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UNIVERSITY OF SOUTHAMPTON
ABSTRACT

Faculty of Engineering and Physical Sciences
SCHOOL OF ELECTRONICS AND COMPUTER SCIENCE

Master of Philosophy

by Yingwei Zhou

Object Detection has been a significant topic in computer vision. As the continuous
development of Deep Learning, many advanced academic and industrial outcomes are
established on localising and classifying the target objects, such as instance segmenta-
tion, video tracking and robotic vision. As the core concept of Deep Learning, Deep
Neural Networks (DNNs) and associated training are highly integrated with task-driven
modelling, having great effects on accurate detection. The main focus of improving
detection performance is proposing DNNs with extra layers and novel topological con-
nections to extract the desired features from input data. However, training these models
can be a computational expensive and laborious progress as the complicated model ar-
chitecture and enormous parameters. Besides, dataset is another reason causing this
issue and low detection accuracy, because of insufficient data samples or difficult in-
stances. To address these training difficulties, this thesis presents two different ap-
proaches to improve the detection performance in the relatively light-weight way. As
the intrinsic feature of data-driven in deep learning, the first approach is “slot-based
image augmentation” to enrich the dataset with extra foreground and background com-
binations. Instead of the commonly used image flipping method, the proposed system
achieved similar mAP improvement with less extra images which decrease training time.
This proposed augmentation system has extra flexibility adapting to various scenarios
and the performance-driven analysis provides an alternative aspect of conducting image
augmentation. The “StomaRCNN” is the second approach which is based on a realistic
application task to automatically detect, segment and measure the stomata in plant
microscope images. The key innovation of StomaRCNN is reorganising DNN pipeline to
utilise the detailed features in high-resolution microscope images without damaging the
image qualities. Despite the limited related works, StomaRCNN achieved human-level
measurement accuracy for open stoma instances and demonstrates a large potential of
applying Deep Learning approaches to automatically solve instance measuring problems
in plant science. Those presented works propose alternative ways of improving object
detection performance and highlight the importance of rethinking object detection in

the aspects of data-driven and step-wise architectural design.
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Chapter 1

Introduction

Object detection is a fundamental research area to answer where are the objects and
what they are. It consists of two key sub-problems of localisation and classification. De-
spite its simple conception, many advanced computer vision tasks are based on precisely
acquired object location and categories by object detection methods, such as instance
segmentation, video tracking and autonomous driving (Chen et al., 2015a; Lee et al.,
2018; Schulter et al., 2017). Therefore detection quality has a great impact on these
advanced vision tasks. The main contributions of this thesis are introducing two novel
aspects to improve the detection performance which are light-weight, flexible to extend
and less computational cost. To be specific, an image augmentation system called “slot-
based image augmentation” is proposed and experiments have shown its improvements
for small object detection and huge potential capacity in augmenting images. Moreover,
it is implemented in an image pre-processing fashion, no need for training and easy to
extend for various scenarios. This approach highlights the significance of data-source,
addressing the very intrinsic of data-driven machine learning approaches. Besides, this
work has found the failure of commonly used image augmentation methods that they
might damage the mAP of detection DNNs. Details of this system are presented in
Chapter 2.

Besides the aspect of data augmentation, another novel aspect is revealed that pipeline
re-organisation is effective and important. Addressing a realistic biological scenario,
we propose StomaRCNN to automatically detect, segment and measure the small scale
stomatal pores. This scenarios limits available data amounts which are quite different
from experimental cases and solutions on this scenario are required with high flexibility,
less computational cost and more importantly acceptable precision on small scale object
measurements. So the scenario has many commonalities with the thesis goals and the
proposed StomaRCNN system not only solved these issues but also provides a novel way
to fulfil the detection task utilising the images with much less information loss. Fur-

thermore, StomaRCNN works split the commonly used instance segmentation pipeline

1



2 Chapter 1 Introduction

by completing detection and segmentation with different individual models, instead of
using the same one. The split allows using original images instead of sub-sampled one
that has degraded resolution and especially harmful for detecting small objects. Addi-
tionally, StomaRCNN is organised with an end-to-end architecture enabling the “plugin
plug-out” model replacement allowing a wide range of applying transfer learning. More
details of StomaRCNN are demonstrated in Chapter 3.

Overall, our proposed methods have achieved important progress towards the research
aims and more details can be found in their respective chapters. To evaluate the detec-
tion performances, mean average precision (mAP) and mean average recall (mAR) are
widely used as the metrics determining the leader board of object detection approaches.

mAP and mAR are the principle metrics in this thesis for system evaluations.



Chapter 2

Slot Based Image Augmentation

2.1 Object Detection and Evaluation Metrics

2.1.1 Evaluation Metrics: mAP and mAR

As mentioned above, one of the project goals is to find potential approaches to improve
detection performance, in particular, increasing mAP and mAR. Despite the concep-
tional similarities of precision and recall in other machine learning tasks such as image
classification, mAP and mAR are particularly customised for describing object detection

performance. mAP is the mean of AP values with different insertion over union (IoU)

thresholds.

The IoU threshold determines whether a proposed rectangle is correctly matched with
the benchmark. The proposal IoU is calculated from the proposal rectangle and bench-

mark by

area of overlap

IoU = (2.1)

area of union

The proposed rectangles are recognised as correct prediction only if its ToU is larger than
ToU threshold. Furthermore, high IoU threshold leads the model only considers precisely
localised predictions for inference or training. In addition, IoU threshold effects recall
values as well and a smaller IoU threshold makes the system accepts more predictions
contributing to larger recall. A well-trained model is expected with high AP at larger
ToU thresholds and not varying too much under different thresholds. Besides the “mean”
calculation in mAP/mAR, the average precision/recall (AP/AR) is defined based on the
general conception of precision/recall. AP is the average precision over different recall
level and AR is the average value of different precision level. Regarding the machine

learning confusion matrix in Table 2.1, True Positive (TP) and True Negative (TN) are
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the correct predictions.

TABLE 2.1: Confusion Matrix in Machine Learning

Benchmark
Prediction True False
Positive True Positive (TP) | False Positive (FP)
Negative False Negative (FN) | True Negative (TN)

Precision measures how accurate the predictions are and given by

TP
Precision = m, (22)
and disregards the recall rates calculated by
TP
=" 2.
Recall TP L FN (2.3)

As the limitation of using Precision or Recall alone, the conception of Average Precision
is proposed to consider model precision under different recall values. To be specific,
AP is averaged over several interpolated recalls and was originally proposed in PAS-
CAL VOC challenges by Everingham et al. (2010), which is adapted from a similar idea
called “11-point interpolated average precision” in document retrieval tasks by Salton
and McGill (1986). The AP in MS-COCO metrics is calculated based on original for-
mula in Salton and McGill (1986), as

Pinterp(r) = max(P(r')), (2.4)

where 7 is the recall interpolated value and r’ is the recall to maximise P with r’ > r.

In practice, the equation is implemented as

1
AP = — > P(r), (2.5)

and
P(r) = maz(P(r")),r" >r (2.6)

with r € {0,0.1,...,1.0} Lin et al. (2014). AR follows similar ideas as mAP with focusing

on recall values instead of precision.

AP/AR are the metrics summarising the detection P-R curve as an averaged value
which is more straightforward to compare different detection systems. Overall, mAP
evaluates model with considering both different recall level and IoU threshold, making
it the most commonly used metrics in evaluating model performance and detection

based competitions. In MS-COCO metrics, object scales are also considered as mAP
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calculation and four types mAPs are applied in this thesis: mAP for small objects,

medium objects, large objects and overall (averaged across different scales).

2.1.2 Detailed Performance Analysis: “Derek style” P-R curves

Besides the mAP metric, the detailed evaluation of detection performance is required
under some scenarios. Hoiem et al. (2012) summarised a series of typical errors and pre-
sented in a modified Precision and Recall (P-R) curve called “Derek style P-R curve”.
Figure 2.3 provides an example of this curve for ResNet-50 on MS-COCO dataset. In
Hoiem et al. (2012), four types of errors are summarised: Loc, Sim, Oth, Bg and these
errors are reasoned as objects presented in abnormal ways. To be specific, Loc stands
for poor localisation or insufficient IoU with benchmarks. Sim is confusion with similar
objects that belong to the same super-category like dog and cat from the animal super-
category. Oth denotes the confusion with other objects. Bg represents confusion with
background. In this thesis, model performance and object conditions are analysed in a

similar way.

The Derek P-R curve listed detailed model performances and these types of errors as
shown in Figure 2.3. Regarding the presented figure, model P-R curves are evaluated
with two IoU thresholds: 0.75 for strict one and 0.50 for the easier one as the PASCAL
VOC challenge Everingham et al. (2010). Both C75 and C50 demonstrates model ca-
pability to correct detect objects and marked as white area. Ideally better model has a
larger C75 and C50 area. In addition, the relative complementary area of C75 in C50
are those detects with IoU value in [0.50, 0.75]. Four the P-R curves and error areas, Loc
P-R is acquired after losing IoU threshold from 0.50 to 0.10 basically accepting most of
the detection that correctly predicts object category. Hence the relative complementary
area of Loc and C50 are those detection results in IoU range from 0.10 to 0.50. Sim P-
R curve is drawn after accepting incorrect classification within the same super-categories
(False Positive within the same super-category) and related results are denoted in red.
Despite the removed false positive detection within the same super-category, there are
incorrect classifications from different super-categories and accepting those errors deliv-
ers Oth P-R curve. Incorrect results are presented as the green area. Oth P-R curve
has analysed classification errors among different categories and super-categories. Be-
yond Oth, many detection results incorrectly recognise sub-area of background as the
foreground object images. These incorrect results are denoted as BG errors and repre-

sented as purple area. Fn stands for the rest unspecified false-negative detection results.

Reasons for these errors can be model drawbacks, pipeline design and the abnormal
object conditions. As most of the detection models are data-driven, abnormal object

conditions are considered as the significant reason causing these errors. Due to a large
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Airplanes in Different Aspect Ratio

e« |l
- -
d 51

Airplanes in Different Occlusion Cases

Airplanes in Different viewpoints

FiGureg 2.1: Difficulties of detecting an object in different conditions summarized from
Hoiem et al. (2012). According to the detection mAP, objects at the left side is denoted
as “easy” objects while hard ones are on the other side.

number of objects and various categories, it is difficult to group objects into independent
and meaningful conditions. Guided by the model performance, Hoiem et al. (2012) has
summarised abnormal object conditions as occlusion, truncation, small size and unusual
viewpoint. Figure 2.1 gives examples of difficult conditions of airplane objects. These
difficult conditions usually cause incorrect detection results as shown in Figure 2.2. In
general, object conditions with less small occurrence frequencies are difficult to detect.
Moreover, researchers propose different DNN models to improve overall performance
or focusing on various scenarios. As computer vision is a task-driven domain, there
are not many generalised approaches, especially lightweight and less computation cost
methodologies, and the Derek P-R curve illustrates model weakness on specific error
types. Besides the idea of error based reinforcement, solutions can be implemented in
a pre-processing fashion such as our proposed slot-based image augmentation system,

which is lightweight, no need for training and flexible to diverse scenarios.
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traffic light 0.818

(a) Sim error (b) Oth error (c) Bg error

FIGURE 2.2: Examples of baseline model detection for common incorrect detection
cases and the values stand for the prediction confidence. The left demo is a Sim error
which confused a bus with a truck and they all belong to vehicle super-category. The
middle one is a Oth case since it detects a candle as traffic lights from a different
super-category. The right one is a Bg instance which treats part of a background as

person.
; overall-all-all 1 overall-all-all
08 | 08|
§ 06| 506
° B
0.4 Soal
S a Y
0.4 0.6 0.8 0.‘4 0.‘6 0.8
recall recall
(a) The performance of our benchmark model (b) Same as Ren et al. (2015a), the performance of
( “Faster RCNN with ResNet50 on MS-COCO our benchmark model with image flipping augmen-
dataset) without any image augmentation. tation.

FIGURE 2.3: Our benchmark model performance ( “Faster RCNN with ResNet-50) on
MS-COCO dataset.

2.1.3 Project Motivation and Proposed Approaches

In summary, MS-COCO mAP measures overall performances regarding different scales
and IoU thresholds. The P-R curve reflects model robustness with different detection
errors. In this thesis, approaches are proposed to improve the performance guided by
the two metrics, which provide systematic evaluations. To be specific, the model per-
formance of small object detection is evaluated by the mAP for small scales and Derek

P-R curve demonstrates weakness and potential error types to overcome.

Regarding the motivation of this project, researchers have proposed several approaches
addressing various scenarios. Most of these related works conduct architectural mod-

ification including feature map fusion, concatenation and stacking extra layers. These



8 Chapter 2 Slot Based Image Augmentation

approaches have achieved the desired outcome to some extent. However, these modifi-
cations usually lead to computational expensive and time-costing. Somehow, the cus-
tomised architectures are tightly associated with certain scenarios and difficult to be
transferred to other conditions, compared with those general systems such as “Faster
RCNN. Therefore, we expect lightweight, flexible and easy-to-extend approaches to im-
prove the performance, which can be widely deployed in many hardware cases and
capable to transfer into different scenarios. In addition, models are evaluated metrics of
mAP and Derek P-R curve.

2.2 Research Gap and Motivation

As mentioned in Chapter 1, object detection is the fundamental step for many vision
tasks and the detection performance improvement is significantly important. To specify
the detection task, the metrics including mAP and Derek P-R curve evaluate the de-
tection system in different aspects. There are many potential ways for improvements.
Therefore, potential approaches are able to be found for improvements in detection per-

formance.

In practice, the limitation of available data is a common case and data augmentation
methods such as flipping, rotating and tuning brightness, are applied to get through
the bottleneck of lacking training data. These methods are conducted as manual im-
age transformation without task-oriented features. Although these methods contribute
partial increase for image classification accuracy, they are not that beneficial for object
detection. In some cases, augmentation makes the model performance worse and related
results are presented in this Chapter. The main reason for the failures is the differences
in target learn-able features between image classification and object detection. In ad-
dition, object detection requires extra location and contextual features rather than the
object feature alone as in classification task. Moreover, the manual image transformation
based augmentation is not guaranteed to augment sufficient extra learn-able features,

especially for small scale objects.

Therefore, the above discussion draws the motivation that an image augmentation ap-
proach is desired especially for object detection task to provide extra classification and
localisation features. Regarding the methodological gap between object detection and
regular augmentation methods, the slot-based image augmentation is proposed to gen-
erate images with more learn-able object detection related features by adding extra

combinations of foreground objects and background images.
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2.3 Related Works

(c) Cropping

(d) Rotating (e) Rescaling

FiGURE 2.4: The Examples of Commonly Used Image Augmentation Meth-
ods.

Image augmentation is the new rising stream of improving detection performance. !

There are two mainstreams of image augmentation: simple image transformation, and
adding objects into images by machine-learning based object allocation. Image transfor-
mation is the commonly used image augmentation approaches such as flipping, rotating,
cropping and re-scaling as shown in Figure 2.4. Because images are represented as ma-
trix in computer vision, these transformations are conducted by linear transformation
on matrix and many toolboxes support these transformations such as OpenCV Bradski
(2000), Scikit-image Van der Walt et al. (2014) and recently released “Population-Based
Augmentation” by Ho et al. (2019). Besides of these listed transformations on image
size or positions, another alternative approach is the colour-wise augmentation including
brightness, contrast and saturation, which are supported by many deep learning frame-
works: TorchVision Paszke et al. (2017), mxNet Chen et al. (2015b), etc. In summary,
most of the augmentation works are based on simple image transformation and there are
not many other augmentation approaches featured with performance analysis or adap-

tive augmentation.

Besides these aforementioned augmentation methods, there are some works on inserting

objects into background image to generate new images. Dvornik et al. (2018) proposed

!This project started from April 2018 when there are not many related on image augmentation
especially for object detection. However, as the fast development in this subarea, many related works
have been published since the end of 2018.
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a machine learning based method to search suitable positions to insert the objects.
These positions are ranked by the performance evaluation of the applied object detec-
tion models. Among these works, Singh and Davis (2018) highlights the importance of
scales. Kisantal et al. (2019) addressed the problem of imbalanced objects in the scale-
wise. They augmented extra images by copying and pasting the selected objects into
the backgrounds with the detection performance gained. Instead of conducting general
augmentation for objects of all categories in the dataset, some of those focus on augmen-
tation of specific categories, such as Kim et al. (2018) proposed a DNN to insert objects
and with augmented backgrounds. Despite these attempts on different augmentation ap-
proaches, some researchers worked on the strategy of image augmentation. Ratner et al.
(2017) proposed a GANs-based pipeline to generate images with domain transformation
on the small CIFAR-10 dataset. Zoph et al. (2019) investigated different strategies of
image augmentation mainly on MS-COCO dataset. Compared with colour, geometric,
and bounding box based approaches, they proposed an improved auto-augmentation
method from the previous “AutoAugment Policies” by Cubuk et al. (2018).

Regarding many of these augmentation approaches focus on the objects, it is important
to highlight the loss functions on the data balancing problem in the object-wise. One of
the most popular is the “Focal-Loss” used in RetinaNet proposed by Lin et al. (2017b).
The key idea is weighting the multi-class cross-entropy format loss functions, by de-
creasing the loss for the frequently occurred categories. Therefore, it helps in reducing
overfitting and improved model performance. There are many alternative implementa-
tion and extension works on Focal Loss, such as Focal Loss for segmentation by Hossain
et al. (2019).

Instead of these augmentations, the mainstream focuses on modifying DNN architecture
to improve detection performance by mixing CNN feature maps of different layers. For
the small object detection, the contextual information is highlighted thus various DNN
architectures are proposed to utilise these features as possible such as original feature
pyramid pooling by He et al. (2015), the relation-based DNN architecture by Hu et al.
(2018) and contextual refinement methods by Chen et al. (2018).

These architectural modifications methods achieved desired detection improvements
however, added extra computation costs and less flexible for transferring the trained
models to different scenarios. Inspired by these proposed novel methods and impres-
sive implementation works, the proposed slot-based image augmentation method is
lightweight, flexible for transfer learning and highlights a general way of augmenting

images for object detection.
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2.4 Slot-Based Image Augmentation

2.4.1 System Introduction

The slot-based augmentation system is built on the fundamental element called “slot”
which is a generalised conception from the isolated foreground objects. In other words, a
slot is a replaceable position which is initially the isolated foreground object in an image
and the slot-based image augmentation produces extra images by substituting fore-
grounds enriching various combinations of foreground and backgrounds. Furthermore
detecting objects is the process of recognising foreground objects from its background
utilisation the features learnt from training images. Therefore the slot substitution en-
riches the combinations especially for the unbalanced dataset in which there are not
sufficient objects of a certain category. In addition, the slot based augmentation is easy
to customise and highly flexible for different scenarios such as substituting objects of the
same category, which creates extra learn-able “foreground and background” correlation
features for the target category objects. Figure 2.5 example of augmentation. It is also
a potential way to change the bounding box style slot substitution to an instance wise

substitution as the instances for segmentation tasks are represented as polygons.

2.5 System Implementation

Regarding the conception of slots, the two highlighted features are foregrounds and iso-
lation. On one hand, foregrounds assign slot location as the foregrounds which tightly
include objects inside the bounding box and causes limited corruption for other objects
or background while substituting them. On the other hand, the isolation selects indi-
vidual objects that have no insertion with any other objects and no damage to other
objects when replacing them with other ones. Hence a slot is a rectangle area of the
background image with the same position as an isolated original object and causes minor

effects while substituting it.

Despite the simple definition, it takes several steps to conduct the augmentation and
the system is designed in an end-to-end fashion making it flexible to modify and extend

with more functionalities, which are presented in the following section.

2.5.1 System Design and Pipeline

As introduced above, a slot is the central component of the augmentation system which

is required to be isolated and possessing the foreground object locations. Dataset for
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FIGURE 2.5: Generating one image by fitting one TV slot with a valid foreground
object which has a similar aspect ratio and scales.

object detection includes images and annotation files that specify object locations as
coordinates and object information such as category and scales. Thus foreground object
locations are capable to be directly extracted from the annotation files while isolation re-
quires extra steps to extract them. The progress of selecting isolated objects is simplified
as finding individual rectangle bounding boxes that have no insertion with any others
in the same image. As bounding boxes are represented with coordinates, a heuristic

method is applied to solve this problem by comparing a set of coordinates as in Figure
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and the rules are shown below:

For two bounding boxes represented by the coordinates of the top-left and bottom-right
vertexes as bboxl: [x11, y11, T12, Y12] and bbox2: [ra1, Y21, T22, Yo22], where (211, y11)
and xo1, Y21 are top-left vertices while the bottom-right ones are z12, y12 and x22, Y22.
So bbox1 and bbox2 are overlapped if and only if satisfying all the following conditions

and the isolated slots are decided by the complementary cases:

(Cl): 11 < T92
(C2): T12 > X921
(C3): y11 < w22

(C4): yi2 > Y2

(0: 0) X

Y

X21, Y21
X11, Y11 T

i X22, Y22

y X412, Y12

FIGURE 2.6: Slots are the isolated foregrounds represented as rectangle bounding boxes.
Finding isolated bounding boxes can be achieved by analysing coordinates according
to a series rules.

The system pipeline contains two main phases: initialisation and image augmentation as
shown in Figure 2.7. To be specific, the valid slots selected by matching the complemen-
tary conditions proposed above. These picked slots are recorded into a database with
detailed information include slot location, original foreground category and other scale
related values (width, height, area size and aspect ratio). Generating images is con-
ducted by substituting slots satisfying specific schemes determined by certain scenarios
and scenarios are determined based on the model performance evaluated by mAP and
Derek P-R curve. For example, if the model behaves low mAP at a certain category,
the augmentation is set to produce images containing objects of the target category,
Figure 2.5 gives a detailed workflow of augmenting extra images containing objects of
the “television” category. Many other scenario-based augmentations are presented in

later sections of this chapter.
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F1GURE 2.7: Components of the Slot-based Image Augmentation System.

In the reproduction and implementation aspect, the system consists of several central
steps such as system initialisation, performance analysis of detection model and image
augmentation based on the decided scenario. In experiments, MS-COCO 2014 dataset is
selected as the main dataset as it provides helpful API codes and contains a large number
of objects especially small objects Lin et al. (2014). MS-COCO 2014 is split as the full
training set, a subset of validation called “val minus minival” and the reduced validation
dataset called “minival”. The training set and randomly selected 5k “val minus minival”
are used for traning while “minival” is used for validation. Furthermore, MS-COCO is
a commonly used dataset in many related works as the reference of model capacity. For
detection model selection, the PyTorch (Paszke et al. (2017)) version “Faster RCNN
is selected as the benchmark detection model implemented by Chen and Gupta (2017)
which uses ImageNet pre-trained ResNet-50 as its backend proposed by (Deng et al.,
2009; He et al., 2016). “Faster RCNN is a widely used model to compare with related
works or transfer pre-trained weights and sufficiently supported by the deep learning

community.
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As in the pipeline Figure 2.7, system initialisation follows loading dataset into the sys-
tem, select isolated slots and summarise them into a database. In practice, dataset load-
ing is implemented based on customised MS-COCO API to read annotation (JavaScript),
load training images and refine the data structure. The associated Python libraries in-
clude Numpy, Scikit-Image, Matplotlib and many others (Van Der Walt et al., 2011;
Van der Walt et al., 2014; Hunter, 2007). The isolated slots selection is conducted by
implementing the condition matching mentioned above, mainly by the Numpy library.
The database is implemented using the data structure of Python list and dictionary
encapsulated by PANDAS library (McKinney (2011)), which is feasible for matching
SQL (Structured Query Language) style enquiry in a fast and efficient way especially
handling a large number of data records. In addition, the slot aspect ratio, area size and
other information are calculated using Numpy and Jupyter Notebook is the principal

tool for efficient coding.

To analyse model performance with mAP, MS-COCO API provides evaluation tools in
Python, Matlab and other languages. In practice, Python version official evaluation
tools are integrated into the implementation of the “ “Faster RCNN benchmark model.
Since Derek P-R curve plotting is not supported by Python API, the Matlab version is
used for the curve drawing and extra Linux shell scripts are implemented for the inter-

mediate data structural transformation between Python and Matlab API.

Finally, for the slot substitutions, the slot based sub-image cropping and pasting are
conducted by python libraries of OpenCV and Scikit-Image (Bradski, 2000; Van der
Walt et al., 2014). Besides the crop and paste step, there are normally multiple available
candidates for a certain slot and the rules of candidate selection is another important

problem to concern.

2.6 Filtering Slot Candidates

As mentioned in previous sections, slot-based image augmentation is conducted by sub-
stituting foreground objects and re-scale the candidate foreground to fit the slot shape.
It is a common case that many candidate foregrounds are suitable for the target slot.
Hence a candidate selection rule is required to address the “many-to-one” issue. In this
section, three different filters are introduced to ensure the augmentation quality with

analysis and experiments presented.

In practice, an “attribute matching” strategy is proposed to select valid candidates for
the substitution with less damage to the potential learn-able features of the background

image and candidate. Regarding the instance information in a large dataset, instances
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have a wide range of scale related attributes such as area size, length, width and height.
Among those attributes, the instance area size, aspect ratio and category are applied as
the filters to select candidates for slot substitution, in which the area size and aspect
ratio are calculated in the format of rectangle bounding boxes.

As the example in Figure 2.8, candidates are firstly filtered by their aspect ratio to

Finding Isolated Slots

Select Target Slot
: Filtering Candidates
based on Scale,
Aspect Ratio and
Category.

100

=
200 14}
300

400

The Generated Image

FI1GURE 2.8: System Work-flow

avoid invalid re-scaling. Then candidates with similar scales/resolution are selected by
the scale filter. The final step is filter rest of these candidates by their categories. The
category filter is a scenario-driven component. For example, candidates of the same
category as the original slot foreground are selected when the augmentation system is
aimed at augmenting extra images for a certain category. Another scenario is augment-

ing images to improve the detection performance of one certain super-category instances
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such as substitute cats with dogs under animal super-category. Overall, filters are de-
cided to preserve as much object information as possible without corrupting background
images. These three filters are simple, effective and easy for modification. Candidates se-

lected by the three filters are randomly chosen as the final candidate to fit the target slot.

Furthermore, several experiments are conducted to test the validity of selecting these
filters and a loss function based candidate matching policy is introduced to compare with
the random selection method for the final candidate decision. To transfer the scenario
in a more realistic level, a mini-COCO dataset is established for filter validation tests,

presented in the following section.

2.6.1 Filter Validation on “mini-COCQO” dataset

TABLE 2.2: Top and Bottom Three Categories of Instance Amount in MS-COCO

Categories Image Amount Instance Amount
Person 64,115 262,465

Chair 12,774 38,491

Car 12,251 43,867

Parking Meter | 705 1,285

Toaster 217 225

Hair Drier 189 198

As previously mentioned, MS-COCO dataset consists of images and instances, providing
rich resource for slots and substitution candidates. However, lacking data samples is a
common issue due to the limited amounts of slots and candidates. To ensure the selected
slot-based filters are functional in general conditions, it is necessary to conduct valida-
tion experiments on simulated scenarios. Hence, a mini-COCO dataset is established to
run these tests with reduced image and instance amounts, limited slots and preserving
the consistency with original MS-COCO. The mini-COCO dataset is required with the

followings features:

1. Reduced instance and image amounts to simulate the realistic scenario.
2. All MS-COCO instance categories/super-category are included.
3. Reasonable slot amount.

4. Relatively balanced in an instance level. Table 2.6.1 has listed some of the category
amounts in MS-COCO, in which some categories have much more instances than
the other.
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To maintain those desired features, the mini-COCO dataset is established in a heuris-
tic way to iteratively fetch images from MS-COCO as presented in Algorithm 2.6.1.
Based on MS-COCO annotations, all 80 categories are sorted in ascending order of
instance amount. After some other data structure-wise setup, the desired mini-coco
dataset is selected from a set of candidates delivered by an accumulative operation of
stacking images containing a certain category instance. In other words, a single cate-
gory with the smallest instance amount is selected by previous sorting operation and
those images containing instances of the selected category, are added into mini-coco as
a candidate. As the iterative progress, these mini-coco candidates are evaluated with
a series of metrics including standard deviation of instance amounts for dataset bal-
ancing concern, slot amount, a summary of instance and image amounts and whether
all categories are included. The final mini-coco is selected based on the comparison of
those feature-related metrics and in our case, mini-coco dataset is selected at the 20th
category is selected containing 73,653 instances in 10,436 images with all instance cat-
egories included. In addition, mini-coco contains approximately 9% images (8.8%) and
instances (8.6%) comparing with the original MS-COCO which contains 118,287 images
and 860,001 instances. Figure 2.9 has presented the related metric values as stacking

categories into the mini-coco candidates.

Algorithm 1 A heuristic algorithm to construct mini-COCO dataset
: procedure CONSTRUCT MINI-COCO

1
2 Initialisation:
3: num_cat > category amount in MS-COCO
4 sorted_array <— MS-COCO categories sorted by instance amount in an ascend-
ing order
mini_coco < ||
6: records < ] > calculate and store values corresponding to
dataset requirements including standard deviation (std), slot amount (slot_amount)
and check whether all categories are included (category_included)
T Progress
while ¢ from 0 to num_cat — 1 do > iterate items in sorted_array
mini_cocoli] < images and associated annotations containing category
sorted_arrayli]

10: CLEANUP > remove selected images and annotations from MS-COCO
11: records|i] <« std, slot_.amount and category;ncluded

12: Output records and mini_coco

13: RETURN mini_cocola] > mini_cocola] is manually chosen based on records

and mini_coco.

2.6.2 Filter Details and Validation

As discussed above, the chosen filters are aspect ratio, scale and category. In this section

experiments are conducted on testing turning on and off these filters using mini-coco
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FIGURE 2.9: Row one: image and instance amount as selecting more categories. Row
two: overall slot amount and average slot number per image of mini-coco as selecting
more categories. Row three: instance standard deviation and augmentation capacity.

dataset and baseline “ “Faster RCNN model.

In practice, filters are defined as a selector to pick valid candidates from a certain range
w.r.t. the scheme. For example, the scale filter compares candidates’ scales and preserve
those within +20% of the original scales. The aspect ratio filter works in the same way
and the category filter. The proportion threshold +20% is a trade-off between candi-
date quality and candidate amount. The threshold is preferred to be larger When the
dataset includes a large number of instances and smaller with a relatively small dataset.
Category filter is applied according to specific scenario. For the task of generating more
images with the same category, candidates are preserved only if they belong to the same

category as the original slot instances.
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TABLE 2.3: Filter ON/OFF Validations

Category Scale Aspect Ratio | mAP

ON ON ON 0.149

OFF ON ON 0.146

ON ON OFF 0.147

ON OFF ON 0.148
0

100 -

FIGURE 2.10: A negatively generated image, in which the street sign is too small to fit
into the slot.

Figure 2.6.2 shows the experiments on baseline model testing turning on or off those
filters on mini-coco dataset. The experimental results demonstrate the necessity of
turning on these filters and Figure 2.10 gives an invalid example image without turning

on the scale filter and Figure 2.11 presents the case of inappropriate aspect ratio.

2.7 Performance-based Image Augmentation

With the aforementioned filters, slot-based augmentation system can be applied in many
different scenarios and this section presents an example of improving detection perfor-
mance by generating images with the substitution of same category instances.

The performance-based image augmentation is based on the training mAP and P-R
details of the baseline model. In this case, the original “Faster RCNN model is selected
as the baseline model and trained on MS-COCO dataset with 490k batches without any
augmentation (same hyperparameter configuration as Ren et al. (2015a)). The baseline
model produces 30.5% overall mAP (C75) that reaches the original benchmark. How-

ever, mAP alone is biased to describe model performance and weakness. Hence, detailed
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F1GURE 2.11: Object feature loss is caused by substituting the target slot with an
instance of different aspect ratio. In this case, the target slot ratio is width larger than
height while the substitution is opposite.
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FI1GURE 2.12: Derek Style P-R Curves of Baseline “Faster RCNN Model without Image
Augmentation.
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TABLE 2.4: Number of Augmented Images with Different Approaches

. Number of Number of Proportion of
Augmentation Methods(490k) Original Images | Augmented Image | Original Images
No-Flipping 118,287 0 0%

Flipping (All Categories) 118,287 118,287 50%

Ours Cars 12,251 3,262 78.97%
Ours Boats 3,025 940 76.29%
Ours Traffic Lights 4,139 2,224 64.05%
Flipping and Ours Cars 12,251 15,513 44.13%
Flipping and Ours Boats 3,025 3,956 43.31%
Flipping and Ours Traffic Lights | 4,139 6,363 39.41%

P-R curves in Figure 2.12 are introduced to evaluate the scale-wise performance. In ad-
dition to the overall performance, category-wise P-R curves are analysed as well. The
P-R curve and detailed mAP performance indicate the imbalanced performance that
some categories have fairly low mAP due to limited image and instance amount. To
address the issue of low mAP of certain categories, augmenting extra images to provide
extra learn-able features is expected a performance improvement, hence the motivation

of using slot-based augmentation system.

Based on the analysis of the mAP and instance amount, three categories are selected to
demonstrate the process of augmenting images to improve the performance: cars, ships
and traffic lights. These three categories initially have fewer instance amounts, lower
detection mAP and a reasonable number of slot. To augment more images containing
these category instances, the slots are substituted with candidates of the same category
and the +20% threshold is applied on the scale and aspect ratio filters. Based on the
selected categories, the widely used flipping and slot-based approaches are compared in
the aspects of various mAP metrics, the amount of generated images and the effects of
combining them together. Table 2.7 displays the augmentation amount with different
augmentation methods, in which flipping images is the commonly used approach in many
detection systems. In addition, these augmented images also change the probability of
training on an original image in other words, the chances of learning original features
or artificial features. Details of the augmentation performance are presented in the
following sections. Note the slot-based method is conducted one epoch so that one slot

is only substituted with one candidate.
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2.7.1 Augmenting Cars Images

MS-COCO contains 43,867 car instances distributed in 12,251 images. Following the
pipeline discussed in Section 2.5.1, isolated slots are selected and replaced with can-
didates satisfying the requirements of the filters. In other words, the car slots are
substituted with those candidates with close aspect ratio, scales and the same category.
In the experiments, 3,262 images are generated by replacing slots by one iteration and

the sample images are shown in Figure 2.15(a).

Regarding augmentation effects on detection performance, Table 2.7.1 presents baseline
model mAP with different augmentation methods of all scales. Table 2.7.1, Table 2.7.1
and Table 2.7.1 describe the same schemes on objects with scales of large, medium and
small relatively. To summarise these results, slot-based augmentation system generates
around 3000 images (over 12,251 images) and train on these extra images improved the
overall mAP 2% comparing with commonly used “flipping” and non-augmentation.
Regarding the training mAP of different scales, it can be observed that slot-based aug-
mentation has greater effects for medium and small objects, boosting 1.6% mAP for
medium instances and 0.9% for small scale (comparing with not applying any augmen-
tation methods, under the C75 metric). Furthermore, the mixing of slot-based method
and flipping, increased 1.4% mAP while 0.5% for flipping only. Despite the mAP im-
provements of flipping, the overall mAP from Table 2.7.1 shows a 0.7% mAP decreasing

which might be the reason for medium scale instances in Table 2.7.1.

TABLE 2.5: Baseline Model mAP on Cars
| C75 | €50 | Loc (C10)

No Flipping 0.268 | 0.513 | 0.688
Flipping 0.261 | 0.510 | 0.691
Ours 0.281 | 0.509 | 0.679

Flipping + Ours | 0.276 | 0.515 | 0.677

TABLE 2.6: Baseline Model mAP on Cars (Large Scale)
| C75 | €50 | Loc (C10)

No Flipping 0.538 | 0.776 | 0.874
Flipping 0.599 | 0.768 | 0.872
Ours 0.580 | 0.778 | 0.883

Flipping + Ours | 0.538 | 0.802 | 0.883

TABLE 2.7: Baseline Model mAP on Cars (Medium Scale)
| C75 | €50 | Loc (C10)

No Flipping 0.497 | 0.727 | 0.860
Flipping 0.486 | 0.727 | 0.842
Ours 0.513 | 0.736 | 0.848

Flipping + Ours | 0.501 | 0.729 | 0.841
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(a) (b)

(e)

FIGURE 2.13: Row one: augmented car images. Row two: the original images (some
images are cropped for presentation purpose).

TABLE 2.8: Baseline Model mAP on Cars (Small Scale)
| €75 | €50 | Loc (C10)

No Flipping 0.118 | 0.384 0.620
Flipping 0.123 | 0.372 0.622
Ours 0.127 | 0.374 | 0.611

Flipping + Owurs | 0.132 | 0.376 | 0.599

2.7.2 Augmenting Boats Images

Similar to augment images with car instances, after one iteration, 940 boat images are
generated from 3,025 images with 10,759 instances. Figure 2.14 shows three sample
images before and after slot substitution. Considering the training mAP, the flipping
and slot-based augmentation methods actually decreased the mAP by 0.9 % and 3.1%
respectively. While combining these two augmentation methods yields an increasing
2.3% mAP. For different scale objects, the two augmentation methods decreased detec-
tion mAP at some extent. But the slot-based method contributes a 2.8% improvement
for medium scale objects and flipping method rises a 1.3% improvement on small scale
objects. In general, for the boat-related image augmentation, individual augmentation
failed to improve training mAP with a decreasing effect instead. However, applying

these two methods together improved detection mAP at all scales.
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FIGURE 2.14: Row one: augmented boat images Row two: the original images

TABLE 2.9: Base

ine Model mAP on Boats

C75 | C50 | Loc (C10)
No Flipping 0.127 | 0.37 0.594
Flipping 0.118 | 0.366 | 0.600
Ours 0.096 | 0.351 | 0.592
Flipping + Ours | 0.140 | 0.385 | 0.603

TABLE 2.10: Baseline Model mAP on Boats (Large Scale)

| C75 | €50 | Loc (C10)
No Flipping 0.342 | 0.639 0.778
Flipping 0.323 | 0.591 0.769
Ours 0.239 | 0.570 | 0.784
Flipping + Ours | 0.428 | 0.630 | 0.795

TABLE 2.11: Baseline Model mAP on Boats (Medium Scale)

| €75 | C50 | Loc (C10)
No Flipping 0.125 | 0.474 | 0.727
Flipping 0.103 | 0.460 | 0.728
Ours 0.153 | 0.504 | 0.757
Flipping + Ours | 0.134 | 0.428 | 0.711
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TABLE 2.12: Baseline Model mAP on Boats (Small Scale)
| C75 | €50 | Loc (C10)

No Flipping 0.043 | 0.259 | 0.564
Flipping 0.056 | 0.272 | 0.585
Ours 0.029 | 0.230 | 0.563

Flipping + Ours | 0.063 | 0.275 | 0.565

()

FIGURE 2.15: Row one: augmented traffic-light images Row two: the original images

2.7.3 Augmenting Traffic Light Images

For the traffic light category, 2,224 images are augmented based on 12,884 instances
from 4,139 original images within one epoch. Some sample images are shown in Figure
2.15(a). In the aspect of detection mAP, both flipping and slot-based augmentation
have improved the mAP. The improvement for flipping is 0.3% and 2.0% for slot-based
method. The combination of these two methods is 2.0% as well. Observing the mAP
changes on different scales, the flipping method improved 3.2% and 4.9% for large and
medium objects while a decreased 0.4% for small objects. The slot-based method pro-
duces 2.9% and 3% for small objects. However, it decreased by 0.7% for medium objects.
The combination approach improved all the three scales with 3.5%, 3.3% and 1.5% for

large, medium and small objects respectively.
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TABLE 2.13: Baseline Model mAP on Traffic Lights
C75 C50 Loc (C10)

No Flipping 0.096 | 0.363 | 0.539
Flipping 0.099 | 0.366 | 0.553
Ours 0.116 | 0.377 | 0.534

Flipping + Ours | 0.116 | 0.379 | 0.547

TABLE 2.14: Baseline Model mAP on Traffic Lights (Large Scale)
C75 C50 Loc (C10)

No Flipping 0.431 | 0.658 | 0.865
Flipping 0.463 | 0.687 | 0.853
Ours 0.460 | 0.656 | 0.833

Flipping + Ours | 0.566 | 0.727 | 0.896

TABLE 2.15: Baseline Model mAP on Traffic Lights (Medium Scale)
C75 C50 Loc (C10)

No Flipping 0.265 | 0.683 | 0.811
Flipping 0.316 | 0.682 | 0.823
Ours 0.258 | 0.660 | 0.837

Flipping + Ours | 0.298 | 0.686 | 0.825

TABLE 2.16: Baseline Model mAP on Traffic Lights (Small Scale)
| C75 | €50 | Loc (C10)

No Flipping 0.050 | 0.291 | 0.478
Flipping 0.046 | 0.299 | 0.497
Ours 0.080 | 0.316 | 0.466

Flipping + Ours | 0.065 | 0.311 | 0.485

2.8 Discussion and Analysis

As the main metrics of evaluating object detection models, mAP provides an overview
of model performance. However, for different category instances, the mAP per category
varies a lot. A normal case is that categories with a large number of instances come with
higher mAP such as the “person” category with 44.4% mAP (C75) containing 262,645
instances in 64,115 images. While those with small instance amounts have much lower
mAP such as “hair drier” 1% mAP (C75) with only 198 instances in 189 images. The
previous section has presented the experiments of applying slot-based augmentation
method into three different category instances. These experimental results have shown
the benefits of applying augmentation methods. In general, applying image augmen-
tation is expected a higher overall detection mAP. However, the augmentation affects
differently over categories and sometimes it even decreased the detection mAP, such as
applying the flipping method in boat objects. Compared with flipping images, slot-based

augmentation produced closing mAP improvement. For example, the augmentation on
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car objects behaved even better than flipping with an extra 2% mAP. Besides, the slot-
based augmentation added fewer images comparing with flipping which doubled the
image amount. For a large dataset such as MS-COCO, flipping actually increased a
large number of images causing extra training time and computation resources. While
the slot-based augmentation method is relatively more flexible to control the amount
of augmentation with less increased computation time. As the performance for some
categories is not improved, combining these methods together produced a consistent
improvement over all these three categories. For the large boat instance, both flipping
and slot-based augmentation failed to improve mAP while the combination provides an

8.6% increase.

In conclusion, image augmentation is frequently applied in object detection based tasks
to provide extra learn-able features and improve the detection mAP. One of the com-
monly used methods is flipping all the images of the dataset. In this Chapter, a slot-based
image augmentation method is proposed, in which images are augmented by replacing
isolated foregrounds to provide extra combinations of foreground and backgrounds. Ad-
ditionally, the system components are tested by a series of filter experiments and an aug-
mentation scenario is presented showing the detailed procedure of applying this method.
Besides the expected mAP improvement with augmentation methods, the experimental

results have highlighted several interesting facts:

e Instance amounts affect category-wise mAPs. Some categories with lower mAP
result from lacking data, which highlights the importance of applying image aug-
mentation methods on those specific images without rising extra training time.
In addition, detailed mAP and the Derek P-R curve is descriptive on analysing

detailed performance.

e Image augmentation is not always bringing benefits to detection performance while

decreased the mAP instead such as the experimental results of boat instances.

e According to experimental results, the slot-based augmentation approach per-
formed closed behaviour as image flipping with less increased images. Besides
slot-based augmentation has large potential to generate images which is control-

lable progress by customising slot match ratio and the iteration amount.

e The combination of flipping and slot-based method is relatively more robust and

contributes a higher mAP.

Despite those benefits of slot-based augmentation methods, there is a notable effect on
contextual features. In this chapter, augmentation methods are discussed on improving
detection performance while there are many DNN architectural works aiming at extract-

ing the features between foreground and background to enhance detection performance,
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such as the relation model proposed by Hu et al. (2018). Slot substitution crops original
foreground and replaces it with a new one which changes the foreground-background
relational features. However, this type of changes has critical effects. On one hand,
breaking the original contextual features makes it difficult for DNN models to detect ob-
jects according to their surroundings. On the other hand, breaching original contextual
features potentially contributes to a robust feature extraction that recognising objects
fully by its features, not by the environments. For example, human beings recognise the

flying beer in the sky from advertisement posters.

2.9 Potential Scenarios and Future works

Despite the scenario demonstrated in this chapter, the slot-based augmentation has
many potential applicable cases such as the “mask-wise” slots, “external candidates”
and “artificial slots”. The conception of “slots” in this chapter is viewed as rectan-
gle bounding boxes and augmentation is conducted by replacing foregrounds inside the
slots with others. However, the changes of slots also cause unavoidable distortion of the
contextual information between the slot and background images. So the “mask-wise”
slot is motivated by using polygons instead of rectangles, which has fewer damage ef-
fects on the contextual information. Figure 2.16 shows simple comparison of these two
types of slots. Furthermore, the candidate matching mechanisms can also be changed
to a series of polygon related metrics and a customised triplet loss by Zhao et al. (2018)
gives inspiring insights.

Considering the slot substitution, it is a common case to have insufficient candidates

(a) Rectangle Slot (b) Mask-Wise Slot

FIGURE 2.16: A Comparison of Rectangle and Mask-Wise Slot. Represented as poly-
gon, the mask-wise slot has less background information.

especially setting strict filter thresholds. In that case, more available candidates are
desired and the external classification images can be viewed as extra resources. Im-
ages from classification dataset contain one single object per image and less complicated
backgrounds, which is similar to the slot instances such as widely used ImageNet, CI-
FAR and MNIST datasets (Deng et al., 2009; Krizhevsky and Hinton, 2009; LeCun and

Cortes, 2010). Categories of these datasets such as “cat”, “dog” or “cars” have large
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FiGURE 2.17: Artificial Slots for Augmenting Images Containing multiple Scale In-
stances.

potential usability.

Besides, detecting small objects is a challenging task due to limited scales and using
available background information is the main focus on this topic. However, as discussed
above, these approaches have some unavoidable drawbacks such as high potential de-
pendencies on backgrounds, which potentially leads limits on generalisation capacity.
Instead of learning contextual relational features, extracting scale-invariant features is
an alternative approach. It conducts detection by the features that are less affected
by object scales. Scale-invariant features have less dependency on the background and
robust to the abnormal foreground and background combinations. While it is still a dif-
ficult problem to extract such features from a large dataset with DNN models. Inspired
by the analysis of Singh and Davis (2018), extracting scale-invariant features desires
an image to contain the same category objects with different scales and manipulating
the loss function to regress the similar detection outcomes on these varied objects is
a potential solution. Therefore, the idea of “artificial slots” is motivated to created
isolated slots with different scales to generate images including various scales of same
category instances, as the demo is shown in Figure 2.17. In addition, many compulsory
definitions are required such as selecting a suitable background image, the amount and

scale of isolated slots in an image, mask or rectangle etc.

All in all, the key idea of slot-based augmentation is regarding the isolated instances as
replaceable “slots” and enriching the dataset with various combinations of foreground
and background. Furthermore, the point of augmenting images in the DNN context is
generating the “desired” image which can be observed by detailed model performance

analysis using Derek P-R curve or various mAP values. These “required images” also
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draw several promising scenarios indicating many potential extensions to addressing

different challenges in object detection research areas.






Chapter 3

StomaRCNN

IThe previous chapter has demonstrated an approach to improve detection performance
by augmenting extra images. Regarding the overall process of training DNNs, the ar-
chitecture pipeline plays an important role in problem modelling and precise outcomes.
This chapter is aimed to present an idea of pipeline reorganisation to improve detec-
tion accuracy utilising commonly used DNN models. The modified pipeline (denoted as
“StomaRCNN” ) is introduced in a realistic scenario in plant science to detect, segment
and measure the “binary-status” objects called “stoma”. By splitting the aim into
detection and segmentation tasks, the detailed object information of the high-resolution
microscope images, are preserved for precise segmentation and measuring. The valida-
tion results have shown modified pipeline models achieved human-level measurements
for open stomata pores. Though the closed pores require further refinement works such
as adapting the “key point detection” from facial recognition. Details of StomaRCNN

are presented in the following paragraphs.

The opening and closing of plant pores called stomata are essential to life - they control
carbon dioxide absorption from the atmosphere and release of oxygen and water, feeding
global water and carbon cycles. Biologists frequently measure stomata using microscopy
imaging. However, this manual procedure is time-consuming and laborious. The main
challenge is to accurately measure stomatal pores represented as multiple small objects
in a microscope image. Here, we propose StomaRCNN, an object detection based mul-
tistage system, which is composed of Faster RCNN and Mask RCNN, to automatically
detect, segment, and measure stomatal pores. The proposed system provides a fast,
automatic and flexible solution for biologists. Experiments are conducted on stomatal

datasets acquired from barley, the world’s fourth-largest food crop and essential for beer

!This work collaborates with Na Sai from ARC COE Plant Energy Biology from the University of
Adelaide, SA, Australia. During the collaboration, the thesis author is in charged of deep learning
related works including architecture design, model training and implementation. Na Sai is responsible
for plant science related works and providing raw laboratory image data together with annotation works.
Furthermore, the heuristic works are considered as equally contributed.
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production. The experimental results showed our proposed approach achieved an av-
erage accuracy of 95% in measuring the area and width of open stomatal pores with
the overall 0.63 mAP in detecting all types of stomata. Thus, StomaRCNN reached
measurement performance in human-level. The proposed system is capable of capturing
various visual features automatically for both stomata and pores, assembling the func-
tionalities of detection, segmentation and instance measurements. With the lightweight,
highly transferable, fast and flexible system, we achieve state of the art functionality

through the implementation of deep learning.

3.1 Introduction

Stomata, derived from the Greek word for “mouth”, is the main gate protecting the
internal structures of plant leaves from the atmosphere. It plays critical roles in plant
physiology such as controlling water loss and carbon gain. Stomatal loss of water (tran-
spiration) drives water distribution through plants and cools leaves Sinha (2004). Pho-
tosynthesis uses atmospheric CO2 to produce carbohydrates as usable energy for plant
growth and produces oxygen that is released through stomata to the atmosphere Sinha
(2004). Stomata are small pores surrounded by a pair of guard cells, but in some species
such as barley, they are flanked by a pair of subsidiary cells as shown in Figure 3.1
Bergmann and Sack (2007); Jarvis and Mansfield (1981). Mostly, stomata are found on
the surface of leaves, and are less commonly found on stems, flowers and fruits Hether-
ington and Woodward (2003); Kirkham (2014). These cells change volume, and hence
stomatal aperture, upon daily light and dark cycles, or in response to abiotic and biotic
stress to regulate plant productivity McLachlan et al. (2014); Schroeder et al. (2001);
Willmer and Fricker (1996); Melotto et al. (2008).

Due to the significance of stomatal regulation to plant physiology, the global water and

Arabidopsis
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Ficure 3.1: Examples of different stomata morphological structure. Left:

An Arabidopsis stoma with kidney-shaped guard cells (in yellow). Right: A barley

stoma with dumbbell-shaped guard cells (in yellow) and subsidiary cells (in green).
The images are drawn by the collaborator Sai (unpublished).

carbon cycles (and hence climate change), stomata have become an important model

system for biologists to investigate the response of plants to environmental stimuli Kim
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et al. (2010); Shimazaki et al. (2007). However, using microscopy imaging to examine
stomatal behaviour is not simple and straightforward, due to leaf morphological differ-
ences between plants and a lack of contrast between stomata and background Ziegler
(1987); Chen et al. (2017). In addition, it requires expert knowledge from biologists to
identify and measure stomata correctly. Common practice involves manually measuring
stomatal width (i.e. stomatal aperture), length or area with image processing software
such as Fiji-ImageJ Schindelin et al. (2012). This procedure requires the user to man-
ually specify the points of interest for width or length of stomata or the boundary of
stomata pore to specify stomatal area so that the software is able to return relevant
results. In order to produce good and accurate results, this common practice is time-
consuming, laborious and tedious. Although the ImageJ based plugin developed by
Cheng et al. (2014) provides benefits to make stomata related measurement easier and
faster, manually tuned parameters are still required to produce the desired performance.
Moreover, this is a highly experience-dependent procedure and hard to conduct in an
automatic way. Therefore, measurement is commonly a bottleneck as hundreds of im-

ages are needed as standard to produce biologically relevant results.

Whilst recently developed tools such as the ImageJ-based Cell Counter Plugin brings the
procedure from fully manual to semi-automatic, the efficiency of data retrieval from im-
ages in the large scale is still highly desired Cheng et al. (2014). Recent progress in deep
learning and computer vision have given rise to an array of impressive semi-automatic
procedures. Deep neural networks (DNN) have been developed with various architec-
tures and training mechanisms to address several realistic problems in deep learning and
computer vision LeCun et al. (2015). For fundamental object detection tasks, a series
of DNNs have been proposed, such as the “speed prior” one stage networks including
YOLO Redmon et al. (2016); Redmon and Farhadi (2018), SSD Liu et al. (2016) and
RetinaNet Lin et al. (2017b). An alternative approach is the “quality prior” multistage
RCNN families such as RCNN Girshick et al. (2014), Fast RCNN Girshick (2015a) and
Faster RCNN Ren et al. (2015b). The multistage models use “Region Proposal Net-
work” (RPN) to propose bounding box candidates for final prediction while one stage
models directly output predictions by fusing feature maps without an RPN. In general,
one stage models are fast and commonly used for real-time detection while RCNNs are
used in quality-driven scenarios. Based on the bounding box detection, to achieve an
instance level segmentation, Mask RCNN He et al. (2017) and its customised DNNs Dai
et al. (2017); Liu et al. (2018) are proposed.

Recently, there have been several reports of using DNNs or Computer Vision techniques
to examine stomata related problems (Table 3.1). Among those works, the handcraft
feature extractors are commonly used including HOG (Histogram of Oriented Gradi-
ents), GIST and DAISY (Dalal and Triggs, 2005; Oliva and Torralba, 2001; Tola et al.,
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2010). Guided by manual processes, these methods extract features in specific aspects
serving related vision tasks. Besides machine learning based models are also used in
this area including classifiers (e.g. supporting vector machine (SVM) Cortes and Vapnik
(1995), Multilayer Perceptron (MLP) Hornik et al. (1989)), U-Net Ronneberger et al.
(2015) based CNN and AlexNet style CNNs Krizhevsky et al. (2012).

To be specific, Laga et al. (2014) achieved stomata detection and segmentation by match-
ing the templates, originally collected from 24 images and these templates are extracted
by manual calculation. Similar to manual processing, traditional methodologies played
as important components such as HOG based cascade detector in Saponaro et al. (2017).
Besides HOG, researchers achieved high accuracy by integrating multiple manual extrac-
tors including DAISY, GIST based haralick Texture features and simple classifiers like
SVM and MLP Aono et al. (2019). Different from methods mentioned above, U-Net
models are specialised at extracting highly abstract features, while preserving the rela-
tively detailed features from previous layers by many deconvolution operations. With
appropriate modellings, these U-Net models produced competitive detection results with
high recall and precision Saponaro et al. (2017). The DNN based approaches may not
behave well alone and combine with HOG contributes an advanced performance for some
tasks. For example, deep stomata proposed by Toda et al. (2018) utilised HOG to pre-
process raw images making it easier to conduct the desired stomatal measurement with
DNNSs. Deep learning based methods also make other related works less complicated
such as counting stomatal amount as stomatal counter network proposed by Fetter et al.
(2018).

Species Microscope Method Function Reference
Laser Handcraft feature Detection
Wheat dissection extractors Measurement Laga et al. (2014)
. Upright Detection
Grapevine Auorescence Manual HOG Measuremert Jayakody et al. (2017)

HOG, GIST, DAISY, Classication

Maize Optical LBP and Haralick Identification Aono et al. (2019)
Maize High-speed U-Net based DNN Segmentation Saponaro et al. (2017)
confocal
Dayflower Stereo HOG and CNNs Detection Toda et al. (2018)
Measurement
Maidenhair tree - Upright AlexNet style CNNs  Detection Fetter et al. (2018)

Balsam poplar  fluorescence

TABLE 3.1: Summary of related works.

These proposed methodologies have produced the expected performances on their own
specific scenarios. Most of those approaches are highly specialised on specific image data
and their approaches are built on handcraft feature descriptors and DNNs with simple
architectures. However, for more general scenarios, there are some unavoidable limita-
tions such as special requirements for image capturing equipment or associated feature

extractors. Besides, insufficient data (less than 30 images) is another barrier toward



Chapter 3 StomaRCNN 37

more general usability, as intrinsic requirements for those data-driven approaches. In
addition, the manual feature descriptors worked well on specific images but less robust
compared with the data-driven DNN models. Moreover, it is possible to adapt those
feature descriptors for similar species such as barley and wheat, but difficult for distinct
species like barley and Arabidopsis as they are form different families. In the aspect
of deep learning approaches, classifiers or DNNs used in those proposed methods have
simple architecture and fewer parameters. Thus, the limited generalisation capacities
cause incapable to handle images acquired with different plant species. Furthermore,
considering the idea of using work-flows mixed with data-driven DNNs and manual fea-
ture extractors, it is less flexible to reuse the model for a new scenario and difficult to
adapt the state of art fine-tuned DNNs.

In practice, an automatic, robust and reusable stomata measurement system is still a
challenging problem and highly desired with fewer dependencies on plant species. In
addition, the microscope images in plant science consist of fine details with high resolu-
tion (2048 by 2880). Processing those images with DNNs requires large GPU memories
so re-scaling or cutting them are commonly used methods in many detection systems.
Moreover, information loss is unavoidable which makes the problem even harder. To
address the existing issues, we proposed StomaRCNN, a multistage stomata detection,
segmentation and measurement system with integrated DNN models which are purely
data-driven and flexible to be transferred on different datasets Ben-David et al. (2010).
The detailed work-flow is presented in Figure 3.2. Data-driven DNNs have ensured
the pipeline consistency and robustness to different datasets. Due to DNN architectural
commonalities, many pre-trained DNN models (e.g. ImageNet trained CNNs Krizhevsky
et al. (2012)) are capable of being transferred to our DNN models. As stomata mea-
surement is a quality-driven task, we use multistage Faster RCNN for stomata detection

and Mask RCNN for stomatal pore segmentation instead of one-stage models.

3.2 StomaRCNN

3.2.1 Motivation and Multistage Work-flow

The ultimate goal is measuring morphological features of stomatal pores such as area,
width or length from microscope images. However, those stomatal pores are normally
represented with few pixels leading to the challenging topic of detecting small objects in
computer vision. Despite the small scales, these objects are recognisable given detailed
context or instance information. As the resource data, high-quality images like micro-
scope images, contain most of the desired information to detect small objects which is
ideal to train DNNs directly. Unfortunately, the original images are formatted in high

resolutions that consume unaffordable computational resources.
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The common practice to handle this issue is using pooling or cropping to re-scale them as
small images with lower resolution to make them trainable. However, these approaches
are not feasible in our case, because of the risk of losing detailed information. Reducing
details brings difficulties to conduct precise measurement, especially for the stomatal
pores. As a result, preserving image quality (i.e. resolution) with affordable computing
budgets is the key point to resolve this issue. Therefore, one of the potential solutions is
segmenting single stoma in small sub-images with original quality. Comparing with the
original image, training on sub-images consumes much fewer resources while preserving
the same quality. Ideally, the sub-image is completely overlapped with the benchmark
bounding box and a well-trained detection model is expected to output tight bounding
boxes with one single instance inside (i.e. one single stoma). Considering the key point
of retrieving tight bounding boxes from well-trained models, simple object detection

task requires fewer details comparing with segmenting objects.

Therefore the re-scaled images (1/5 in our case) by common approaches are applicable

to train object detection models.

These insights suggest a solution to detect bounding boxes on re-scaled images and seg-
menting instances on the associated area from the original image with less computational
cost and preserve the detailed image information. Adapting to the goals of measuring,
we use Faster RCNN to detect stomata bounding boxes on re-scaled images. Based
on the coordinates of bounding boxes, the associated region of interest is cut from the
original image through linear projection (i.e. reverse the re-scaling process). The Mask
RCNN is applied on the transferred single stoma images to segment boundary of the
stomatal pore as polygons (open stoma) or lines (closed stoma). By geometrical calcu-
lations, the target measurement of area, length and width are conducted to produce the

final results.

3.2.2 Detailed System Workflow

As shown in Figure 3.2, bio-formatted(Nikon .nd2) microscope images are required as
the input to this pipeline and all images are converted to png files through an ImagelJ
Macro script. To decrease the computational budget at the existence detection stage,
these converted images are re-scaled as 1/5 of the original width and height. Then,
through Faster RCNN, stomata are detected from each re-scaled image with a confidence
score attached. Based on the bounding box coordinates, each detected stoma is cut from
the original sized images. This strategy avoids computational intensiveness and reduces
the noise of the surrounding background. The coordinates of the bounding box detected
from re-scaled images are transformed through linear projection and each bounding box
contains a single stoma. An opening status is then recognised by Mask RCNN for each

sub-image (i.e. a single stoma) with a confidence score attached. For open stomata, the
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stomatal pore is predicted as a polygon with a confidence score, while a closed stomatal
pore is detected as a tight rectangle with a small vertical height. When stomatal pore
detection finishes, the area, height and length of the polygon are calculated to represent
the stomatal area, width and length, whereas the length of the line is measured to
indicate the length of a closed stomatal pore. Measurement data are gathered and
displayed with a corresponding width/length ratios. Stomatal density and total number
are also provided in a user-readable way. During the procedure, confidence thresholds
are set by users before passing to the image segmentation stage and this threshold is
applied to the confidence check in the existence detection, opening status detection and
measurements detection. Any (sub-)images with a confidence score below the threshold,

manual measurement is required and output is assimilated into the final output.
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Overall workflow of StomaRCNN
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FIGURE 3.2: The simplified system work-flow of StomaRCNN.

3.2.3 Yes or No: Detecting Stomata from Background

One of the prerequisites of measuring stomatal pores is detecting stomata locations. The

Faster RCNN is trained to produce tight bounding boxes telling foreground instances
from backgrounds. As in Figure 3.3, Faster RCNN consists of backbone CNN, Region
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FicURE 3.3: The work-flow of stomata detection. Sub-images of each single

stoma is retrieved from the original high resolution images based on the predicted

coordinates by Faster RCNN. Accompanied with transferred annotation, these sub-
images are automatically transformed as a dataset for instance segmentation.

Proposal Network(RPN), Region of Interest (ROI) pooling and task head layers (stacks
of fully convolutional layers). In detail, the backbone CNN extracts structural features
from the input images which are subsequently processed by RPN for proposing anchor
boxes. Then, the following ROI pooling layers and the task head produce transferred
proposals as final output: object locations and whether it is a stoma or background.
In this case, Faster RCNN produced the stomata locations as bounding boxes for the

subsequent procedure to form segmentation dataset.

3.2.4 Cutting and Matching: Create Segmentation Dataset

As described in Section 3.2.1, individual dataset consisting of sub-images and anno-
tations, is required for Mask RCNN training. Due to the uncertainty of the bounding
boxes predicted by Faster RCNN, the desired dataset cannot be prepared independently.
Therefore, we applied strategies to transform the desired dataset automatically by image
cutting and annotation matching. The sub-images images are acquired directly by pro-
jecting the predicted bounding boxes (from re-scaled images) into the original images.
Each sub-image contains only one single stoma with detailed information preserved,

contributing a better segmentation performance for Mask RCNN, as in Figure 3.3.

In addition, annotations are acquired by matching sub-images with the benchmarks in
original images, which include detailed annotation for the sub-images. Here we simplify
this procedure by whether the centroid of sub-images fall into associated benchmark
bounding boxes. Comparing with other alternatives of box vertex matching, this ap-

proach has significant reduction on algorithm complexity.



42 Chapter 3 StomaRCNN

3.2.5 Open or Close: Detecting stomatal opening status

Backbone CNN Feature map RPN ROI Align FC Layer

= [C]=
:>

—

’

; 1
[ A : Mask Branch I’ 1
Segmented [ : A A
single stoma Background?
No
— : L N0 |
(=) i HiE ! !
“\’ e .'/ ; 15,2 * * I
Predicted : Open stoma? | Closed stoma?| :
. Mask RCNN Yes No
instance masks

FiGURE 3.4: The work-flow of stomatal pore detection. Based on the auto-

matically transferred dataset, the stomatal pores are segmented as the polygons (open

stoma) or decorated tight rectangle (closed stoma) by Mask RCNN model. Conse-
quently, those polygons or rectangles are ready for measurement.

With the details preserved, we use Mask RCNN model to segment stomatal pores and
predict opening status (i.e. categories ). As the architecture is shown in Figure 3.4,
Mask RCNN follows similar inference procedures as Faster RCNN but uses extra mask
branch to predict the instance outline shapes. In other words, the Mask RCNN model
segments the instance category, bounding box location and outline shape as polygons.
The desired measurements (stomatal area, width and length) are retrieved by geometric

calculations.

3.3 Experiments

3.3.1 Experimental Settings

With the limited image amount, it is challenging to train DNNs on the small dataset
as it normally requires more learn-able features and easily gets model overfitting. Sev-
eral strategies are applied to solve this issue in various aspects: data augmentation
and modified transfer learning. To be specific, the dataset is doubled with horizontally
flipped images. Besides, our RCNN models are built on ResNet-50 He et al. (2016)
pre-trained on ImageNet Krizhevsky et al. (2012) to transfer the knowledge learnt from
large dataset to improve the model capacity. We used mean average precision (mAP)
to evaluate detection outcomes supported by official COCO-API Lin et al. (2014); Ev-
eringham et al. (2010), detailed implementation process is presented in Section 3.3.3.
Section 3.4 provides details on data split, model selection, training hyperparameters,

avoiding overfitting, and so on. A deployment instruction is provided as an instruction
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(a) Open stoma (b)Closed stoma

FIGURE 3.5: Annotation examples for stomata. Bounding boxes contain a single

stoma with opening status, are determined in different colour (open stoma in cyan,

closed stoma in yellow). The red polygon and line present defined stomatal pore in
each annotation.

for deploying StomaRCNN in a local machine, at Appendix A. Due to the data con-
fidential restrictions, I'm not permitted to upload a full GitHub repository for public
access. However, section 3.4 and the deployment introduction have provided sufficient

details on implementation and system deployment.

3.3.2 Data Preparation

Leaf samples from two-week-old barley, were peeled as described in Shen et al. (2015) and
images were captured by Nikon DS-Fi3 digital camera attached on the Nikon Diaphot
200 inverted microscope. Original-sized png images were annotated using RectLabel
(version 2.62). During this annotation procedure, two annotations were given to each
stoma (Figure 3.5). First, the bounding box annotation which contains a single stoma
(i.e. a pair of guard cell and subsidiary cell) whose opening status is labelled. Sec-
ond, the measurement annotation which defines the stomatal pore with a polygon (for
open stomata) or line (for closed stomata). The process of creating measurement an-
notation followed exactly the same manual measuring procedure in Fiji-ImageJ and all
annotations are organised in a widely used MS-COCO format Lin et al. (2014). The
fully annotated dataset contains 1089 instances (recognisable stomata) from 92 images
falling into two categories (“open stomata” or “closed stomata”). After filtering invalid
instances (e.g. truncated), 841 valid instances from 92 images are obtained. Filtered
images are randomly split into training set (82 images with 757 instances) and validation

set (10 images with 84 instances).

3.3.3 System Implementation Details

The system is implemented with PyTorch 1.0 Paszke et al. (2017) and CUDA 10.0 on
a Linux workstation equipped with four NVIDIA GTX 1080 GPUs. In the stomata
detection task, a Pytorch version Faster RCNN model is applied, and the ResNet-50

model pre-trained on ImageNet is transferred as its backbone model.
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The Faster RCNN is assembled with ImageNet pre-trained ResNet-50 as the backbone
CNNs Deng et al. (2009); He et al. (2016), adapted from Chen and Gupta (2017). Under
the consideration of lightweight, the Mask RCNN was implemented based on Massa and
Girshick (2018) and used similar backbone ResNet-50 CNN as Faster RCNN. Other
hyperparameters are set according to the dataset instance details such as mean pixel
value for data normalisation, RPN anchor scales and ratios. Moreover, various Python
libraries are used for other mentioned procedures including PANDAS, Numpy, scikit-
image, OpenCV and Shapely for stomata pore measurements (McKinney, 2011; Van
Der Walt et al., 2011; Van der Walt et al., 2014; Bradski, 2000; Gillies et al., 2007-).

3.3.4 Training Faster RCNN

The Faster RCNN model is trained with 10K image batches with obtaining an mAP
of 0.603. The confidence threshold of stomatal detection is set as 50% to acquire more
predictions, surprisingly most of the inference gain confidence scores of over 90% as in
Figure 3.3. 99.52% of predicted bounding boxes detected single stoma (837 over 841
valid instances) and transformed into the segmentation dataset. These results have
shown that our “light-backbone” Faster RCNN model had a strong capacity to extract

nearly all the stomata with high metric values.

As mentioned in section 3.2.3, Faster RCNN is trained to produce stomata bounding
boxes for cutting sub-images as in Figure 3.3. Since Faster RCNN model transferred
ResNet-50 as its backbone, it is a common practice that the first several layers of the
pre-trained model are frozen, to utilise the features they learnt which widely fits many
vision scenarios. However, it does not work well on our dataset because microscope
images have significantly different dataset distributions comparing to ImageNet. There-
fore, we defrost the first several layers as the strategy to cope with the issue and it
contributes an extra 2% mAP for Faster RCNN training.

To improve the model performance, tuning hyper-parameters is a key step. Among
various hyper-parameters, we found RPN anchor settings and recalculated pixel means
boost the Faster RCNN significantly from 0.40 to 0.60 mAP. RPN anchor scales are
set as [30, 40, 50] and [0.4, 0.6, 0.8, 1.0] for aspect ratios, based on the distributions
of instances. Those settings provide a closing initial status for bounding box regression
in both RPN and task head. Hence, the decreased regression difficulty contributes the

mAP improvement.
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3.3.5 Training Mask RCNN with Decorated Annotations

The core part of pore measuring is to segment the stoma pore outline as a polygon
(open pore) or a line (closed pore), which is conducted by the Mask RCNN (Figure 3.4)
on the transformed single stoma images. The transformed dataset contains 837 single
stoma images split as the training set (738 images/instances) and validation set (99
images/instances). The length and width of open stomatal pore have a large variance,
leading to many different aspect ratios. To be specific, the length (131.31 pixels in
average) vary from 68 to 181 and the width are ranged from 1.673 to 169.0 with the
mean value of 30.04. The normal operation of directly segmenting those small objects
failed even with fine-tuned RPN anchor settings and produced very low mAP, with few
barely predicted segmentation for closed stomatal pores with low confidence (less than
10%). Similarly, the overfitting model reaches 0.821 mAP, resulting in the unbalanced
detection that most of the closed stomatal pore detection failed. Comparing with the
architecture modifications in related works Singh and Davis (2018); Lin et al. (2017a);
Liu et al. (2016); Yi et al. (2018), we attempted to address this small object detection

issue in a different way by “decorating annotations”.

3.3.5.1 Decorating Annotations

Decorating annotations (closed pores) is a procedure adding extra vertices into anno-
tations of closed pores to transfer the lines to rectangles. The transformation is im-
plemented by vertically enlarging the shape by a small value as the “width” of the
closed stomatal pores and keeping the length unchanged. This value is given as the
mean of the first quartile of all open stomata pore widths, which is 8.3116 pixels in our
case. The assigned width is much smaller compared with the mean open stomatal width
(30.04 pixels), which has no significant effects on deciding the pore category. Therefore,
these decorations make detecting closed stomatal pore detection an easier problem while

preserving the target length features.

3.3.5.2 Overall Training

The Mask RCNN is trained for 20K iterations with the default settings and produced
acceptable results as in Figure 3.6. The inference time with CPU is averaged around
8.0 seconds per image, while GPU decreases the time cost to less than 2.0 seconds.
Regarding the mAP metrics, the performances for the small and medium-size instances
are considered, especially for closed pores. For small objects (mainly the closed stomatal
pores), our Mask RCNN model achieved 0.437 mAP for pore outline segmentation and
0.457mAP for the pore bounding box detection. For the medium objects (mainly the
open stomatal pores), the performance is 0.551 mAP on segmentation and 0.521 mAP

on bounding box detection. As those metrics alone are not sufficient to reflect the
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FIGURE 3.6: The examples of segmented single stoma and predicted stomatal

pores. Top: segmented single stoma based on Faster RCNN predictions. Bottom:

predicted polygon segmentation by Mask RCNN (light green for open stomata and dark
green for closed stomata). These predictions are processed for further measurement.

performance, our model contributes to the precise measurements of open pores with
high inference confidence (as in Figure 3.6) and more details are presented in Section
3.3.6.

3.3.6 Area and Length: Measuring Stomata

By performing the measuring algorithms on the predicted open stomatal pores, our sys-
tem has shown accurate results with a high confidence score for the area and width,
shown in Figure 3.7. The area and width present 95.03% and 95.05% of average pre-
cision respectively. To be specific, with over the 601 open pores, StomaRCNN has
detected 596, 549, 533 filtered with 50%, 75% and 90% confidence respectively. Re-
garding measurement precision, linear regression represented with R square of 0.9889
for width and 0.9915 for area measurement. In conclusion, the lightweight StomaRCNN
achieved manual-level precision automatically. For closed stomata, the morphological
structure of closed stomata, makes it challenging even for manual measurement as it
is visually difficult to distinguish. Therefore, the prediction results are produced with
less confidence and relatively lower accuracy. As a consequence, the measurement is less

competitive than manual processing.

Since training large models on the small dataset can easily lead to overfitting, our back-
bone ResNet uses several regularisation methods such as batch normalisation and resid-
ual connections. For Mask RCNN training, mAP is not sufficient to decide the trained
model for measurement as the high mAP (>0.80) normally leads to the failure of seg-
menting closed stomatal pores. The final model is selected with a balanced trade-off
between mAP and the visualised segmentation results. Additionally, the single stoma
images for Mask RCNN training are in small scales and we tuned the minimal input im-
age size as 800 pixels (against 160, 320 and 1000) to enlarge the small images. Besides,

lower starting learning rates (0.001) and decay step size are important.
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FIGURE 3.7: Manual Measurement vs StomaRCNN Predicted Measurement
with over 90% confidence. Each data point represents an open stoma and fit in

linear regression. The StomaRCNN produced precise measurement for area (a) and
width (b) of stomatal pore, with B2 of 0.9889 and 0.9915 respectively.

3.4 Reproduction Notes

This section summarises the key components to reproduce the reported results in this
chapter. A brief technical introduction on deploying StomaRCNN is provided. For
the deployment concerns, I've summarised an instruction in Appendix A, which is ini-
tially used to guide my collaborator deploying the system on their server at Adelaide

University, Australia.

3.4.1 Data Split

The collected dataset contains 92 images with 841 stomata objects. Among these 841
objects, 604 (=~ 71.8% of total objects) are the open stomata and 237 (= 28.2% of total
objects) are the closed ones. Considering the balance between learning and evaluation,
around 90% data are randomly split as the training set, leaving the rest 10% as the
testing set, which is not used for training. The “9:1” split is determined by the total im-

age amount and the practical concerns. The details of splitting dataset are shown below.

The training set contains 82 images, which is ~ 89.1% of total images. It includes
757 objects, which is &~ 90.0% of total objects. Among those objects, there are 549
open stomata and 192 closed ones. For the testing set, it includes 10 images, which is
~ 10.9% of total images. Those testing images contains 84 objects which is ~ 9.9% of

total objects. Among those objects, 55 are open and 45 are closed stomata.

Comparing with many large datasets, our Stomata dataset is small. The key reason is

the time-consuming procedures for plant scientists to conduct one experiment. Their
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key steps include growing the target from the seed (normally one or two weeks), test
with different chemical approaches, metabolic activity observation, select valid leaves

and microscopy imaging.

Considering the procedure of model selection, the general idea is using small models or
handcraft feature extractors such as HOG-based filters. The main reason for avoiding
deep learning models is that DNNs are easy to be overfitting when the dataset is small.
However, this work selects RCNN models not only by the reasons aforementioned in
previous sections but also by the stomata data. Unlike general public datasets such
as MS-COCO and ImageNet, our dataset contains only stomata images with open and
closed pores. More importantly, from the aspect of plant science, stomata have the
biological consistencies. In other words, there is a very limited variety of the stom-
ata shapes (square, rectangle but never a triangle), especially for the barley species.
Therefore, DNN models are selected for stomata measurement with their deep learning
features hold, such as transfer learning, model reusing, end-to-end, and so on. These
advantages make DNNSs fit better than the traditional handcraft feature extractors such
as HOG-based models.

3.4.2 Anchor-based Model Selection

As aforementioned above, this project selects Faster RCNN and Mask RCNN models
for detection and segmentation. The key reason for selecting RCNN models is their
anchor mechanisms, which ensured a better performance than those classic one-stage
anchor-free models. Actually, the anchors in Faster and Mask RCNN are fixed with
location, scales, and aspect ratios. Instead of these anchor-fixed models, there is a great
raising trend of models using “trainable anchors” after we finished this project. The key
idea is changing the fixed anchors to a “learnable” and “differentiable” mechanism, in
order to guide the detection network to produce better performance. It is necessary to
discuss the pros and cons of replacing Faster and Mask RCNN models with these newly

proposed anchor-free models.

Fixed-Anchors: As the architectures of Faster and Mask RCNN is demonstrated in the
previous sections, the detection and segmentation relay on “anchors, which are the fixed
locations in the “Region Proposal Network” (see Figure 3.3). The detection proposals
are firstly generated based on the fixed anchor at the fixed location, then adjusted to
a different location at different scales and aspect ratios. The proposal adjusting proce-
dures are handled by the RCNN model, trained in a bounding box regression fashion. In
other words, Faster RCNN and Mask RCNN models are trained to learn the differences
between the fixed anchors and the ground truth. Given different input feature maps,

the models output their predictions by adjusting the pre-fixed bounding box proposals
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TABLE 3.2: Stomatal aspect ratio and scales

Max: 2.6364 (width: 58, height: 22)
Stomatal Aspect Ratios Min: 1.1136 (width: 49, height: 44)
Mean: 1.6706

Max: 2730.0 (width: 65, height: 42)
Stomatal Scales (in pixels) | Min: 950.0 (width: 50, height: 19)
Mean: 1757.8942

to a different location, scale, and aspect ratios. To summarise, anchors in Faster and
Mask RCNN have the fixed bounding box locations, scales, and aspect ratios. These

pre-fixed anchors are fine-tuned by the model to produce the predictions.

Trainable- Anchors: the key drawback of the fixed-anchor mechanism is manually tun-
ing the configures for the fixed anchors, which makes it less adaptive to different tasks
and difficult to regress with inappropriate hyper-parameters. To address this issue, re-
searchers have proposed several novel works on “trainable” anchors. Yang et al. (2018)
proposed a “MetaAnchor Algorithm” to learn optimal anchor location and settings by
minimising the customised “anchor box prior” loss. Their work is based on RetinaNet
Lin et al. (2017b) and it outperformed the baseline RetinaNet on MS-COCO dataset.
Wang et al. (2019) proposed a novel region proposal design combining the advantages of
dynamic anchors and recent anchor-free models. It first determines the object centroid
to avoid redundant anchors in irrelevant locations. Then the anchors are trained with
the guidance of the object centroid. Their mechanism outperformed many baselines
such as Faster RCNN and RetinaNet, on MS-COCO dataset. Overall, “trainable an-
chor” mechanisms avoid manually setting anchors, which are more robust and adaptive

when the dataset contains large variations on contexts and instances.

Considering this recent progress with this stomata measurement project, it is important
to highlight that the stomata dataset is less complicated than MS-COCO, which is the
main dataset that “trainable anchors” succeed. Another drawback is that training an-
chors take extra time and extra resources, especially when the fixed anchor settings can
be well-determined. In this case, stomata are biologically consistent to similar species,
which means anchor location, scale, and aspect ratios can be well initialised by pre-
computation even the dataset is small. Table 3.2 has summarised stomata scale (the

annotated bounding box size) and aspect ratio from the dataset, which is given by

Horizontal Width
Vertical Height

Aspect Ratio = (3.1)
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TABLE 3.3: Faster RCNN anchor setting tests. The chosen candidates covers most
stomatal scales and aspect ratios, as in Table 3.2.

Aspect Ratio Scales mAP

[0.2, 0.5, 1.0] (32, 64] 0.496

[0.4, 0.6, 0.8, 1.0] | [30, 40, 50] | 0.596

TABLE 3.4: Anchor Settings for Stomata Detection (Faster RCNN) and Stomatal Pore
Segmentation (Mask RCNN)

Anchor Aspect Ratios | Anchor Scales (pixels) | Sensitive to the Settings?

Faster RCNN [0.4, 0.6, 0.8, 1.0] [30, 40, 50] Sensitive

Mask RCNN [0.5, 1.0, 2.0] [0.5, 1.0, 2.0] Less sensitive

Anchor scales and aspect ratios are the two key settings for the fixed anchors, which
are guided by the summarised information in Table 3.2. In order to speed up anchor
box regression and improve the performance, the anchors should be initialised close to
the majority of stomata. Besides, the anchor amount in each location is given by the
multiplication of the number of configured scales and aspect ratios. More anchor scales
and aspect ratios fit the data well but gain more parameters with increasing resources
at the same time. While few settings make the detection more difficult, even zero valid
proposals in RPN. Therefore, tuning anchor hyper-parameters requires a trade-off be-
tween performance and the associated budget. After testing two candidate settings as
presented in Table 3.3, the anchors for Faster RCNN and Mask RCNN are shown in
Table 3.4. Mask RCNN is less sensitive to the settings due to the input images are the
cropped sub-images, which are re-scaled before feeding into Mask RCNN. Besides, these
sub-images are relatively simpler as each one contains only one stoma with one stomatal

pore inside it.

In conclude, recent progress on “trainable anchors” has raised promising potentials to
improve the model performance and current fixed-anchor RCNN models are still com-
petitive, as long as the anchor hyper-parameters can be appropriately determined, given

by the stomata dataset.

3.4.3 Optimisation and Hyper-parameter Settings

Overall Settings: both Faster and Mask RCNN are trained with the Stochastic Gra-
dient Descent (SGD) optimiser. Extra regularisation methods are applied to avoid over-
fitting, including batch normalisation loffe and Szegedy (2015) in the backbone CNN
model (ResNet 50), weight decay and learning rate decay during backpropagation. The
original images are normalised before feeding into RCNN models, by subtracting the
mean pixel values in each of the RGB channel (calculated from the training set). The

detailed settings are presented in Table 3.5. The rest of this section demonstrates the
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TABLE 3.5: Hyper-parameter settings for Faster and Mask RCNN

Faster RCNN Mask RCNN

Optimiser SGD SGD
Momentum 0.9 0.9
Weight Decay 0.0001 0.0001
Initial Learning Rate 0.0001 0.001
Learning Rate Decay 5,000 3,000 and 7,000
(every certain epochs)
Total Training Epochs 10,000 10,000

. o: 0.997 o: 0.997
Batch Norm Settings e 0.00001 e 0.00001
Image Normalisation [214.1339, 212.7212, 204.2712] | [193.1126,190.7024,183.7082]
(mean RBG pixel values)

TABLE 3.6: Backbone Model Settings

Model Pre-trained | Weight Frozen | mAP (Faster RCNN)
X N/A 0.496
v X 0.575
4 v 0.597

motivation and parameter tuning process for these hyper-parameters.

Backbone Model Settings: for the backbone ResNet50 model, there is a concern
of freezing weights (the first two of four ResNet blocks) which assumes the pre-trained
model is capable for capturing positional features of the stomata dataset. The potential
benefit of freezing backbone models is reducing training time (i.e. fewer parameters to
tune during backpropagation) and maintain the performance. While the negative con-
cern is the large domain shift. The pre-trained models come from ImageNet which is
quite different the stomata dataset so that the pre-training model may not differ much
with the untrained ones. To verify this potential bonus, several experiments are con-
ducted to investigate whether the pre-trained model better than randomly initialised
one, and whether the weight frozen helps the detection performance, as shown in Ta-
ble 3.6. As indicated in the experimental results, the pre-trained model with “weight
frozen” outperformed other variations. Therefore, the ImageNet pre-trained backbone
model (ResNet 50) is applied with the first two residual blocks frozen.

Optimisation and Regularisation Settings: As aforementioned, StomaRCNN uses
Stochastic Gradient Descent for training both Faster and Mask RCNN, which is firstly
proposed by Robbins and Monro (1951). However, there are some other alternatives
such as the popular Adam optimiser proposed by Kingma and Ba (2014). The principle
advantage for Adam is its adaptivity to the data in different magnitudes. Adam also

warps the mechanism of momentum and dimension-wise learning rate from AdaDelta
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(Zeiler (2012)). However, machine learning is a data-driven area that algorithmic per-
formances vary from different tasks (i.e. dataset). Besides, SGD with momentum and
weight decay provides great improvements comparing with the solely SGD, making such
combination widely used in object detection, and segmentation tasks. In practice, like
many other models, the SGD-based optimiser produces higher mAP than Adam. The
key reason is the different dataset making the adaptive optimisation approach less ef-
fective. Therefore, StomaRCNN uses the SGD-based optimiser with detailed settings in
Table 3.5.

Avoiding Overfitting: As discussed above, stomata data naturally maintain biolog-
ical consistencies. For training the RCNN models, many methods have been applied
to avoid overfitting issue, such as batch normalisation applied in the backbone CNN
models. Besides, weight decay is applied to make the trained weights sparse so that
less overfitting. Image flipping is also used to augment extra images, which contributes
less overfitting as well. For regarding the RCNN models, they are naturally applied the
“smooth 11”7 loss (Girshick, 2015b; Ren et al., 2015a; He et al., 2017), which is a soft
version for the classic L1 norm loss. The smooth 11 loss replaced the linear with the

exponential form, as in the equation below:

0.5z if |z| <1

|z| — 0.5 otherwise

Smooth Ly = { (3.2)

Comparing with L2 norm, L1 norm is robust to outliers, such as the abnormal bounding
box locations. Because the gradients of the L1 norm are scalar, which is independent
of x’s value. The smooth L1 loss actually changed the gradients when z value is small
(|x| < 1). Therefore, these decreased gradients in small z make the system more robust,

especially RCNNs normally calculate losses for thousands of bounding box proposals.

Learning Rate Decay Settings: learning rate decay is the commonly used method
to fine-tune models. It decreases the learning rate when the training reaches the config-
ured epochs. In other words, the model is firstly trained with a larger learning rate to
reach the local optimal in the hyper-space. Then learning rate is decreased to a smaller
value which fine-tunes the model to the local optimal. In practice, the learning rate
decay value is conducted by multiplying a small number (0.0001 in this project). This
scalar is given by RCNN default settings and works well in many computer vision tasks,
and this project too. However, the epoch setting for conducting learning rate decay
is not that straightforward. The epoch setting actually balances the length between
the rough training and the fine-tuning phases. Table 3.7 shows a group of candidates
for the epoch settings. Therefore, the final weight decay epoch for Faster RCNN is
5,000 given total epoch 10,000, which equally splits the rough training and fine-tuning
phases. Mask RCNN follows the default 3,000 and 7,000 epoch setting, since its input
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TABLE 3.7: Learning Rate Decay Setting Selection for Faster RCNN

Total Epochs | Decay Epoch | mAP
10,000 5,000 0.597
10,000 3,000 0.565
10,000 2,000 0.584
10,000 500 0.525
50,000 35,000 0.534
20,000 15,000 0.518
1,000 700 0.407

500 300 0.229

images are relatively simple. The reason for the two-step learning rate decay in Mask
RCNN is that segmentation requires more fine-tune epochs, as it conducts precise pixel-
wise recognition. In other words, not only the Region Proposal Network (as in Faster
RCNN) requires fine-tune, but also the segmentation CNN branches (Figure 3.4).

Initial Learning Rate Settings: the initial learning rate is set according to input
data magnitudes, by which it avoids exceptional gradients and associated NaN errors
during training. Since the data normalisation is applied to reduce the pixel values, three
key learning rates are tested: 0.01, 0.001, 0.0001, and 0.00001. For StomaRCNN, 0.01
and 0.001 directly failed after a few epochs with NaN errors. Training with the smallest
0.00001 is much slower than 0.0001. Therefore, Faster RCNN learning rate is initialised
as 0.0001, and Mask RCNN is set as 0.001 in a similar way.

Image Normalisation: as in many computer vision tasks, input images are usually
normalised by subtracting the mean pixel values in each of the RGB channels. The
main reason is reducing input scales to decrease the difficulties of hyper-parameter tun-
ing. Many default hyper-parameters are empirical set on the dataset which have the
similar magnitudes, so that these settings can be directly transferred with after normal-
ising the images. Another reason is to avoid unnecessary errors such as NaN gradients
caused by too large loss value. Because pixel values (ranged from 0 to 255) are much
larger than ground truth labels (normally less than 100). In StomaRCNN, the mean
pixel values are calculated from the training set and directly used for normalising the
test data. Despite the small dataset, the stomatal biological consistencies and similar
microscope equipment ensure the calculated values good suitability for test images. In
practice, mean pixel values [214.1339, 212.7212, 204.2712] are used for Faster RCNN,
and [193.1126,190.7024,183.7082] are applied in the Mask RCNN model. The normal-
isation values are also tested with freshly produced raw microscope images, and it is

correctly functioning.

The instruction of system deployment is presented in Appendix A.
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3.5 Conclusion and Future Works

We propose StomaRCNN to automatically measure the stomatal pores with precise re-
sults and high confidence. Especially for open stomatal pores, our proposed system
achieved human-level accurate measurement with less inference time. Therefore, Stom-
aRCNN is expected to dramatically shorten the measuring time for biologists. Compar-
ing to common approaches in Section 3.1, the proposed system reduced computational

costs while preserving the detailed information.

Even with a small amount of data, our system achieved the desired behaviours in both
mAP and measurement without overfitting. StomaRCNN has the expected generalised
flexibility among different species since the morphological structure of stomata are highly
reserved in cross-species and the image resolution is fixed because of the bounded mi-
croscope lenses. To address the small instance segmentation, our proposed method of
decorating annotations indicates potential approaches to decrease the difficulties while
preserving the target features in a simple way. Besides, StomaRCNN utilises the plugin
plugin-out pipeline enabling various model compositions not limited to DNNs. Adapting
impressive approaches in face recognition Wu et al. (2018); Hu and Ramanan (2017);
Dong et al. (2018) is another focus of the future work to improve the closed pore mea-

surement.
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Conclusions

This thesis has presented two different approaches of improving object detection per-
formances in the aspects of image augmentation and DNN pipeline modification. The
slot-based image augmentation system demonstrates the positive effects of generating
extra images and large potential possibilities of extending it for many other object de-
tection related challenges such as extracting scale-invariant features for small object
detection. Moreover, it observes detailed performance in category-wise and highlights
the importance of “requirement oriented” augmentation. StomaRCNN demonstrates a
“task-splitting” pipeline of measuring instances in high-resolution images. In this work,
detection and segmentation are distributed to two individual models due to the different
requirements on instance details. For the architecture design, the end-to-end pipeline
enables replacements on different models. Furthermore, details of original images are
preserved and utilised for precise measurement tasks, avoiding unnecessary image detail

losses.

To summarise, object detection is a fundamental area for many advanced computer
vision tasks and the improvements in detection performance have great effects on related
domains. Instead of DNN architectural modification, this thesis provides two light-
weight approaches to address the performance issue. All in all, the deep learning based
approaches are data-driven systems extracting features from training data and guided
by loss function and optimisation algorithms. Besides the DNN architectures, it is
worthy to recall the significance of data itself and more efforts are required to rethink
the relations among images, instances and related features, since the commonly used
augmentation method does not always helps detection performance. In addition, the
pipeline modification draws insights on reviewing the object detection related to DNN

architecture designs.
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Appendix A

StomaRCNN: Deployment (Guide

A.1 Overview

The procedures of deploying and running StomaRCNN following general, basic and
simple deep learning pipelines, highlighted in the following key steps:

System Working Procedures

Pre-requirements Installation

Deploying and local-building codes

Testing installation by running the prediction demo

Training with our Current Data

New Data Preparation, Formating, Integrating with previous ones
Train with own/updated Data

Evaluate and Understand the Performance

© ® N e W N

Tricks and Values specifically for training StomaRCNN

A.2 System Working Procedures

StomaRCNN is designed to detect stomata location, cropping stomata from original
images, segment stomatal pores and calculate weights, heights and areas by geometric

calculations.

Image Preparation: Scripts and RectLabel!

Stomata Detection: Faster RCNN (Pytorch)

Stomata Cropping: Python Scripts

Stomata Data re-Formatting: Python Scripts based on PANDAS
Stomatal Pore Segmentation: Mask RCNN (Pytorch)

O W=

"https://rectlabel.com/

o7
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Appendix A StomaRCNN: Deployment Guide

6.

Stomatal Pore Calculation: Python Scripts

A.3 Data Preparation and Formatting

e Annotation and Images are organised in an MS-COCO? fashion.

— MS-COCO style follows a certain architecture: ”dictionary-and-lists”. Please

refer to sample annotation files for details.

e The data consist of .png Images and .json Annotations.

e Annotation files are named as "COCQO”+ "train/val” to reduce unnecessary work-

load.
— It’s recommended to give them meaningful names afterwards. (remained

works)

A.4 Stomata Detection with Faster RCNN (Pytorch)

There are many popular repositories on the Internet. The author used Ruotian Luo’s

version when there were not any good other choices. It’s now not maintained and feel

free to install other recommended versions, in Python 3. I’ve prepared part of the code

analysis UML style graph here.

The key procedures are summarised as the followings?:

1. Install Prerequisites: follow this link

2. Download and Compile: git clone and Make the repository, link.

3.

4. Deploy StomaRCNN Detection Codes and Demo Data: copy and replace

Install Data API: Install Python COCO API, link.

StomaRCNN version faster RCNN library files, configuration files and others, link.
Visualise Detection Results: for visualisation, refer the Jupyter Notebook link.
There is also an completed script to run detection models on small images, crop
from original large images and automatically generate annotation files, link. It’s

recommended to use GPU to do this job, see this link.

. Run the codes: you can run the demo with Jupyter Notebook to test your

installation, such as customised_visualisation. To train the network, run ./ezperi-
ments/scripts/train_faster_renn.sh in terminal. You can configure the training de-
tails inside the shell script. Refer this link, and change the dataset as I pre-defined
"stomata” and the trained model is res50. It looks like: ./train_faster_renn.sh 0

stomata res50

https://github.com/cocodataset /cocoapi
3part of the links cannot be presented, due to the confidential reasons.


https://github.com/ruotianluo/pytorch-faster-rcnn
https://github.com/ruotianluo/pytorch-faster-rcnn
https://drive.google.com/file/d/1X0fYSku8BbBzYuYT2aKJDtFIsmcjVRd7/view
https://github.com/ruotianluo/pytorch-faster-rcnn#prerequisites
https://github.com/ruotianluo/pytorch-faster-rcnn#installation
https://github.com/ruotianluo/pytorch-faster-rcnn#installation
https://github.com/ruotianluo/pytorch-faster-rcnn#train-your-own-model
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Note: Double-check the file path and folder path in the code. The relative path is
suggested.

A.5 Stomatal Pore Segmentation with Mask RCNN (Py-
torch)

Mask RCNN is used to segment cropped sub-images which contains and only contains
one single stoma (and pore). Associated with the sub-images, MaskRCNN is trained
with generated annotation files, automatically transformed from the previous step (see

overall_integrated_pipeline.ipynb). I've prepared part of the code analysis graph, here.

The MaskRCNN model is based on Facebook’s Benchmark version. You can validate

your installation by running the scripts, such as this one.

Again, there are many more efficient segmentation models coming up. Therefore, feel
free to replace MaskRCNN with a more advanced model. As usual, you can always
optimise the deployment using libraries to prune/trim and quantize DNNs, which are
popular in Tensorflow and Tensorflow Lite on Google Cloud ecosystem. I'm not experi-

enced in the Pytorh one, but do check this Quantization.

Here are the principle pipelines to deploy and run the codes. Again, I recommend

optimising the deployment...

1. Benchmark Installation in a benchmark way: a simple attempt is using
conda as instructed here. It also provides tips on Docker.

2. Replace files with our customised codes.

3. Run the demo to visualise the pre-trained model.

4. Then you are ready to train your own model by updating the configure files.

A.6 Stomatal Pores Measuring and Output

The previous step has produced the outputs and ready for measurement. Please use an
integrated script to run the segmentation, measurement and saving results as .csv files.
Please check this link.


https://drive.google.com/file/d/1CqhnGUSThyBgcsNFZsSwZ8UdQScsCmFU/view
https://github.com/facebookresearch/maskrcnn-benchmark
https://pytorch.org/docs/stable/quantization.html
https://github.com/facebookresearch/maskrcnn-benchmark/blob/master/INSTALL.md
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