rank the annotations according to the scores, plot the precision-
recall curve and estimate the enclosed area under the curve (i.e. AP) [4]. It is worth
noting that, along with the bounding boxes, our network also returns confidence scores
of each box containing a flower making it possible to plot precision-recall curve.

Validation subset

Basing the AP on just one precision-recall pair for each person would mean a significant
simplification and a high risk of underestimation of the true value of AP [102]. Introduc-
tion of confidence scores while annotating each individual flower would significantly
increase the amount of time required to complete the annotation process, influencing
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the quality of the annotations. Moreover, the confidence scores might be the case of a
subjective judgement of each individual annotator, which could also influence the final
results. Therefore, we decided not to ask people to rank their annotations based on their
confidence.

Despite the lack of the confidence scores, we have provided the reader with the AP
scores on the set of 15 images for each individual annotator and the model evaluated
against each other just like in the previous section (Section 6.1.1). All annotations had
been given the confidence score of 1 indicating that each person was certain about their
decisions which is a substantial simplification in this case. The table of the scores can be
found in the Appendix D.1 and indicates better performance of the network compared
to any of the annotators. However, as mentioned previously, the AP scores for humans
are very likely to be underestimated due to the lack of their confidence scores.

The above discussion demonstrates that the average precision provides a concise and
reliable metric to summarise the precision-recall curve for the model, making it a
suitable metric for model-to-model performance comparison. However, AP is not
appropriate for human-to-model evaluation due to the lack of human confidence scores
of each annotation increasing the risk of underestimation. Therefore, in next sections,
we aim to find a single, universal evaluation metric allowing reliable human-to-model
comparison.

6.1.3 Miss-rate

Another commonly used way of presenting model’s performance is a plot of miss-rate
against the number of false-positives per image (i.e. FPPI) by varying the threshold on
the detection confidence [10] with both values plotted on log axes (Figure 6.6). Such
method of presenting the results is especially popular in the task of pedestrian detection
[149, 180] due to the upper limit on the acceptable FPPI rate independent of pedestrian
density [181].

The plot can be summarised by the aggregate performance score of log-average miss
rate (i.e. LAMR) computed by averaging miss rate at nine equidistant FPPI data points
in log-space in the range of 10´2 to 100 [75] (Equation 6.7; the minus sign yields
positive values of the measure).

LAMR“
´1
n

ÿ

iPr10´2..100s

logpmriq (6.7)

mri “
FNi

FNi`T Pi
(6.8)

Some alternatives include considering a broader range of log-space, namely 10´4 to
100, reflecting improvements in localisation errors and yielding complete evaluation
metric [181]. However, we have not recorded any significant differences in the values
when applied the broader range. Therefore, we have followed the standard MATLAB
implementation of the evaluateDetectionMissRate method [104].
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Figure 6.6: Miss-rate curve for the test set.

Test set

The miss-rate plot is shown in Figure 6.6 with our network achieving a log-average
miss rate of 0.6382 when evaluated on the test set. This value indicates relatively poor
performance when compared to other Faster R-CNN based detectors [180] used for
pedestrian detection tasks, capable of achieving LAMR of 0.3020 and 0.0690 on ETH
[49] and INRIA [35] datasets respectively. However, it is worth noting that these sets
include much bigger objects (i.e. pixel area) making the results on those tasks highly
incomparable. Nonetheless, the value of 0.6382 is relatively high (the maximum of 1)
and might be influenced by the poor quality of the annotations used in the ground-truth
which we are going to analyse in Section 6.1.5.

Validation subset

We have provided the tables of the LAMR scores for each annotator and the network
evaluated against each other in Appendix D.2. The model tends to achieve lower LAMR
scores than the humans which are very likely to be underestimated as in the case of
AP due to the lack of confidence scores. Like AP, LAMR represents a comprehensive
measure for representing the entire curve by a single value. However, similarly to
precision-recall curve, the detections also need to be ranked according to their confi-
dence scores making LAMR unsuitable measure for human-to-model evaluation [41].

Moreover, LAMR does not take into account the value of precision, recording only
the miss rate (i.e. 1´ recall) which makes this measure more suitable for evaluating
pedestrian detection, where avoiding the crash with a human is prioritised over deliv-
ering precise detections [96]. This is different from the task of flower counting where
both precision and recall are vital to yield reliable counts. Hence, log-average miss
rate is not a suitable measure for evaluation both model-to-model and human-to-model
performance.
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6.1.4 F-score

The last considered evaluation metric was a weighted harmonic mean of precision and
recall known as F-score [130]. The formula for the F-score is presented in Equation
6.9 and introduces a new parameter β. In this case, F-score measures the effectiveness
of the retrieval depending on the importance of the recall compared to the precision,
controlled by the parameter β (i.e. recall being β times more important than precision).

Fβ “
p1`β2q ¨ pprecision ¨ recallq
pβ2 ¨ precision` recallq

(6.9)

It is worth noting that the Equation 6.9 uses harmonic rather than the arithmetic mean.
This gives the F-score the advantage of minimising the impact of large outliers over the
small ones, privileging balanced systems [143]. This being said, the F-score tends to
be a good measure to combine both precision and recall. If one of them excels, F-score
will reflect it [102]. Since we value both precision and recall equally, we decided to set
the value of β to 1 which yielded, so-called, F1 score. The formula for this measure has
been presented in Equation 6.10.

F1 “
2 ¨ precision ¨ recall
pprecision` recallq

(6.10)

A possible disadvantage of the F-score measure is that it does not take true negatives
into account (i.e. T N) [54] which might be appropriate for assessing the performance
of a binary classifier, hence, it is often replaced by other measures such as Cohen’s
kappa [80] or Matthews correlation coefficient [126]. However, this is not the concern
in case of the object detection due to T Ns not being suitable for assessing the detector’s
performance since it only defines all the pixels that have not been enclosed in any of the
boxes (model detection or ground-truth).

Test set

Our network achieved F1 score of 0.6989 on the test set which is still significantly less
than the maximum value of 1. This score is very likely to be influenced by the poorer
value of precision caused by the incompleteness of annotations used as the ground-truth
(i.e. some of the network’s FPs might be the actual flowers; T P). However, due to
the big amount of images in the test set (i.e. 432) we were unable to verify each tile
and update the values of precision and recall accordingly. Nonetheless, we performed
this analysis in Section 6.1.5 on the subset of 15 images was previously used for the
comparison with individual annotators.

Validation subset

Since calculating the overall precision and recall does not involve taking any confidence
scores into account, F1 score is a suitable measure for human-to-model comparison.
Moreover, the scores on the subset of 15 images are presented in Figure 6.7 and indicate
poorer performance of the network against human annotators. However, as mentioned
previously, this is caused by the network’s lower precision scores and requires further
analysis of both humans and network annotations in order to make sure whether the
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Figure 6.7: F1 scores achieved on the subset of 15 images. The results indicate
poorer performance of the network against human annotators.

model detected a high number of objects that do not represent flowers (i.e. high number
of T N+FP). The results of this analysis will be presented in the next section (Section
6.1.5).

Despite its values being influenced by the quality of the annotations, F-score combines
both precision and recall in a controllable manner (i.e. β parameter) and, unlike average
precision and log-average miss rate, does not require confidence scores for its true value
estimation. This makes F-score suitable for both model-to-model and human-to-model
evaluation and that is why we decided to base our final evaluation on this metric.

6.1.5 Annotation analysis

After analysing network’s performance on the previously described set of 15 images
used for human-to-model comparison, we noticed network’s low precision scores when
compared with human annotators. This was likely to be caused by the poor annotations
quality provided as a ground-truth as explained in Section 6.1.1.

While analysing 15 images used as the ground-truth, we noticed that all annotated
objects indeed resembled real flowers. That being said, we considered the T Ps for both
model and humans as not worth analysing due to the fact that all detected objects with
sufficient overlap (i.e. IoU ě 0.5) had been correctly classified as detector’s T P. This
is because the ground-truth contains only real flowers, both network’s and annotators’
T Ps had been correctly classified and its value might only change due to some of the
FPs being missed by the ground-truth.

However, our ground-truth analysis indicated that some of the real flowers were missing
and had not been annotated as shown in Figure 6.8. That is why we decided to investigate
detections classified as FPs to assess if the network and the annotators successfully
detected those objects that had been missed by the ground-truth. For this purpose, we
generated sets of tiles with annotated FPs (i.e. red bounding boxes) for each of the
annotators and the model. These tiles were presented to the annotators who analysed if
each of the boxes indeed contained objects which should have been classified as flowers
(i.e. T P). We used the same annotation tool as previously (Section 3.2) with a single
click within a bounding box indicating that it had been incorrectly classified as FP and
indeed contained a real flower. The annotators did not analyse their own annotations
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(a) (b)

Figure 6.8: Tiles representing FPs generated by the network (i.e. red bounding
boxes). We can see that the network is detects even very small and blurry objects
resembling flowers in their fading stage suggesting the ability of the model to detect
the flowers in any stage of their growth.

and they were not aware whose annotations they were investigating in order to avoid
any bias.

The analysed detections allowed us to recalculate the values of FPs and T Ps (i.e.
objects previously misclassified as FPs which are real flowers became T Ps) which we
used to update precision, recall and F1 scores for both network and the annotators. We
have presented the updated results in Figure 6.9 which indicate an significant changes in
both precision and recall values for both model and human detections. It is worth noting
that 68% of the model’s FP detections contained real flowers and were reclassified as
T Ps. Such a high percentage of misclassification signifies a great incompleteness of the
ground-truth annotations and, as a result, underestimation of the previously recorded
values of precision (Figure 6.3(a)), recall (Figure 6.3(b)) and F1 (Figure 6.7).

Figure 6.9(a) presents values of precision for both the annotators and the network before
(i.e. top row) and after (i.e. bottom row) the parameter update. The greatest increase of
27% (i.e. change from 0.7155 to 0.9099), had been recorded for the network’s precision
value. The second highest increase of 17% has been achieved by the annotator E. Such
significant changes in precision scores indicate many real flower objects not being in-
cluded in the original ground-truth annotations causing many detections to be classified
as FPs. This also suggests that the previously recorded network’s test set precision of
0.6549 (Section 6.1.1) was very likely to be underestimated. Furthermore, despite the
value of the updated network’s precision not being the highest when compared with
human annotators, the precision of 0.9099 indeed suggests a good performance of our
model with most of its detections being real flowers.
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(a) Updated precision

(b) Updated recall

(c) Updated F1 score

Figure 6.9: Updated values of precision, recall and F1 score respectively. Our
network recorded a significant increase of precision resulting in the highest F1 score
and indicating its very good performance.

Figure 6.9(b) shows the updated values of recall with the highest increase of 5% being
recorded for our network. Smaller changes in the scores for recall compared to precision
are caused by the values of FNs being unaffected by our analysis since all of the ground-
truth annotations contained real flowers (i.e. denominator only affected by the updated
number of T Ps). Moreover, lower recall values for human annotators suggest that some
people were not able to detect as many flowers as the network.

Updated F1 scores presented in Figure 6.9(c) reflect previously discussed changes in
both precision and recall values. Our network recorded the highest score of 0.8613,
with annotator A achieving second best result of just 0.7980. Such a high value of
F1 demonstrates our network’s excellent performance, disproving previous claims of
it returning very many detections most of which being random objects other than E.
vaginatum flowers.

It is worth noting that we have not analysed the whole test set (i.e. 432 tiles) initially
used for the network evaluation but rather a small randomly selected subset of it
containing just 15 tiles used for human-to-model comparison. This was caused by the
limited resources (i.e. annotators availability) as well as time constraints. Nonetheless,
the significant changes of both precision and recall suggest that both of these measures
were likely to be underestimated if the whole test set would be considered. Moreover,
mentioned changes also show us how the quality of the annotations is likely to affect the
overall evaluation of any model which had previously been indicated by other studies
[181].

The updated scores still vary greatly among the annotators indicating people’s lack of
consistency in flower annotation which is not the case for the network detections since
the detector’s decisions are based purely on the features extracted from an image and
learned parameters. This consistency in decision combined with the higher value of F1
score suggest that our network is indeed able to perform as good as human annotators
or even outperform them in some cases.
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(a) Tile with the relative sharpness of 2.459 (b) Tile with the relative sharpness of 9.115

Figure 6.10: Despite extreme variety of tile sharpness, our network is still able to
perform accurate detection.

6.2 Other factors

Apart from yielding human-like performance, any model ought to present the highest
possible robustness to various factors affecting image quality. Our dataset introduces a
great challenge to any detector since its tiles represent samples of extremely varying
quality including very blurred (Figure 6.10(a)) or dark (Figure 6.13(a)) tiles. Therefore,
in this section, we will investigate our network’s robustness to two main factors which
are the most likely to affect the quality of detection such as relative image sharpness
and luminance [166, 144].

6.2.1 Sharpness

Sharpness determines the amount of detail an image can reproduce which makes it one
the most important image quality factors [9]. Image sharpness can be affected by the
aperture used (i.e. focal length, distance from image centre) as well as other factors
including weather conditions such as wind (i.e. camera shake, object movement) or rain
(i.e. lens cleanliness) [64].

Due to the extremely diverse and relatively unpredictable weather conditions within the
studied area (i.e. Arctic), we expected the collected images to present a wide degree
of detail. Indeed, as shown in Figure 6.10, the tiles used as the training and test sets
significantly differ in quality with Figure 6.10(a) representing a very blurred tile and
Figure 6.10(b) being able to preserve much more detail due to its higher sharpness.

Lost sharpness can be restored using a variety of methods such as unsharp masking
[168] or deconvolution [164]. However, these techniques are limited and not always
universal in respect to images of a wide range of quality making artifacts such as
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Figure 6.11: Scatter plot of F1 scores and relative sharpness for test set indicates a
high degree of variance in image sharpness and network’s robustness to this factor.

amplified noise become even more apparent [164]. That is why we did not decide to use
any image augmentation steps to sharpen the tiles due to the risk of affecting important
flower features.

Varying image sharpness is extremely likely to affect the quality of detections made
by both human and model. We would expect very blurred images to be completely
unsuitable for reliable flower detection, however, this needs to be closely analysed based
on the quantitive measures. Therefore, our next step involves defining a metric for the
relative image sharpness and investigate our network’s performance on the test set based
on this measure.

fgrad,n “
1

MN

M´n
ÿ

x“1

N´n
ÿ

y“1

b

ripx`n,yq´ ipx,yqs2`ripx,y`nq´ ipx,yqs2 (6.11)

Recent studies suggest many different metrics to estimate image sharpness including
power spectrum [27], variance [48] and histogram-based [103] methods. However,
since our analysis involves only assessing relative differences in sharpness between the
tiles (i.e. how much sharper a tile is compared to the other), we do not see the necessity
to follow the most accurate technique which is also likely to increase the number of
computations and complexity of our assessment. Hence, we decided to apply a very
simple measure based on image gradients [37] which has been presented by Equation
6.11 where ipx,yq represents an image and n “ 1 since we are considering per-pixel
change. This technique had been widely used in the field of electron microscopy[71] as
well as other studies [37] due to the ease of implementation and satisfactory accuracy.
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Figure 6.12: Scatter plot of F1 scores and relative image sharpness for the set of 15
images. Extreme variety in image sharpness does not significantly affect neither
human nor network’s performance.

Test set

The results presented in Figure 6.11 confirm a wide range of tiles’ sharpness within
the test set which is very likely to affect the detector’s performance. However, except a
small number of outliers caused by a very poor tile quality and random objects such
as markers or black plastic foils used to protect the equipment, the scatterplot does not
indicate that the network performs poorer on more blurred images. Our model did not
achieve significantly higher F1 scores when applied on sharper images either, which
might suggest that it is robust to this image factor and it is able to extract essential
flower features to perform the detection despite poorer image quality.

Validation subset

It is worth noting that the discussed F1 scores are highly likely to be underestimated due
to the poor quality of the annotations used as the ground-truth within the test set which
we had proven in Section 6.1.5. That is why we decided to conduct a similar image
quality analysis on the set of 15 images with updated F1 scores. Moreover, this analysis
allowed us to assess how the relative image sharpness may affect human annotators’
judgements on how many flowers they can notice within each tile. The results have
been presented in Figure 6.12 and represent each of the 15 tiles (i.e. points forming a
vertical line), their sharpness and F1 scores for each individual annotator as well as the
model. Furthermore, despite its limited size, the investigated set consists of tiles with a
wide degree of sharpness.

Similarly, as for the test set, there is no clear pattern observed which might suggest
that the quality of the provided tiles was not a limiting factor for neither human nor
the network performance. None of the tiles, however, were extremely blurred or over-
sharpen which would likely affect the detection results. Nonetheless, the network tends
to be unaffected by the quality of the provided tiles, in some cases outperforming human
annotators.
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(a) Tile with relative luminance of 0.3192 (b) Tile with relative luminance of 0.6060

Figure 6.13: An extremely good performance on both dim and bright tiles suggest
network’s robustness to image relative luminance.

6.2.2 Luminance

The next very crucial image quality factor is luminance which defines the luminous
intensity detected by the human eye while looking at a given area from a given angle
[55]. Luminance describes the amount of light which is emitted and reflected from a
particular area which makes it a good indicator of image brightness [90]. However, it
is important to distinguish between image luminance and brightness where the latter
is a subjective attribute of light which cannot be measured objectively. Nonetheless,
luminance is a widely used measure to indicate image brightness [83] and we are going
to use those terms interchangeably for the sake of simplicity.

Due to the extremely varied weather conditions and times of the day of the data
collection, our dataset consisted of tiles with a wide degree of brightness as shown in
Figure 6.13. Figure 6.13(a) depicts a dimmed tile collected during the late afternoon,
whereas Figure 6.13(a) indicates much brighter tile photographed at noon. There
are many techniques for improving image brightness such as histogram equalisation
[17, 101], however, similarly as for sharpness, we did not decide to apply any image
enhancement techniques prior to network training [111].

In order to estimate the brightness of each of the tiles, we used the relative luminance
which for RGB spaces can be calculated using linear RGB components (i.e. RGB values
normalised to 1 for a reference white) applied within the formula in Equation 6.12. It
is worth noting that the components are not equally weighted. This is because cone
cells responsible for colour vision in the human eye are most sensitive to green light
and less to red and blue [137]. That was the reason why we had not simply used the
average of channel values per pixel which would be the intuitive approach when trying
to access image luminance. However, such an approach would introduce a significant
bias towards the blue component.

Luminance“ 0.2126R`0.7152G`0.0722B (6.12)
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Figure 6.14: Scatter plot of F1 scores and relative luminance for test set indicates a
high degree of variance in image brightness and network’s robustness to this factor.

Test set

The scatter plot presented in Figure 6.14 indicates a wide range of luminance of the tiles
used as the test set. The tiles did not cover the spectrum of relative luminance of 0.7 and
higher, nonetheless, the range was still significantly wide introducing a great challenge
for potential detectors and testing their robustness. Our network achieved similar F1
scores for both dim (i.e. L ă 0.4) and bright (i.e. L ą 0.4) tiles which suggests that
relative image luminance did not affect network’s ability to perform correct detection.
Based on the provided scatterplot, we can deduce that the network is fairly robust to
varying image brightness.

Validation subset

As mentioned in Section 6.2.1, recorded F1 scores are likely to be underestimated due
to annotation quality causing some of the model’s and annotators’ detections to be
misclassified as FPs. Therefore, we provided the reader with another image analysis
involving updated F1 scores for the set of 15 images in order to assess the influence of
the discussed image factor on both human and model performance (Figure 6.15). Yet
again, considered set does not provide extreme cases of dim (i.e. Lă 0.3) or bright (i.e.
Lą 0.7) tiles, nonetheless the variety is still significant.

The scatter plot presented in Figure 6.15 does not indicate any patterns suggesting that
image brightness was a limiting factor for neither the network nor human performance.
In most of the cases, our network yielded very similar or even better performance when
compared to all six individuals.
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Figure 6.15: Scatter plot of F1 scores and relative image luminance for the set of 15
images. Extreme variety in image brightness does not significantly affect neither
human nor network’s performance.

6.3 Ground counts

After assessing our network against human annotators (Section 6.1) and demonstrating
its robustness to various image factors (Section 6.2), the last step of our evaluation
process is the assessment based on the raw counts. It is important to note that the
accurate object detection yields counts which are very close to the real value. The prime
focus of our network’s users are the raw counts rather than the accurately adjusted
bounding boxes. Therefore, we consider the assessment based on the counts conducted
on the ground, which are the closest to the real value, as a crucial part of our evaluation
process.

When investigating our network’s precision and recall (Section 6.1.1), we have shown
(Figure 6.2) that it tends to overestimate the number of flower objects compared to the
values indicated by the ground-truth (i.e. human annotations). However, as discussed in
Section 6.1.5, the ground-truth annotations are very likely to be incomplete, missing a
substantial amount of flowers present within each tile. This is another reason why we
have decided to include ground counts in our data collection manuscript. These counts
allow us to prove if the network indeed overestimates the number of flowers present
within a particular area or if humans were unable to spot all the flowers being present
within each tile.

Flower counting had been conducted by one of the Team Shrub members just before
the image collection on the 14th of July in all of the four data collection sites. Flowers
were counted within 2mˆ2m area, enclosed by special orange markers at each of its
corners which is presented in Figure 6.16. The GPS coordinates of each of the markers
had also been recorded for the future tile extraction. We initially used coordinates of
the markers along with the ExifTool [63] to extract the exact areas of the validation
sites from the whole images. However, due to a slight coordinates inaccuracy caused
by poor camera calibration, the extracted tiles were not well aligned with the orange
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Figure 6.16: Outline on the validation site extraction process. The red dotted line
marks the boarder indicated by the markers.

markers. Therefore, we decided to perform manual extraction by cropping each of the
images around the orange markers. We are aware that this is likely to introduce an
additional risk of missing some of the flowers growing on the edges of the investigated
sites, however, this was the most accurate available method which worked reasonably
well in practice (Figure 6.16).

This procedure resulted in generating 12 validation site tiles (i.e. 3 per site, each from
the different flight) which were fed into our network in order to perform the detection
and generate the counts. Some of the example detections are presented in Figure 6.17
and indicate a very good performance of the network. We were not able to extract a
bigger number of images due to the ground-counts being collected only on a single day.

In order to perform network assessment against humans, we asked three annotators
(i.e. A, B, C) to count the flowers within each of the 12 tiles. Despite its limited size,
influenced by the time constraints and limited resources (i.e. lack of funds to pay for the
annotation task), this set of annotations was a relatively fair representation of human
performance. The results for each of the images has been presented in Appendix D.3
and show that our network was the closest to the ground count value in the majority of
the cases (i.e. 58%), yielding more accurate results than human annotators who were
not able to notice all the flowers.

We have also presented the same results as a proportion of the true counts in Figure
6.18 which suggest a variable performance of both humans and the network. This might
be the result of some of the flowers being hardly visible from the particular angle (i.e.
hidden behind grass and other objects). Nonetheless, the results clearly indicate that the
network did not detect more objects than actually present within the area which also
proves that the ground-truth annotations that we had used before were incomplete and
were missing some of the flowers.
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(a) Example tile for PS 1 area (b) Example tile for PS 3 area

Figure 6.17: Example network detections (i.e. red bounding boxes) on the extracted
validation sites. Both tiles indicate very good performance of our network.

Measure A B C Model
Average proportion of
the ground count value

0.80 0.80 0.83 0.90

ME 9.75 9.42 7.67 5.33

Table 6.1: Table of the average proportion of the ground count and the mean error
(i.e. ME) generated by both subjects (i.e. network, human annotators). Our network
outperforms the annotators in both measures.

As previously mentioned, our network was the closest to the true amount of flowers
present within each validation site in the majority of cases when compared with human
annotators, predicting 0.90 of the true count value on average (Table 6.1). This is a
noticeably better result than the most accurate annotator (i.e. C) who managed to detect
only 0.83 of the ground count value in all the evaluated tiles.

It is important to note that since we only considered the absolute amount of flowers
present within each of the sites, we weighted under- and overestimation equally, meaning
that if a detector missed a flower in one tile and overestimated their number by one in the
other, we still considered it as a fully accurate result. This might seem counterintuitive
at first, however, we treat each subject (i.e. network, annotators) as a counter rather than
a detector in this case.

We have also compared the network with humans in case of quantity disagreement
expressed as the mean error of raw counts (ME in Equation 6.13), presented in Table 6.1.
Considering the set of 12 tiles, our network detected 5.33 less flowers on average than
indicated by the ground-counts (positive number indicates underestimation). This is a
satisfactory result considering a size of the validation site (i.e. 2mˆ2m) and a typical
diameter of the flower (i.e. 3-5 cm). On the other hand, human annotators presented
relatively varying performance, with the best-performing individual (C) detecting almost
2 flowers less on average in each of the tiles compared to our detector (i.e. ME “ 7.67).
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Figure 6.18: Bar graph indicating the proportion of the ground-count number gen-
erated by all subjects (i.e. network, human annotators). Our network tends to
generate the number of counts being the closest to the real amount of flowers in the
majority of cases.

ME “
1
n

n
ÿ

i“1

pyi´ xiq (6.13)

Moreover, we also assessed the network’s quality of detections and did not notice any
random white objects such as markers, grass or light reflections being classified as
flowers. This demonstrates that the network was able to extract appropriate flower
features to perform the detection. We are also fully aware of the need to perform a
similar analysis on a bigger set of data (i.e. tiles), however, even this randomly selected
sample suggests our network’s superiority over human performance and its ability to
extract appropriate flower features in any conditions.

6.4 Conclusions

Throughout our extensive evaluation process, we have investigated various assessment
metrics, different factors influencing the network performance (i.e. image and annotation
quality) as well as conducted both model-to-model and human-to-model assessment.
These procedures allowed us to draw the following conclusions:

• Ground-truth incompleteness: Throughout the evaluation process (Figures 6.1
and 6.8), we have indicated that the ground-truth annotations, used as the test
set, were missing some of the true flower objects, greatly influencing the initial
assessment. Due to the FPs analysis (Section 6.1.5) we were able to update the
scores resulting in more reliable assessment and proving that our network did not
detect many random non-flower objects (i.e. network’s lower precision).

• Single performance metric: Our extensive discussion indicates F1 score being
the most appropriate metric for the network assessment. By combining both
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precision and recall with no need for confidence scores, F1 allows for both
reliable model-to-model as well as human-to-model evaluation using just a single
metric.

• Human detections inconsistency: Varying performance among human annota-
tors (Figures 6.3 and 6.9) indicates their inability to deliver a reliable quantitive
data to investigate the patterns within the E. vaginatum population. This also
proves how difficult and non-trivial our detection task actually is, making the
evaluation process extremely complex due to the lack of any real ground-truth
flower locations.

• Image quality robustness: The results presented in Section 6.2 suggest that both
humans and the network are relatively robust to varying image quality factors
(Figures 6.11 and 6.14). Such results indicate that our network is capable of
satisfactory flower detection even in very extreme weather conditions as well as
during different times of the day.

• Outstanding network’s performance: Throughout our evaluation process we
observed a satisfactory model’s performance on the test set (Figures 6.5 and
6.6). However, most importantly, our network tends to outperform human anno-
tators (Figure 6.9 and Table 6.1) yielding better detection performance, quality
and consistency despite varying image quality. Such results are very likely to
prove valuable for the future studies of changing patterns within different plant
populations.





Chapter 7

Conclusions

The main objective of our honours project was to investigate possible approaches for a
fully-automated method of real-world phenology data collection in tundra ecosystems.
Such tool would enable researchers to acquire more landscape-level information on
plant responses to global temperature change.

In order to achieve the desired goal, we generated an extensive dataset of 2160 images
containing 34855 annotated E. vaginatum flower objects, making it a valuable resource
for future studies regarding the phenology of this particular species as well as tundra
biome in general.

Our final model, based on the highly successful Faster R-CNN architecture, used
a 2-convolutional-block feature extractor (i.e. base network) in combination with a
parametric ReLU (PReLU) activation unit alleviating the issue of vanishing gradients.
Our modified Faster R-CNN implementation achieved a relatively high F1 score of
0.7178 on our test set as well as 0.7460 on the validation subset (i.e. 15 randomly
selected tiles form the test set used for human-to-model evaluation) which has been later
revised to 0.8613 due to the poor quality of the ground-truth annotations (see Section
6.1.5). Hence, despite the subset containing a limited number of images (i.e. 15 tiles) as
well as a poor-quality of the test set (Section 6.1.5), our model indicates the potential to
outperform human annotators in the task of E. vaginatum flower detection and counting
(highest human F1 score of 0.7980 on the validation subset).

Moreover, when considering only raw count values based on the counts gathered at the
place of data collection (i.e. ground counts), our network managed to detect objects
accounting for 0.90 of the ground-truth value, outperforming human annotators whose
best score was only 0.83.

Presented results indicate the potential of deep-learning-based methods for accurate and
fast detection and counting of small objects, despite using high spatial resolution drone
imagery characterised by high amount of noise and a limited field of view. Therefore,
our project provides an efficient and fully-automated method for species tracking with a
potential to be used as an innovative tool for real-world ecological data collection in
tundra as well as other flowering ecosystems such as grasslands or deserts.
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Future Work

In this chapter, we will discuss some potential approaches to extend the project in the
next year (i.e. year 2).

8.1 Alternative approach

Due to the limited amount of annotated images and the annotation process being very
time-consuming, we would like to investigate the most recent approaches for semi-
supervised and unsupervised methods for object detection. Such approach would allow
us to fully utilise an extensive database of drone imagery collected by the Team Shrub
members [153] throughout the span of previous 2-3 years with no or a limited need for
carefully annotated objects.

Despite showing a great potential to further improve automatic phenology data col-
lection, most of the recent unsupervised approaches involving region proposals [28],
object saliency maps [154] or deep descriptor transforming [172] are used in object
discovery and localisation tasks on standard datasets containing objects of large sizes.
Such tasks are substantially less challenging than dealing with a very a noisy drone
imagery involving very small flower objects.

A possible alternative would be to utilise semi-supervised methods involving only
image-level labelled data [176], visual and semantic knowledge transfer [163] or active
learning [135], some of which already achieving close to state-of-the-art detectors
performance levels (including Faster R-CNN) [176]. However, due to their novelty
and a lack of testing on more challenging tasks involving very small objects, these
approaches need to be studied further and evaluated towards adjustment to our task.

8.2 Dataset

In case of the fully and semi-supervised learning approaches, an extensive dataset
including good-quality annotations is crucial for training a well-performing detector.
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Therefore, we would like to revise currently available 2160 tiles and supplement them
with additional flower annotations that had not been previously spotted by other people.
We do not expect this task to be extremely time-consuming since the annotators will
receive already marked flowers and will need to add extra annotations for any omitted
objects with an option to exclude the existing bounding boxes which were annotated
incorrectly.

Moreover, in order to make our model more suitable for E. vaginatum flower objects
detection from higher altitudes, we are planning to extend our initial dataset with
additional images collected at 25 meters above the ground level. This would allow us
to investigate how deep-learning-based architectures are able to perform is even more
challenging conditions, trying to detect even smaller objects. We expect that bigger
dataset (i.e. more annotated tiles from each altitude) would allow our model to achieve
better generalisation ability, hence increasing its detection performance.

Additionally we might also extend our dataset with flower annotations of other species
which grow within the investigated tundra biome such as Dryas integrifolia [87],
Lupinus arcticus [146] or Salix pulchra [156]. This way we could investigate if our
model could be applied to a more broad task of flower object detection and species
differentiation.

8.3 Model architecture and implementation

With an already available dataset, we plan to further explore possible approaches to
improve the performance of our model regarding both detection quality as well as the
time required to process a single image (i.e. test time).

We have made most of our architecture and hyper-parameter choices based on the test
set, therefore, our main focus would be to introduce a validation set in order to track the
level of data overfitting by the network. Moreover, we aim to utilise methods which
had already been proven to be very successful in other detection tasks such as dropout
[159] (Section 4.1.5) and batch normalisation [77] (Section 4.1.6) layers as well a
deeper base network architecture (Section 5.2.2) for better feature extraction of more
complex representations [134]. Such approach would involve further hyper-parameter
adjustment with a high possibility of lengthening the training process. Nevertheless,
these enhancements are very likely to potentially improve the quality of detections
generated by our model.

Furthermore, if we decide to reuse our Faster R-CNN architecture next year, we plan
to reimplement our entire model using TensorFlow [165] or PyTorch [128] which may
give us more freedom in various parameter tweaking as well as allowing for faster code
execution (i.e. applying multi-GPU training). We could utilise and adjust some of the
already existing implementations such as [24]. However, the final decision has to be
based on further research and benefits of using other frameworks or libraries such as
TensorFlow and PyTorch over MATLAB [109].
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8.4 Real-world application testing

Our final project enhancement would involve testing our flower detector in a real-world
scenario involving almost real-time E. vaginatum flower detection from the actively
sensing unmanned aerial vehicle steered by a human. To do so, we would require
a relatively fast data transfer between the drone and the computing node with the
trained model performing constant image splitting, object detection and tile merging to
provide the researchers with almost instant flower count data. Although not necessary,
a successful execution of such a task would be synonymous with reaching the ultimate
goal of implementing a fully-automated tool capable of almost instant real-world
ecological data collection.

Such a scenario might be feasible since our network is already able to process a single
tile in less than 0.6s for the current set-up. This does not seem to be a fast enough
testing speed due to the drone generating a single high-resolution image (5320ˆ4200)
every 4-5 seconds with each image requiring a further split into approximately 150
tiles (440ˆ440). However, with possible future architecture enhancements focused
on further performance improvement and approximation by using only a fraction of
the tiles from each image, our model has a potential of very efficient phenological data
generation.
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Appendix A

Dataset

A.1 Data collection manuscript

Platform: Phantom4Advanced [40]

Area: four 100mˆ100m or 50mˆ200m transects (depending on topography and site)

Data collection frequency: Every three days to a week during peak flowering and once
a week to every two weeks during the lead up and tail of the flowering season.

Data collection times: Focus on solar maxima for time series flights, but also collect
data during low light conditions and in variable cloud and cloudy days.

Locations: Phenology ridge (covering the area of the phenology transects and phe-
nocams), PS 1 or PS 2 and PS 3 or PS 4 (perhaps install a couple of the additional 6
phenocams at these sites). Try to cover both the Herschel vegetation type and Komakuk
vegetation type in each flight or conduct multiple flights in each vegetation type.

Flight altitude: The priority are 12m and 25m surveys, if flight time permits another
survey of the same extent at 50 m with a few photos at 100m, perhaps include a ladder
climb with one photo every 10m or something similar if possible up to 100m at the
beginning or end of the flight. Exact flight extents and data collection can be determined
by flight time so that ideally all data collection can be conducted using one flight of the
Phantom4Advanced.

Photo overlap: Following protocols for SfM builds, „ 75% front and „ 50% side
overlaps.

Imagery format: Collect both RAW and JPEG formats or only RAW if it is too time
consuming to save both.

Markers: at each corner of the area plus additional four to mark the validation site for
the ground counts.

Additional data: Collect metadata following general protocols on flight and weather
conditions. GNSS data for marker positions and phenology transect. Meta data for
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flights including georeferencing of all imagery. On site assessment of flower develop-
ment for key species: Eriophorum vaginatum, Dryas integrifolia, etc.

A.2 Sky conditions scale

Scale Description
0 Clear sky
1 Haze
2 Thin cirrus- sun not obscured
3 Thin cirrus- sun obscured
4 Scattered cumulus- sun not obscured
5 Cumulus over most of sky- sun not obscured
6 Cumulus- sun obscured
7 Complete cumulus cover
8 Stratus- sun obscured
9 Drizzle

Table A.1: Scale used to describe sky conditions.



Appendix B

Methodology

B.1 Complete architecture

Figure B.1: Complete Faster R-CNN architecture.
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Appendix C

Training and experiments

C.1 Training progress graphs
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Figure C.1: Training process expressed as an accuracy plot (i.e. averaged mini-
batch accuracies for each epoch) of the RPN in the first training stage when trained
for 100 epochs. The black dotted line denotes the training length of our final model
implementation (i.e. 60 epochs).
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Figure C.2: Training process expressed as an accuracy plot of the Fast R-CNN
detector component in the second stage when trained for 100 epochs. The black
dotted line denotes the training length of our final model implementation (i.e. 60
epochs).
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Figure C.3: Accuracy plot illustrating the training progress of the fine-tuned RPN
during the third stage of training when trained for 50 epochs. The black dotted line
denotes the training length of our final model implementation (i.e. 40 epochs).
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Figure C.4: Accuracy plot illustrating the training progress of the fine-tuned Fast
R-CNN detector component during the third stage of training when trained for
50 epochs. The black dotted line denotes the training length of our final model
implementation (i.e. 40 epochs).





Appendix D

Evaluation

D.1 Average precision

Figure D.1: Average precision scores for each individual annotator and the model
evaluated against each other on the set of 15 images (target and result annotations
represented in rows and columns respectively).

D.2 Log-average miss-rate

Figure D.2: LAMR scores for each individual annotator and the model evaluated
against each other on the set of 15 images (target and result annotations repre-
sented in rows and columns respectively).
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D.3 Ground counts

Image A B C Model Ground count
1 36 37 33 43 45
2 30 35 33 47 47
3 23 36 33 37 47
4 30 36 35 39 47
5 36 30 34 43 45
6 40 31 33 44 45
7 67 59 68 67 71
8 69 87 82 63 71
9 68 68 71 65 71
10 49 34 45 42 52
11 36 31 33 50 52
12 44 48 53 41 52

Table D.3: Raw counts per image for all subjects (i.e. annotators and the network)
along with the true ground-count values.
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Robert J. Gaizauskas, and Liming Chen. Visual and Semantic Knowledge Trans-
fer for Large Scale Semi-supervised Object Detection. CoRR, abs/1801.03145,
2018.

[164] Michael W. Tao and Jitendra Malik. Sharpening Out of Focus Images using
High-Frequency Transfer. Comput. Graph. Forum, 32(2):489–498, 2013.

[165] TensorFlow. TensorFlow. https://www.tensorflow.org/. Accessed: 04-
04-2018.



114 Bibliography

[166] K. H. Thung and P. Raveendran. A survey of image quality measures. In 2009
International Conference for Technical Postgraduates (TECHPOS), pages 1–4,
2009.

[167] Emmanouil Tranos, Aura Reggiani, and Peter Nijkamp. Accessibility of cities in
the digital economy. Cities, 30:59 – 67, 2013.

[168] M. Trentacoste, R. Mantiuk, W. Heidrich, and F. Dufrot. Unsharp Masking,
Countershading and Halos: Enhancements or Artifacts? In Proc. Eurographics,
2012.

[169] Jasper R. R. Uijlings, Koen E. A. van de Sande, Theo Gevers, and Arnold W. M.
Smeulders. Selective Search for Object Recognition. International Journal of
Computer Vision, 104(2):154–171, 2013.

[170] Nanne van Noord and Eric O. Postma. Learning scale-variant and scale-invariant
features for deep image classification. Pattern Recognition, 61:583–592, 2017.

[171] Chi-Chen Raxle Wang and Jenn-Jier James Lien. AdaBoost learning for human
detection based on Histograms of Oriented Gradients. In Computer Vision -
ACCV 2007, 8th Asian Conference on Computer Vision, Tokyo, Japan, November
18-22, 2007, Proceedings, Part I, pages 885–895, 2007.

[172] Xiu-Shen Wei, Chen-Lin Zhang, Jianxin Wu, Chunhua Shen, and Zhi-Hua
Zhou. Unsupervised Object Discovery and Co-Localization by Deep Descriptor
Transforming. CoRR, abs/1707.06397, 2017.

[173] Haibing Wu and Xiaodong Gu. Towards Dropout Training for Convolutional
Neural Networks. CoRR, abs/1512.00242, 2015.

[174] Di Xie, Jiang Xiong, and Shiliang Pu. All you need is beyond a good init: Ex-
ploring better solution for training extremely deep convolutional neural networks
with orthonormality and modulation. CoRR, abs/1703.01827, 2017.

[175] Bing Xu, Naiyan Wang, Tianqi Chen, and Mu Li. Empirical Evaluation of
Rectified Activations in Convolutional Network. CoRR, abs/1505.00853, 2015.

[176] Ziang Yan, Jian Liang, Weishen Pan, Jin Li, and Changshui Zhang. Weakly- and
Semi-Supervised Object Detection with Expectation-Maximization Algorithm.
CoRR, abs/1702.08740, 2017.

[177] Yurong Yang, Huajun Gong, Xinhua Wang, and Peng Sun. Aerial Target Track-
ing Algorithm Based on Faster R-CNN Combined with Frame Differencing.
Aerospace, 4(2), 2017.

[178] Fisher Yu and Vladlen Koltun. Multi-Scale Context Aggregation by Dilated
Convolutions. CoRR, abs/1511.07122, 2015.

[179] Matthew D. Zeiler and Rob Fergus. Visualizing and understanding convolutional
networks. CoRR, abs/1311.2901, 2013.

[180] Liliang Zhang, Liang Lin, Xiaodan Liang, and Kaiming He. Is Faster R-CNN
Doing Well for Pedestrian Detection? In Computer Vision - ECCV 2016 -



Bibliography 115

14th European Conference, Amsterdam, The Netherlands, October 11-14, 2016,
Proceedings, Part II, pages 443–457, 2016.

[181] Shanshan Zhang, Rodrigo Benenson, Mohamed Omran, Jan Hendrik Hosang,
and Bernt Schiele. How Far are We from Solving Pedestrian Detection? In 2016
IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2016, Las
Vegas, NV, USA, June 27-30, 2016, pages 1259–1267, 2016.

[182] Liming Zhou, Compton J. Tucker, Robert K. Kaufmann, Daniel Slayback, Niko-
lay V. Shabanov, and Ranga B. Myneni. Variations in northern vegetation activity
inferred from satellite data of vegetation index during 1981 to 1999. Journal of
Geophysical Research: Atmospheres, 106(D17):20069–20083, 2001.

[183] Zongwei Zhou, Jae Y. Shin, Lei Zhang, Suryakanth R. Gurudu, Michael B.
Gotway, and Jianming Liang. Fine-Tuning Convolutional Neural Networks
for Biomedical Image Analysis: Actively and Incrementally. In 2017 IEEE
Conference on Computer Vision and Pattern Recognition, CVPR 2017, Honolulu,
HI, USA, July 21-26, 2017, pages 4761–4772, 2017.

[184] Mu Zhu. Recall, Precision and Average Precision. https://uwaterloo.ca/
statistics-and-actuarial-science/. Accessed: 18-03-2018.


