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Abstract

Efficient quantitative analysis of plant traits is critical to keep pace

with advances in molecular and genetic plant breeding tools. Machine

learning has shown impressive results in automating a lot of these an-

alytical processes however, many of the algorithms rely on a surplus

of high-quality biological imagery. This data is currently collected in

labs via static camera systems, which provide consistent images but

are challenging to tailor to individual plants, species, or tasks. Cur-

rent research in autonomous camera systems use object detection or

tracking methods to control the camera. Unfortunately, this quickly

falls apart for static biological imagery as large inter- and intra-species

variations, even within the same specimen, make object detection less

robust and stationary targets make tracking unusable. Inspired by the

success of deep learning in the autonomous driving space, we apply an

end-to-end learned approach to directly map saliency-augmented in-

put frames from an RGB monocular camera to a pan-tilt-zoom (PTZ)

actuation. Our results show our model correctly classifies which di-

rection to move the camera in 87% of instances and has an average

offset error of 250 and 140 pixels for a 1920x1080 image, respectively.

Results on a much smaller, plant-only dataset demonstrates the ap-

plicability of the model to biological imagery and we demonstrate

saliency’s effectiveness in improving accuracy by up to 4%.
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Chapter 1

Introduction and Related Work

Plant phenotyping laboratories can benefit greatly from autonomous camera con-

trol, leading to better quality images that can be tailored to specific use-cases.

The phenotyping labs often consist of heterogeneous plant species which are moni-

tored over time as they grow. This means there is a wide variety in plant structure,

size and colour which can make encompassing the relevant parts of the plant dif-

ficult for a static camera rig. Furthermore, the scientists that monitor the plants

are conducting different experiments for different plants and species. For ex-

ample, analysing the fruit yield of a strawberry plant versus measuring wheat

growth over time. Tailoring the images of each plant to maximise the insight for

each specific experiment is difficult for a static camera setup and important parts

of the plant may be occluded. Changes in lighting conditions and background

clutter exaggerate the problem. This inflexibility can be particularly damaging

if the images are going to be analysed via a machine learning technique such as

[1]. These algorithms are less robust to poor images than human analysis and

could produce inaccurate results if the image does not properly encompass the

integral parts of the plant for the experiment. Another use of the images is in the

actual training of these machine learning algorithms, particularly deep learning
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algorithms. These algorithms rely on large-scale labelled datasets to learn map-

pings between images and the desired output. Poor quality imagery can therefore

be particularly damaging to the performance of these models and will have a cu-

mulative impact on how well the mapping is learnt. The scale of the datasets

required for deep learning also means manual postprocessing of the images is

time-consuming. Therefore, a dynamic, autonomous camera capture system is

preferable as the camera position can be tailored to each plant/experiment giv-

ing a higher quality image.

Most approaches to autonomous cameras rely on application-defined object

detection, which is then fed to a rule-based camera control system [2]. For the

task of biological imaging, object detection quickly breaks down as the plants

grow, and their appearance changes, as well as with the introduction of new, un-

seen plant species. Additional challenges such as occlusion, diverse and cluttered

backgrounds further degrade performance. In this work, we propose a camera

control pipeline including a multi-headed, deep CNN architecture, that takes the

current image as input and outputs the camera control signals required to better

encompass the salient object (in our case, plant) in the scene. These signals in-

clude the pan and tilt camera offsets required to recentre the object and the field

of view adjustments (or zoom) required to limit excessive or insufficient space

around the object. Figure 1.1 demonstrates two example outputs of the algo-

rithm, starting from the initial input frame in the left-hand image, to the camera

position correction in the middle image and finally, the field-of-view (FOV) cor-

rection in the right-hand image. Ideally, the model should complete both position

correction and FOV correction in one single step, however in practise it is more

likely that the camera will iterate over a few different positions/zooms until a

final position is settled upon. The figure demonstrates the model on both a plant

(top) and an everyday house item, specifically a lighter (bottom). The solution
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generalises to different objects as a direct frame-to-action mapping is learnt as

opposed to a task-specific object detector. The model is also generalised to work

with different camera rigs by gauging offset predictions in image pixel coordi-

nates. These are then converted to real-world pan-tilt-zoom (PTZ) coordinates,

using coefficients configured in an earlier camera calibration step which we ex-

plain in more detail in Chapter 5.1. We also utilise transfer learning to improve

classification results. With this approach, we hope to simulate the innate capac-

ity that a human camera operator has to pan and zoom to unseen objects, with

the intention of generalising to biological imagery.

Figure 1.1: Exemplifies how input frames will look during operation, starting with
the initial input frame on the left, after the camera position has been corrected
in the middle column and after field-of-view (FOV) correction in the right-hand
column. Top row: plant. Bottom row: household object (lighter). In the optimal
case, camera position and FOV correction will occur simultaneously in one single
step. Otherwise, multiple steps could be required before final camera coordinates
are settled upon.

A large inspiration for choosing this approach is the recent success of end-to-

end learning for self-driving cars such as the NVIDIA project [3] in 2006, which
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1.1 Contributions

built on the success of [4] and [5]. The network takes as input the raw pixels

of a front-facing camera and learns to directly map this to steering actuation.

By utilising a CNN, the algorithm was able to learn useful road features on its

own, using only human steering angle as guidance. [6] increased the robustness

of NVIDIA’s results by including supplementary input, in the form of semantic

segmentation to improve performance in lane following tasks. By reposing the

autonomous camera problem as a data-driven mapping of input frame to camera

pan-tilt-zoom coordinates, we can avoid having to hand-craft features and rules

and enable the underlying process of recentring a salient object to be modelled

more generally. The applications of this approach have the potential to extend

further than just biological imaging, as a general model of autonomous camera

relocation can be applied to other imaging modalities, including diffractometric

crystal centring [7; 8] and automated microscopy [9]. It could also help provide

insights into how humans retarget their attention in a cluttered image . Like

[6], we augment our image with supplementary data, in this case, the output

of a visual saliency network based on [10]. This enables us to add robustness

to cluttered backgrounds by isolating the salient object from the background

pixels. This is particularly important in plant phenotyping laboratories, where

greenhouse architecture, plants, machinery, and people may be visible in the

background of each image.

1.1 Contributions

This thesis offers the following contributions. First, we develop an end-to-end

generalised solution to the autonomous camera problem that consolidates the

two processes of ROI detection and camera control and can be applied to static

scenes. Second, we demonstrate the effectiveness of saliency attention networks in
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1.2 Related Work

adding robustness to cluttered backgrounds, showing that this approach matches

or exceeds no-saliency so long as effective saliency maps can be produced. Third,

we further generalise the network to be camera rig independent by implement-

ing a SIFT-based feature matching algorithm to generate the offset labels for

non-optimal camera positions in pixels. This enables us to develop training data

from any camera setup, including crowd-sourced data. We then train the net-

work to output offsets predictions in pixels and develop a pipeline starting with

camera calibration, that converts the pixel offsets to real-world camera pan-tilt

coordinates. Finally, we introduce a suitable accuracy measure that accounts

for incremental improvements in camera position and shows accurate results on

a dataset of general, everyday objects, as well as promising results on a small

plant-based dataset.

This work intends to automate image capture in plant phenotyping laborato-

ries and investigate the effectiveness of an end-to-end learned approach. Inspired

by recent advances in self-driving vehicle research, we apply deep learning to

avoid designating application-specific features. The results of our experiments

show that we can learn a more generalised embodiment of a human-controlled

camera system, that is robust to complex backgrounds. To further aid further

research in this area, we also make publicly available our novel dataset containing

over 12,500 images of objects and their relative offsets from the optimal camera

position - available on request (sbzmpp@exmail.nottingham.ac.uk.)

1.2 Related Work

This section gives a brief overview of the current research in autonomous cameras,

including object detection and tracking approaches as well as approaches that

use deep learning. We also explore similar use-cases such as crystal centering and
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1.2 Related Work

aesthetic image re-targeting. We go on to explore techniques similar to ours that

have been employed in self-driving cars and explore how we can follow the same

principles to automate parts of the data collection process.

[2] splits the problem of automatic camera systems into the following 3 prob-

lems:

• Camera Planning: where the camera should look.

• Camera Control: how the camera should move .

• Camera Selection: which camera is selected (applies to setups with mul-

tiple cameras).

Our use-case is focused on correcting the camera position to fully encompass

the salient object in the image plane. This means deciding where to move the

cameras’ optical centre to recentre the object and how large to set the field-of-

view. As such, we are not interested in how the camera moves to this position,

so long as it gets there reasonably quickly. This contrasts with use-cases such

as autonomous lecture capture [11], sports [12], or TV productions [13], where

replicating the visual aesthetics of a human operator is critical to the success of

the system. For example, [11] uses mathematical equations to replicate panning

speed, acceleration, and deceleration based on the shooting technique of a human

camera operator.

Most current approaches to solving the camera planning problem fall into the

category of passive tracking, with separate tasks for object tracking and camera

control. [2], uses an object detector to outline the region of interest (ROI) in

the image and a rule-based camera controller converts this to a camera pan-

tilt-zoom coordinate. The autonomous lecture capture algorithm in [11] detects

the ROI with temporal differencing, then crops a larger, high-resolution video

to give the impression of panning in the x-axis. [2] similarly uses a real-time
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1.2 Related Work

multi-person detector to provide a coarse ROI that a robotic PTZ camera can

follow and converts the target location in the world system to a PTZ camera

movement. [14] demonstrates an assortment of different techniques for the task

of ROI estimation.

[15] leverages more complex input features including coordinates for players,

ball, referees, and classified game-states in a basketball match to inform camera

control. This algorithm is highly tailored to a specific use-case. Our system on

the other hand aims to be much more general, as we do not explicitly map the

underlying features and processes behind it. [16; 17] demonstrates how additional

features such as visual saliency detection can be useful in optimising the path of

the camera. We employ a visual saliency model based on [10] to add robust-

ness to cluttered backgrounds by isolating the salient object in the scene. The

algorithm integrates both high and low-level features to extract more effective

features for saliency detection. High-level features capture rich context features

but struggle to approximate area, whereas low-level features contain a lot of noise

but have good area predictions. By combining the two and choosing the most ef-

fective features from each, a better saliency map can be produced. To do so, both

low and high-level features are extracted from a VGG or ResNet’s convolutional

layers. The high-level features are passed to a context-aware pyramid feature

extraction (CPFE) module, to get multi-scale/receptive-field high-level features.

Different scales are retrieved by applying multi-scale atrous convolutions on the

input volumes. A channel-wise attention mechanism (CA) [18] is then applied to

the output of the CPFE module. Attention mechanisms enable more important

features (channels in this case) to take precedence by scaling them by a higher

value during training and inference. By applying channel-wise attention after

CPFE module, the best scale/receptive-field features are selected for generating

saliency regions. Low-level features are useful in obtaining detailed boundaries
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1.2 Related Work

between salient objects and backgrounds, however low-level background textures

can distract the generation of saliency map. Spatial attention (SA) is used to

focus more on the foreground regions and help generate effective low-level fea-

tures for saliency predictions. The algorithm also uses an edge-preservation loss

to guide network to learn more detailed boundary localization. [19] were the

first to pose camera control as a supervised regression problem. They learn the

mapping between player locations detected in a sports game and a camera’s pan-

tilt-zoom parameter at any given video frame, using SVM and Random Forest

learning approaches. More recent works on autonomous camera systems have

explored active tracking, which unifies the tasks of object tracking and camera

control. [13] uses a cascade-correlation neural network architecture that takes

the current image and directly outputs a pan angle to replicate that of a human-

controlled camera. They demonstrate that shooting techniques can be embodied

in a learning algorithm.

The most recent approaches to the problem have utilised deep learning. [20]

were the first paper to propose a direct mapping of frame-to-action tracking using

a deep reinforcement-learning (RL) algorithm. Through environmental augmen-

tation, they train the RL algorithm to directly predict camera movement actions

(forward, left, right, etc.) from a raw input image by tracking a moving object

in the scene. The network can generalise to unseen objects, backgrounds, and

moving paths. We similarly want to predict a direct camera movement from

an input image however, we are concerned with static scene camera adjustment

rather than tracking moving objects. A closer use-case to ours is found in [21],

who use a convolutional neural network (CNN) to automate the process of mov-

ing a camera’s focal point over the centre of a crystal - an intermediary step in

macromolecular crystallography. The network uses a Single Shot Multibox De-

tector to identify a bounding box around the crystal and centres the camera over
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1.2 Related Work

the region. [22] alternatively predicts the reflection count at different offsets and

chooses the highest. We too want to centre our subject in the scene, but our ap-

proach more closely resembles active tracking, where instead of an intermediary

step (ROI detection, reflection prediction) determining the actuation, we directly

map the input image to the camera signals needed to centre the salient object.

It is likely that with enough data, our approach could be applied to crystal cen-

tring, with the added benefit of autonomous zoom. Image retargeting also has

parallels with our research area. [23] and [24] generate ‘attention guided crop-

ping candidates’ to find a cropping window that preserves the most important

parts of an image. These approaches show that with enough data, deep learning

can express moderately subjective decisions, especially when consolidated with

supplementary input like visual saliency.

Learned end-to-end actuation from a raw input image has shown encouraging

results in the autonomous driving space [25]. [3; 26] trained a CNN to map raw

pixels from a single front-facing camera directly to steering commands to achieve

lane following. [27] expands on this by applying imitation learning to expand

the dataset. To collect their datasets, a time-stamped video is captured by a

human operator with the corresponding steering angles at each frame. Similar

approaches have been applied to autonomous drone navigation [28; 29]. Our

data collection protocol consists of manually centring the camera on the object,

applying random offsets to the camera, and recording the new image and its

relative offset from the centre image as the label. [6] learns a ‘generic vehicle

motion model’, incorporating the current observation and previous egomotion

into the prediction. This decouples the algorithm from the specific driving setup

and enables the algorithm to benefit from large-scale, crowd-sourced data. We

sought to replicate this in our algorithm by predicting the pixel-offsets, as opposed

to direct gimbal units, required to recentre the object. We then apply a camera
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calibration algorithm explained in Chapter 5 to convert the pixel offsets to gimbal

actuation units.

To predict the offsets in pixels, we had to choose a feature matching algo-

rithm that could identify unique features of an object and match them between

the two images. Features are the parts or patterns of an object in an image that

help to identify it. Two types of feature detectors exist: traditional detectors

such as Harris Corner Detection [30], Scale-Invariant Feature Transform (SIFT)

[31] and Speeded-Up Robust Features (SURF) [32] or deep-learning based fea-

ture extraction techniques such as those described in [33] and [34]. CNN’s have

repeatedly proven themselves to be highly capable of extracting meaningful fea-

tures that describe an image in detail. According to [35], deep learning approaches

outperform traditional, hand-crafted feature-based approaches in all tested set-

tings. However, they also note that traditional feature extractors often have much

lower time complexity and can still produce similar results to SOTA deep learn-

ing methods. Due to the wealth of information and source code samples of the

traditional approaches [36], we will use these in our project. They also mention

that “handcrafted features can provide complementary information to the deep

learning features” which suggests information that is missed from a deep learning

approach could also be picked up by traditional approaches. Therefore, it seems

fitting to use hand-crafted features to produce the annotations, as we later apply

the CNN to learn to predict offset in the images and so we could benefit from the

combined effect of the two feature types.
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Chapter 2

System Overview

Introduction

In this chapter, we will provide a brief overview of the entire pipeline we have

developed and its components. We then go into some detail pertaining to the

camera-gimbal setup that was used to both collect data and to test the models

we developed. We finally touch upon the dataset required to train the network,

however, more detail on this can be found in Chapter 3. This chapter aims to

articulate how the system works at a higher level, before drilling down into each

of the individual components in later chapters. By the end of the chapter, we

hope that the reader has a basic comprehension of how the pipeline is structured

and the components we used to achieve robustness to complex backgrounds as

well as generalisability to different camera-gimbal rigs.

2.1 Pipeline Overview

A simplified block diagram of our pipeline is shown in Figure 2.1. The pipeline

consists of a single, deep neural network constructed of a saliency network and
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2.1 Pipeline Overview

Figure 2.1: The overall pipeline of our system. From the top-left, the 224x224x3
image is passed to the saliency net which generates a saliency map for the im-
age. The saliency map is then augmented with the input image via channel-wise
concatenation, symbolised by ’C’ in the diagram. The augmentation is then fed
to the ResNet classifier to produce a direction and magnitude classification to
move the camera in. The different layers of the ResNet architecture are depicted
and labelled with their width/height and depth dimensions below and above each
layer, respectively. A pan(x), tilt(y) and zoom direction classification are pro-
duced from the ResNet, consisting of positive, negative or no movement classes.
Also, a discretized bin index is produced for each direction’s magnitude which
can later be converted to the delegated value for each bin, measured in pixels.
The pixel values are then converted back to the gimbal-specific units based on
the camera parameters configured in an earlier camera calibration task. The
movement can then be actuated by the camera-gimbal rig.

a ResNet classifier. Images are fed into the saliency network which generates a

saliency map for the image and concatenates it (channel-wise) with the input im-

age. The augmented image is then passed to a multi-headed ResNet [37] classifier.

It is passed through the convolutional layers of the network until a 1x2048 feature

vector is attained. At this point, six different fully connected layers representing

pan, tilt and zoom direction and pan, tilt and zoom magnitudes take the feature

vector as input and generate a probability distribution. An argmax function is
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2.1 Pipeline Overview

then applied to each of the fully connected layer outputs to find the class with

the largest predicted probability for each. The direction classes consist of posi-

tive (1), negative (-1) or no movement (0). The magnitude classification refers to

a discretized bin value, measured in pixels. The resulting magnitude value can

then be multiplied by the direction and converted to real-world, pan-tilt-zoom

coordinates using parameters generated from the camera calibration task. These

positions are then serialized into gimbal instructions to actuate the movement.

The saliency network is a pyramid feature attention (PFA) saliency network

[10] and the classifier is a ResNet architecture, with 101 layers. The saliency

network uses a combination of high-level and low-level features, to generate an

edge-preserving saliency map (see Section 4.2 for more detail). The ResNet has

been adapted with six fully connected layers for each of the separate classification

outputs (pan direction, tilt direction, zoom direction, pan magnitude, tilt mag-

nitude, zoom magnitude). Each fully connected layer takes the 1x2048 feature

vector produced from the convolution layers and produces a probability distribu-

tion for each of their possible classes: The three direction classifications have 3

classes: 1) tilt-up/pan-left/zoom-in, 2) tilt-down/pan-right/zoom-out, 3) no axis

movement. The three magnitude predictions predict the magnitude with which

to move in each direction. These are divided into fixed-size bins and are expressed

in pixels. More detail on how the magnitudes are binned can be found in Section

3.1.2.2. Argmax is applied to each of the fully connected layers to find the class

with the largest predicted probability.

Finally, the outputs are converted from pixels to pan-tilt-zoom coordinates.

This is done by multiplying the pixel offsets by the proportional rotation of the

camera in degrees per pixel (degrees-per-pixel). The degrees-per-pixel value is

calculated for the x and y axes during the camera calibration task and only needs

to be calibrated once per camera-gimbal rig. Once we have the pan and tilt
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2.2 Camera Gimbal Setup

coordinates, we can serialize them and send them to the gimbal to be actuated.

Because our camera setup does not currently have a programable zoom function,

the zoom is simulated by performing an N*5% crop for each zoom unit, see Section

3.1.1 for more detail. A single pass through the pipeline (having calibrated the

camera-gimbal), enables the input from the camera to be converted into a pan-

tilt-zoom coordinate that should move towards recentring and resizing the object

in the scene. Once convergence is achieved, a picture of the object is taken and

saved.

2.2 Camera Gimbal Setup

2.2.1 Camera

The camera we use is a Flea3 FL3-U3-32S2C-CS, a 3.2MP camera. It operates at

60 FPS and uses a Sony IMX036 Colour sensor with sensor size 1/2.8” (6.49 mm).

This gives it a maximum resolution of 2080 x 1552 (3.27MP) effective pixels, with

a pixel size of 2. 5µm. However, we shoot the camera in 1920x1080 mode for our

experiments. We use Point Grey’s Spinnaker SDK python bindings to interface

with the camera over USB3.0.

To the camera, we attach a 12mm, fixed focal length HP Series lens. The

fixed focal length means that we cannot program zoom directly, so we simulate it

instead using image cropping (see Section 3.1.1). The lens has a variable aperture

f/1.8-f/16. In our experiments, we manually increase the aperture as high as is

possible in the environment without saturating exposure. This enables us to

attain a shallow depth of field, blurring backgrounds, and keeping the foreground

objects sharp [38]. In doing so, better separation between the subject and the

background can be achieved, reducing the complexity required to find the salient

object.

14



2.2 Camera Gimbal Setup

2.2.2 Gimbal

To actuate predictions into real camera movements, the team at the University

of Nottingham’s Make Studio have designed and built a motorised pan-tilt gim-

bal mount. The motor control system is based on a microcontroller development

board (Arduino Uno R3)—this incorporates a 16 MHz ATmega328P controller on

an inexpensive breakout board with multiple input/output connections including

a USB serial connection to a host PC or laptop [39]. An expansion shield (CNC

Shield V3) is connected to the board to allow the deployment of up to three step-

per motor drivers in the widely-used ”StepStick” format [40]. The motor drivers

selected for this system (DRV8825, TI) can be configured to single-stepping, 1/2,

1/4, 1/8, 1/16, or 1/32 microsteps and operate at a maximum drive current of 2.5

A at 24 V. All electronic components are housed in a case with a connector for

stepper motor power. The motors are powered by a 24 V, 2.71 A power adaptor.

The microcontroller board is powered by a USB connection to the host com-

puter, which provides serial communication. The microcontroller runs a sketch

written in the Arduino Integrated Development Environment [41] that uses the

AccelStepper library [42] to control the stepper motors. This sketch allows the

setting of acceleration parameters for each motor and monitors the serial connec-

tion.

On receiving a serial string with positional information for the pan and tilt

motors via the USB port, the motors are moved to their respective positions

using the pre-defined acceleration parameters to ensure smooth acceleration and

deceleration. The L-bracket and ‘tilt shaft’, pictured in Figure 2.2, were printed

using a fused filament fabrication 3D printer (Model S5, Ultimaker) using tough

polylactic acid (PLA) filament. A picture of the camera and gimbal setup can

also be found in Figure 2.2.
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2.3 Dataset

Figure 2.2: Left: A photograph of the camera-gimbal rig we used for the project.
It consists of a programmable FL3-U3-32S2C-CS 3.2MP camera and a pan-tilt
gimbal which serializes actuation commands over a USB3.0 connection. Right:
The 3D models for the 3D printed L-bracket and tilt shaft that is found on the
gimbal and enable the pan and tilt motion when connected to the x and y-axis
stepper motors.

2.3 Dataset

Training the network requires a dataset of input images containing a salient object

and a set of annotated labels describing where to move the camera to recentre

and resize the object in the image plane. The unit for zoom is recorded in 5%

crops. To keep the solution general to all camera rigs, x and y offsets are recorded

in pixel values.

To generate the labels, a human operator centres the camera over the object

in the scene. This is recorded as the ‘optimal’, centred camera position. Next,

the camera autonomously iterates over random offsets from the optimal position,

taking a picture at each position and recording the offset. To measure the offset

from the centred image, a SIFT-based feature detector [31] is applied to the offset
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image and the centred image to detect common, scale-invariant features between

them. The mean difference of the matched feature coordinates (measured in

pixels) is used as the label for the pan (x-axis) and tilt (y-axis) offsets of the

image. To generate the zoom label, we manually label each centred image and

then extrapolate this zoom label to all the offset images. This process is repeated

twice for an object, rotating it halfway through.

The dataset we use to train the deep network has been collected both with

both our camera rig (1920x1080 resolution) and a generic mobile phone (2048x1536/1000x750

res.) and contains a diverse set of everyday household objects, including plants,

and backgrounds.

2.4 Training the network

During training, a batch of images is input into the network, augmented with

a saliency map and a classification is produced. A combined loss function is

calculated over all the outputs and backpropagated through the ResNets’ weights.

The saliency network weights are frozen, so backpropagation does not affect them.

This chapter provides a high-level introduction to the key software and hardware

components in our autonomous camera system. The next three chapters will

explore these topics in more detail and explain the reasoning behind the different

design decisions that were made.
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Chapter 3

Data Collection

Introduction

In this chapter, we describe how we generate the data to train and test the

network. We explain the properties required by the datasets, the methodologies

of capturing and labelling images, and the characteristics of the different datasets

that make up the final dataset. We also provide some basic statistics.

A key contribution of this work is the introduction of a new dataset for au-

tonomous camera control. Some autonomous camera control datasets do exist

for task-specific cases such as autonomous sports capture [19]. This dataset con-

sists of a video taken from a human-controlled camera operator, labelled with the

estimated pan angles at each frame. The labels are generated by modelling the

rotation matrix at each frame, using the standard pinhole model [43]. Currently,

there is no such large-scale archive of human-operators recentring objects in an

image with which we could apply a similar methodology to. We attribute this

mainly to the nuance of the task, especially if we are only considering biological

imaging. Another reason we chose to create the dataset was that our solution

was originally camera-rig-specific, so we would require not just the input frames,
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but also a manual annotation of the movement required by our specific camera

rig.

From our dataset, our key aim was to annotate a mapping between an in-

put image, and a real-world gimbal actuation for a camera-rig. Many datasets

currently exist for the analogous task of autonomous driving [44; 45]. These

consist of a set of inputs, including images from front and rear-facing cameras,

alongside their respective labels of speed and steering wheel angle which is au-

tomatically recorded as a human-operator drives the car. The network can then

learn to predict the optimal steering angle for each road image, based on these

labels and generalise to unseen images. The cumbersome nature of manually an-

notating datasets large enough to train deep neural networks meant it was not

a viable option. Therefore, we wanted to imitate the automated data collection

methodology of autonomous driving datasets, by computing the offset of the cur-

rent camera position from the optimal camera position for each frame. Initially,

our solution was camera-rig-specific. However, after deciding to generalise the

algorithm, we developed a rig-agnostic method by detecting offsets between the

optimal and sub-optimal camera positions in pixels, rather than the specific units

of our gimbal. This is discussed in detail in Section 3.1.

Currently, most plant datasets are related to the standard tasks of plant clas-

sification, detection, localization, and segmentation. These are usually hand-

annotated by experts which is prone to human error as discussed in [46]. The

reduction of human error is an added benefit of automating our data collection

process. Also, A lot of the images in these standard plant datasets are taken

against plain, or explicitly clinical backgrounds. This reduces their generalisabil-

ity to other settings which is a critical motivation in our study. Hence, we aspired

to capture as diverse a set of backgrounds, and spatial variations as we could to

prepare for the glasshouse conditions.
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Local lockdown rules meant we struggled to gain access to the university

greenhouses routinely over the course of the year, so we decided to first prove our

algorithm on a variety of everyday, household objects rather than plants. This

included items such as bottles, packaging, and anything we could find around

the house. By using a wide variety of objects, we anticipated that the algorithm

would generalise to plants and would strengthen our argument that end-to-end

deep learning approaches can achieve better generalisability.

3.1 Methodology

Figure 3.1: An example of the annotated ground truths generated for the network.
Vertical arrows represent tilt direction and horizontal arrows represent pan; Z
represents zoom. Left: The offset image, with the tilt and pan pixel offsets given
in pixel values normalised between -1 and 1. The negative tilt offset means tilt the
camera down, a positive pan offset means pan the camera to the right. The sign
of the offset dictates the direction classification predicted by the network. The
magnitude prediction is the absolute value of the pixel offset. No zoom occurs in
the left-hand image as the object is too far from the centre of the image. Right:
The zoom value of 7 will result in a 7x5% centre crop of the image from the edge.
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A collection of general, household objects were collected. This population was

selected based on the objects’ variety in size, shape, colour, and opacity to make

the problem space as complex as possible to increase generalisability. To collect

and annotate the data, an automated capture program was written. The capture

program enables the user to manually centre the object in the image plane and

select a suitable zoom to encompass the whole object without excessive or defi-

cient empty space surrounding it. The image is then captured and stored as the

‘optimal’ image for the object. After this, the camera randomly iterates through

various offsets from the centre (within predetermined bounds), capturing images

at every position and recording its offset from the optimal position. Resulting

in an input frame and labels for pan, tilt and zoom coordinates with which to

relocate the camera over the salient object in the scene.

To record the camera offset of each offset image from the centred image, one

approach we tried was to annotate the difference between the gimbal stepper

motor positions at the two positions. We trained a rudimentary network using

this approach and the results were promising, however, it meant that the network

would be tightly coupled with the camera-rig . This means that if we swap the

camera rig, the model will no longer work as the offset predictions are measured in

the units specific to our first rig and will not necessarily generalise to the new rig.

It also means that we can only collect training data from our original camera-rig,

whereas if we can measure the offsets between two images in a universal metric

system, we can process images taken from any camera medium. This enables

quicker large-scale collection of data as we can use a mobile phone, rather than

the less-mobile camera rig for data collection. It also means some data can be

crowd-sourced by anyone with a camera.

So, we decided to calculate the offsets between images in normalised pixel

values instead, to make the network camera-rig agnostic. To achieve this, A
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SIFT-based feature detector is applied to the offset image and the centred image.

This identifies matching features between the two images that are invariant to

scale, rotation, and illumination [31]. The mean difference between the matched

features’ coordinates can then be calculated to find the x and y pixel offsets from

the centred image. This can be done between two images taken on any device.

We found the SIFT algorithm to be very reliable in detecting features effectively

between scenes which means we can reliably calculate the offsets between two

images most of the time. If no features are found, we move the camera to a

different position and try again. This was a rare occurrence in practice. It is

important for the feature matching to be reliable as it will be the limiting factor

on how effective our deep learning model is. This is because neural networks learn

their mapping function from the data alone and consequently are only as good as

the data used to train them. If the feature matching algorithm can only detect

features between 50% of images, then the 50% that are missed will also be missed

from the training corpus and hence the network may not be able to produce a

valid mapping for them either. Each saved image path is stored in a CSV format

with its x and y pixel offsets (including 0,0 for the centred images). These offsets

are also normalized over half of the resolution of the image (see equation 3.1) and

stored in the file, alongside the zoom value, which offset images inherit from their

centred image. The effect of normalisation gives the offsets as a percentage of the

total image, rather than absolute pixel values, enabling the data to generalise to

different camera resolutions.

x′ =
x

(0.5 ∗ x res
) ∈ [−1, 1] (3.1)

The object is rotated and then moved to another position where the process is

repeated. This helps to ensure that the algorithm does not just learn a back-

ground subtraction function. The whole process is then repeated for all objects
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3.1 Methodology

in the dataset. An example of an annotated instance from the dataset is given in

Figure 3.1

3.1.1 Zoom

Since our cameras’ fixed focal length meant we could not programmatically con-

trol zoom, we decided to simulate zoom using image cropping. It is quite feasi-

ble to crop these images as the resolution of the CNN (224x224) is much lower

than the capture resolution. This means any information lost when the image is

cropped would likely be lost when the image is resized for the network anyway.

Cropping can easily be converted into a zoom signal when available in the camera

rig.

During data collection, the user specifies the optimal zoom for the centred

image of each object, by previewing an n * 5% centre crop of the image and

incrementing or reducing n until a suitable field-of-view is attained. This zoom

value n is then inherited by all offset images of the object so long as the object

is close enough to the image centre i.e. the x and y ground truth magnitudes

are within the bottom 25% and 50% of x and y magnitude bins, respectively.

Figure 3.2 demonstrates the ground truth cropping process. Each coloured line

represents an incrementing 5% crop of the image. For the star object we would

select the light blue line (4*5% crop) as the final crop value 4.

We could train the network on this value alone, however, this would mean

it only learns to predict zooming in. We cannot manually set a zoom out value

for images because we cannot crop outwards. Therefore, we need to augment the

data, which we do during training. This means performing a random n*5% centre

crop of each input image and updating the zoom label accordingly by calculating

the difference between n and the image’s ground truth (g.t) zoom value. If n <

g.t, the new zoom will be positive (zoom in). If n > g.t, the new zoom will be
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3.1 Methodology

Figure 3.2: Demonstrates how the ground truth zoom values are generated as a
portion of 5% image centre crops. The light-green crop, 4 from the edge represents
the optimal crop for this object as it contains the object without excessive or
insufficient space around it.

negative (zoom out), otherwise no zoom.

For example, the image in Figure 3.2 may be augmented during training and

cropped to the purple line, 6 crops from the edge of the image. The differ-

ence between the purple crop (6) and the light-green ground-truth crop (4) is

-2. Therefore, the augmented image label is updated with a zoom out direction

classification and zoom magnitude bin of 2. A positive difference would result in

a zoom-in classification.

If an object is heavily offset from the centre, performing a centre crop will

crop the object out of the image and zoom in on background clutter instead

as demonstrated in Figure 3.3. This will lead to the camera trying to centre

background clutter, rather than the foreground object. To prevent this, we ensure

that we only apply the random crop augmentation during training to images

where the object is suitably close to the centre of the image. For the x-axis, we
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3.1 Methodology

use the bottom 25% of bins and for the y-axis, we use the bottom 50% of the bins

as the resolution is roughly half of x. This will prevent the model from applying

a centre crop before the object is suitably close to the image plane.

Figure 3.3: Exemplifies how cropping the image too early can lead to background
clutter dominating the image rather than the salient object. To avoid this occur-
ring, we only apply cropping to the ground-truth images with objects suitably
close to the centre of the image plane. This will force the model to only zoom
when the object is near the centre of the image plane.

This methodology enables the network to map input images to a zoom in or

zoom out action. This can then be actuated in real-world zoom or simulated by

cropping the current image.
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3.1.2 Post Processing

3.1.2.1 Data sanitizing

After collecting the dataset using the automated capture process , the data was

sanitized to remove misleading or erroneous images where i) the salient object

was missing or occluded from the shot, ii) the calculated offset was misleading.

For both problems, a program was written that enabled us to examine each image

in the dataset with an overlay of the annotated offsets. If the salient object was

occluded or the offset looked inaccurate, the image was removed from the dataset.

3.1.2.2 Binning

Both classification and regression approaches were evaluated for predicting offset

and zoom magnitudes. For classification, we reposed the problem by discretizing

the magnitude values into many small bins and use cross-entropy to measure

performance against the ground truth. For regression, the direction predictions

are still classified but we directly regress the magnitude values. Results of both

approaches are given in Section 6.1. We started with the classification approach

based on the discussion in [6] that found that discretizing the continuous action

of steering actuation into many small bins to be more effective than directly

regressing the parameters. The X and Y offset magnitude values have been

normalized between 0 and 1, where 1 represents 50% of the total image width or

height, respectively. To discretise these values into bins, there are two possible

approaches: Quantile-based discretization: allocates bins such that there is

an equal number of observations in each bin. This has the benefit that due to the

equal probability distribution of the bins there is no class imbalance introduced.

Adversely, the bins have unequal sizes. which means a large loss of accuracy when

the bin predictions are converted back to offsets, particularly for magnitudes at
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the extremes of either scale which have a much smaller probability distribution.

Fixed-size bin discretization: This approach sets fixed, equispaced bin edges,

where there is no guarantee about the distribution of observations in each bin.

The drawback of this method is that the bins which will introduce some class

imbalance as they do not have an equal probability distribution. However, the

equal spacing of the bins means the maximum loss of accuracy when converting

the bin back to the offset is limited to the width of the bin.

We chose to discretize our values into fixed-size bins as the loss in accuracy was

a much greater risk to the overall efficacy of the system, whereas class imbalance

could be countered by introducing a weighted loss function (discussed in Section

4.1.5).

3.1.3 SIFT

To label each offset image with a pixel offset, we applied a SIFT-based feature

detector[31] between the offset and centred image as described in Section 3.1. We

decided to use keypoint detectors between the images rather than more simplistic

traditional features such as edge detection [47] or corner detection [30]. Our rea-

sons for chosing traditional approaches over deep-learning methods are described

in section 1.2. We chose keypoints as our traditional method because keypoint

matching approaches are invariant to rotation, transformations, illumination, and

scale [31]. Conversely, edge and corner detection fall apart as rotation and scale

changes are introduced. The added robustness is at the expense of efficiency,

however, because all the label processing happens offline, real-time efficiency was

not important so long as it was less than 20 seconds. An evaluation of different

traditional feature detectors in [48] found that dense SIFT detectors were the

superior keypoint detectors in detecting correspondences between images. The

other detectors compared include Harris-Laplace, SURF and MSER detectors,
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among others. Once the keypoints have been identified between our centred and

offset images, the mean difference between the matched features’ is taken as the

pixel offset ground truth. If no features were identified between the images, due

to excessive occlusion or error, the camera is moved to a new rotation and the

process tries again. This does mean that our algorithm is limited by the effective-

ness of SIFT as we cannot introduce these unmatched images into the training

corpus.

3.1.4 Datasets

Over the course of our experiments, we collected three datasets which vary slightly

concerning the objects,T backgrounds, and capture mediums used in each. They

are arranged in the same order as they were created, and as a new dataset was

introduced, it was appended to the existing dataset and the model retrained. The

final model was trained on the combination of all the datasets (minus the test

sets.) Three examples of each dataset are given in Figure 3.4.

3.1.4.1 Uncluttered

This dataset was generated for our initial proof-of-concept. It consists of 6736,

1920x1080 images of a variety of household objects that range in shape, size, and

colour. It consists of 26 objects, with just one scene. However, note that each

scene in all of these datasets is taken at 2 different angles per object to ensure

the network doesn’t just learn a background subtraction function. The images

were captured and labelled using the automated capture software running on the

camera rig. All images are taken in a highly controlled, clinical environment.

Ideal lighting conditions are provided with the use of a strong, overhead lamp.

Objects are situated in monochromatic, white backgrounds and surfaces to reduce

the complexity of the problem.
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3.1.4.2 Cluttered

After proving the networks could learn valid camera offsets, we introduced images

with increasingly cluttered backgrounds and surfaces. 5283 1920x1080 images

were captured and annotated with the camera rig capture software. 1544 images

with varying resolutions were captured on mobile phones and then auto labelled.

The auto labelling is applied with a variant of the original automated capture

software that instead takes the centred and offset images of an object stored in

two separate directories. This means the person who captures the images should

note whether the image is centred or not or manually sort them. The offset

images are then matched with their centred image and the offset is calculated

and recorded. 83 objects were captured, with a total of 27 different background

scenes.

3.1.4.3 Plants

Our final experiment was to test our model on a dataset of plant images. 624

1920x1080 images were taken of plants in a cluttered glasshouse environment at

the university, using the gimbal. A range of 14 different plants were captured, and

background clutter was varied by taking pictures of each plant in-situ, resulting

in 12 different background scenes. Due to time constraints, we could only collect

a small number of plants which meant the network would learn a bias towards

the general household objects. To resolve the imbalance, we use oversampling in

our data loader to virtually increase the size of the plants’ dataset equal to the

number of general objects. This is explained in more detail in Section 4.5.1.

3.1.4.4 Test Sets

To provide an unbiased evaluation of each model, three test sets were captured

alongside the training sets defined above (except for the cluttered test set, which
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was captured separately). The test datasets present a held-out set of images that

have not been used in the training or validation loops. All datasets are split at

the object level, so no same object is in both train and test datasets. Each test

set provides a testbed for the two objectives of adding robustness via saliency

and applicability to biological datasets. Finally, the three test sets are combined

into a single test set that is used in Chapter 6 to evaluate each of the models.

This provides an unbiased evaluation tool that embodies the range of conditions

that the camera could be used in.

3.1.4.4.1 Cluttered Test Set This dataset is very similar to the cluttered

dataset described in Section 3.1.4.2, however, it contains a different variety of

objects and was taken in a variety of different scenes to the cluttered training

set. It consists of 508 images and is intended to demonstrate the efficacy of

saliency in adding robustness to clutter. 3 different objects were captured with

a single background scene (taken from 2 different angles, per object.) The fact

that the dataset is collected separately from the cluttered training set, offers some

assurance that we are not just overfitting to the varied, but still limited number

of scenes in the datasets. See Figure 3.4 to see how it differs from the cluttered

training set.

3.1.4.4.2 Uncluttered Test Set This dataset, consisting of 350 images, is

the antithesis to the cluttered test set and is intended to demonstrate that saliency

and non-saliency models perform similarly in controlled, uncluttered scenes –

confirming the overall hypothesis that saliency is a tool to add robustness to

clutter. This dataset was collected at the same time as the Uncluttered training

set and consists of 10 different objects in a total of 4 different background scenes.
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3.1.4.4.3 Plant Test Set This data set is made up of 235 images, taken

in the same conditions as the plant dataset of Section 3.1.4.3. It consists of 5

different plants, taken in-situ. Hence, 5 different background scenes are included.

It intends to demonstrate the applicability of the system to plants. This dataset

was collected at the same time as the Plants training set.

This section has presented an overview as to how data is collected, annotated,

and recorded, as well as describing the 3 types of dataset produced for both

training and test sets. At this point, the reader should have a good idea of the

data required to train the network and to run inference, as well as how to collect

their own dataset if required.
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3.1 Methodology

Figure 3.4: Examples from each of the three dataset categories. First row: exam-
ples from the uncluttered train and test sets. These images consist of everyday
objects situated in very simple, controlled backgrounds. Second row: examples
from the cluttered training dataset. These images consist of everyday objects
situated in a variety of cluttered backgrounds and scenes. Third row: examples
from the cluttered test dataset. These images have similar properties to the clut-
tered training set but are taken in a different set of environments. Fourth row:
examples from the plant’s train and test sets. These images consist of plants,
taken in greenhouse conditions, including a variety of cluttered backgrounds as
the images were taken in-situ. All datasets are split into train and test at the
object level. This means no two same objects/plants will appear in both train
and test sets. This is true also for the train-validation split, so no object, offset
or centred, exists in both.
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Chapter 4

Deep Learning Approaches

Introduction

In this chapter, we present some of the deep learning architectures and parameters

that were trialled over the course of our experiments. Our network is composed

of a saliency segmentation side task and a frame-to-action function approxima-

tor, which leverages the saliency mask to improve its performance. We explore

different architectures and adaptions for both components. We then exhibit the

multi-task loss function used to train our network and the accuracy measures

used for validation and testing. Finally, we describe training details and hyper-

parameters, including augmentation, transfer learning and learning rate decay.

The overall network is an end-to-end function approximator which takes the

current camera frame as input and maps it to the camera offsets (including zoom)

from the centre of the image, measured in pixels. The network is a synthesis of

two networks, one which augments the input image with a saliency map and the

other which maps the augmented image to the camera offsets. A loss function

is required to backpropagate the errors for each of the predictions to update the

network weights. A suitable accuracy measure is required to provide an unbiased
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4.1 Frame-to-Action Network

performance evaluation of each model.

This end-to-end approach differs from most autonomous camera algorithms

which although they may use deep learning to perform object detection, usually

rely on rule engines to convert the detection into camera actuation. Using this

approach, we hope to achieve an increased generalisability, enabling the network

to predict accurate classifications for any object that is put in front of the camera,

in front of a host of different backgrounds.

The overall aim of this chapter is to provide a more complete description of

the deep neural network discussed briefly in Chapter 2. The descriptions are

specific enough that the reader can replicate our results, while the discussions on

alternate approaches can guide future works on what does not work well.

4.1 Frame-to-Action Network

The frame-to-action network takes the input frame of the camera, resizes it to

224x224 and sends it through a forward pass of the network, outputting the offsets

and zoom parameters required by the camera to better encompass the salient

object in the scene. The pan, tilt and zoom directions are posed as classifications

while the magnitude of the movements can be posed as a direct regression or

by discretizing the offset magnitudes into bins and posing it as a classification

problem. For both approaches, a slightly different loss function is required for

training. Another consideration for the frame-to-action network is the choice of

architecture. We experiment with ResNet and MobileNet architectures, along

with their variants, see Section 4.1.3.1. We also explore the loss functions we

employed which includes weighted class balancing techniques to avoid the model

overfitting to overrepresented classes in the dataset.
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4.1.1 Continuous Approach

In this approach, we attempt to regress the offset (pan, tilt, zoom) magnitude

labels based on the input image. As described in Section 3.1, the X and Y off-

sets are recorded as normalized values x, y ∈ [−1, 1], where 1 represents 50%

of the total image width or image height, respectively. The zoom label is de-

noted in units of 5% crops of the image. To implement this approach, we still

classify the direction for x, y and zoom but the fully connected layers of each of

the magnitude predictions are adapted to output scalar values, as opposed to a

multinomial distribution. This approach will output a continuous value for each

of the magnitude predictions. We then calculate the loss between the predicted

magnitude value and the ground truth at each batch using the root-mean-square

error (RMSE). We then combine the RMSE loss from the magnitude predictions

and the Cross-Entropy loss from the direction classifications into a single loss that

is backpropagated through the weights. To ensure neither direction nor magni-

tude predictions dominate the combined loss, a weighting factor is assigned to

each of the losses, described in Section 4.1.5.2.

4.1.2 Discrete Approach

In this approach, we discretize the magnitude values into fixed-width bins as de-

scribed in Section 3.1.2.2. The fully connected layers are then adapted to output

a multinomial distribution, based on the number of bins in each classification. To

train the network, we use a cross-entropy [49] loss function. This method outputs

a multinomial distribution. Argmax is then applied to return the bin class with

the largest predicted probability for each task.
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4.1.3 ResNet

Since 2015, the ResNet architecture has become the de-facto base model for

computer vision tasks including image classification, semantic segmentation, and

object detection. In these tasks, the architecture achieves excellent accuracy and

generalisation performance [50]. The key to ResNet’s success is its ability to train

with hundreds or even thousands of layers without suffering from the ‘vanishing

gradient problem’ [51]. This is the problem where, as the number of layers in a

network is increased, the repeated multiplication of the error gradient with each

neurons’ local gradient during backpropagation causes the gradient to become

increasingly small. ResNet overcomes this by introducing the use of so-called

identity shortcut connections. The identity shortcuts prevent prevents gradient

atrophy when multiplied with the local gradients as the identify function’s gra-

dient is always 1.

The large capacity for layers enables increased model complexity and repre-

sentational ability. Ergo, we chose ResNet as the base model for our task, which

essentially is an image classification exercise.

4.1.3.1 ResNet Variants

The ResNet has several variants that relate to the number of layers in each model.

For example, resnet34, resnet50, resnet101 and resnet154. As the number of layers

in a CNN increase, so does the model’s representational capability, with each

layer learning progressively more complex, high-level features. However, more

layers also mean increased model complexity, leaving us with a trade-off between

accuracy and inference time (storage space is negligible for our use case). With

these constraints in mind, we chose the resnet101 model for our task as it offers

good performance and suitable inference times. See Section 6.1 for a detailed

comparison of the models.
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4.1 Frame-to-Action Network

4.1.4 MobileNet

We also implemented an alternative, lightweight MobileNet v2 [52] architecture.

The architecture uses depthwise separable convolutions to reduce the number of

parameters at each convolution step. Similarly, to the ResNet architecture, the

network uses a shortcut connection in its block structures to increase the depth

of the network. These ‘inverted residual blocks’, act like regular residual blocks

except that the skip connections are between the thin bottle-neck layers, rather

than the wide layers.

The low number of parameters required for the architecture enables us to re-

duce the size of the network and inference time for real-time operation. However,

the complexity of the saliency network, which requires a GPU to run in real-

time, creates a bottleneck and makes the time-saved on our classifier redundant

for saliency-enabled models.

4.1.5 Multi-Task loss function

4.1.5.1 Classification

To train the network, we use a multi-task loss function to measure the error be-

tween the output predictions and their respective ground truths. For the discrete

classification task discussed in Section 4.1.2, we use weighted cross-entropy loss

to measure the divergence of each task from its respective label. The loss function

is defined in equation 4.1

WCE(y′ ) = − 1

K

I∑
i

K∑
k=1

wkyik log(y′ik)

wk =
1

|yk|

(4.1)
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where WCE denotes the weighted cross-entropy, I is the number of training

examples (batch items), K is the total number of classes, y′ is the output of the

network, y′ik is the output of the network for training example i, class k. y are

the ground truths, yik denotes the target label for training example i, class k. log

denotes the natural logarithm and wk denotes the weight assigned to class k.

The cross-entropy loss function penalises probabilistic false positives. If for

example, a given training example at class k has a probability of 0.6 and the

ground truth is 1, from a Bayesian perspective, the prediction has a probabilistic

false negative of 40%. To penalise this false negative, the natural log is used

which incentivises values closer to 1 and penalises values closer to 0. i.e. in the

perfect case: log(1) = 0 [53].

Our dataset contains class imbalances. For example, instances predicting

no movement are underrepresented as there is only one perfectly centred image

per object. Figure 4.1 demonstrates the underrepresentation of the no-movement

class (0) of the pan(x) and tilt(y) direction classification. Magnitude distributions

are more uniform, but there is still a decreasing distribution towards extremely

high magnitudes. To prevent overfitting to the dominant classes, we add a weight-

ing factor wk which assigns more weight to minority classes and over-penalises

instances of the underrepresented classes. The weights are defined by the inverse

of class support for each class. The intuition behind this is that under-represented

classes will be penalised more aggressively and hence have a larger impact on the

network weight adjustments. This is equivalent to increasing the ratio of the

under-represented classes in the dataset.
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Figure 4.1: Demonstrates the class imbalances within the pan and tilt classifica-
tions. The underrepresented examples of centred images versus offset images is
the cause of both.

4.1.5.2 Regression

For the continuous regression approach described in Section 4.1.1, the loss func-

tion is given in equation 4.2

Loss = L1 + (0.125 ∗ L2)

RMSE (y′) =

√√√√ 1

n

I∑
i

(y − y′)2
(4.2)

Where L1 is the sum of Cross-Entropy losses for xdir, ydir and zoomdir. L2

is the sum of RMSE losses for xmag, ymag and zoommag. The L2 loss is balanced

with the value 0.125 as it has a similar ratio to the L1 and L2 losses produced

during experimentation.

In the RMSE equation, instead of summing the log loss for each class, we calculate

the root mean square error for the scalar predictions in the batch. Because the

value is directly regressed, there are no classes, so we do not use class balancing.

On the other hand, since the x and y offsets are normalised, and the zooming
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magnitude is not, we need to add a weight to each of the individual losses of

each fully connected layer to balance their overall influences on the combined loss

function (0.125).

The gradient of the error rate produced by the loss functions is then back-

propagated through each layers’ weights, which are updated accordingly to yield

an incremental improvement to the error in the next forward pass.

4.2 Saliency Network

This section introduces the saliency attention network we use to add robustness

to background clutter. The saliency network takes the cameras’ input frame,

performs a forward pass through the network and outputs a saliency mask. Each

scalar value in the mask represents the conspicuity or visual allure of that location.

The features that represent visual allure were learnt by the network as it trains,

comparing each mask that it outputs against a human-annotated ground truth

of the image saliency such as the dataset in [54]. In our preliminary experiments,

we found our frame-to-action network was apt at recentring objects that reside

in very simple backgrounds. However, we found that the accuracy decreased as

new datasets were introduced with increasingly complex backgrounds. To tackle

this, the frame-to-action network is synthesised with the output of a pretrained

saliency network. By concatenating the input image with a saliency mask, we

can isolate the salient object from their backgrounds. This enables us to guide

our frame-to-action network to learn features more relevant to salient objects

during training. Two example outputs of the saliency network are given in Figure

4.2. Because we use channel-wise concatenation to augment the input image and

saliency map, no adjustments need to be made to the ResNet layer’s dimensions,

other than ensuring the kernels in the first convolutional layer have the same
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depth as the input volume, which in this case is 4. This will ensure both the

filter and the local region of the input volume (the receptive field) will have the

same dimensions when flattened. Since a convolution is essentially a dot product

between the filter and the local region of the input, it can be formulated as a dot

product of the two flattened vectors. For example, a 7x7x3 filter and 7x7x3 local

region of the input can both be flattened into two 1x147 column vectors and a

dot product applied to the two vectors gives us the convolution result for a single

feature map pixel.

The saliency network we use is a pretrained model based on Pyramid Feature

Attention Networks that utilises multi-scale features. The network integrates

high-level contextual features and low-level spatial features to optimise the edge

boundaries of the saliency map and achieves SOTA performance [10]. The low

and high-level features are extracted from a block of convolutions based on either

a VGG or ResNet backbone architecture. We chose the ResNet backbone for

improved accuracy.

4.2.1 Thresholding

Inferring from the residual learning principle specified in [37], we consider S(x,Wi)

as a forward pass through the saliency network with Wi denoting the networks’

weights and x the RGB image input. The output of the saliency network is then

concatenated with the original image to create input y = S(x,Wi) + x, which is

input to our CNN. The concatenation of the saliency output with the RGB input

means if no saliency is produced, y will present an identity mapping S(x,Wi) = x.

From this logic, we infer that our classifier augmented with saliency will achieve

performance that is at least as good or better than the non-augmented input

(unless the saliency map is misleading).

However, having amalgamated the saliency network into ours, we reran our
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Figure 4.2: Two examples of the saliency masks produced by our saliency network.
Top: saliency mask produced for an instance from the cluttered training dataset.
The centre onion is approximately 7.62cm in diameter. Bottom: the saliency
mask produced for an instance from the plant’s dataset. The mask seems to
highlight the most prominent leaf in the frame. For reference, the plant pot is
30cm in diameter.

experiments to find that the results were significantly worse with saliency than

the original network. After further investigation, we found that most of the

misclassified instances had produced a seemingly blank saliency map. We found

this puzzling as we inferred that introducing no new information in the saliency

map should revert the network to learning the original, non-saliency mapping. On

closer inspection, we found that the blank maps were not actually null matrices

but had very small activations that were indistinguishable by manual observation.

We hypothesized that these uninformative values were introducing noise into the
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loss and damaging learning. To minimise the noise, we introduced an intensity

threshold that would zero the mask if the total mask intensity were less than 1%

of its maximum capacity. This enables to model to achieve a performance equal

to or greater than non-saliency. This holds so long as the saliency map is valid –

see the evaluation in Chapter 6 for further detail.

4.3 Accuracy Measure

To evaluate the model’s performance, an effective accuracy criterion had to be de-

veloped that was representative of the systems’ real-world performance. Initially,

the network output two classifications: one dictated the direction of the camera

movement, with nine classes: up, down, left, right, up-left, up-right, down-left,

down-right and no movement. The other classification decided the magnitude

of the movement. The direction classification was split in this way to provide

granular enough movements that all positions can be reached eventually, but be

coarse enough so as to constrain the problem’s complexity To measure accuracy,

we focused solely on the accuracy of these two metrics but quickly found that the

results were not representative of how well the algorithm worked in practice.

On closer inspection, we realised that evaluating whether the movement was

suitable at a given frame was not always a binary decision, as the camera could

still make small improvements to its position through a series of sub-optimal

movements. For example, if the object is in the top-left corner of the image,

the optimal direction for the camera to move would be up-left, to recentre it.

However, if the camera were to move just left or just up, the new position of the

camera will still be closer to the target position than before. By observing the

operation of the camera, we realised that these kinds of sub-optimal movements

occurred quite regularly in practice and would still culminate in a valid final
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position.

We performed an analysis of the misclassified instances over our validation

set, presented in Figure 4.3. The diagram shows each misclassified instance from

a sample of 450 images. Each point demonstrates the position of the object in

the image frame for that instance. The arrow on the point shows the direction

that was predicted by the model. The diagram supported our theory since most

misclassified instances correctly classified one of the axes but not the other, e.g.

predicted left-down, rather than left-up. This was particularly prevalent close to

the axes of the image plane, where decisions could be more ambiguous.

To overcome this shortfall, we decided we would get a more expressive metric

of accuracy if we separated the direction prediction into two classifications. This

would enable us to provide a separate loss for each axis, which were combined

into the final loss function. With this loss function, incremental improvements

are still rewarded by the loss function though not as highly as optimal solutions.

Completely inaccurate classifications, where both axes are incorrect, are penalized

more severely. It also enabled us to develop a more realistic accuracy measure for

use in testing. Instead of measuring a single axis prediction, we split it into two

separate predictions, we three classes each and measure the accuracy of both. We

also record the number of instances that got both x and y direction predictions

wrong and record the inverse of this as the new model accuracy measure. This

is a more accurate way of monitoring how well each model performs in practice,

noting every incremental improvement as an accurate prediction.

In addition to the direction predictions (x, y and zoom), a magnitude for each

movement is output from the network. In the classification approach 4.1.2, a

simple accuracy measure is to count the number of magnitude classifications that

were correct as a percentage of all predictions. Although this provides an insight

into how accurate the magnitudes are, a more expressive metric was required to
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provide insight into ‘how far’ each prediction was from the correct class - i.e.

how far the algorithm over or undershot the camera movement. Therefore, we

measure the accuracy of the magnitude predictions using RMSE. This measures

the error between the predicted class and the ground truth, having converted the

magnitude integer to positive or negative based on the direction prediction. This

gives us a more informative indication of how wrong the magnitude classification

is, as each class presents just a small amount of movement (0.0333 and 0.066 for

x and y, respectively).

4.4 Augmentation

To increase the robustness of the model, we adopt some augmentation techniques

to increase the variability in the dataset. Random horizontal flip is implemented

to increase the invariance of the network to different object rotations. This im-

proves generalisation performance when the algorithm is applied in different con-

ditions, including new objects and backgrounds. Similarly, random colour jitter

including brightness, contrast, saturation, and hue changing is applied to increase

robustness to these variables. This is particularly important if the algorithm is

to generalise to new settings and different cameras, where image capture settings

may vary. As described in Section 3.1.1, a random crop augmentation is applied

to the images during training. This enables the network to simulate a zoomed-

in instance of an image and produce a zoom-out prediction for the network to

train on. The final augmentation that occurs before/if the image is passed to

the saliency network is pixel rescaling. This performs local pixel centring by sub-

tracting the mean RGB values of the dataset provided in [10] from the image’s

respective channels, giving pixels a zero mean. The MobileNet architecture re-

quires us to normalize the images’ pixel values based on the per-channel mean
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and std. dev of the ImageNet dataset.

4.5 Training Details

Our dataset of 12,537 images is split with a 75:25 train-validation ratio, however,

images of the same object must not appear in both datasets, so the train set is

rounded down to the closest object, leaving 9528 images in the training set and

3009 in the validation set. Independent, task-specific test datasets are collected

for evaluating each model as discussed in Section 3.1.4.4 of 508, 1561 and 235

images. All images are resized to 224x224, before being processed by the model.

We chose this resolution based on constraints on training time and GPU memory

and is important if the system is to run in real-time in practice. Additionally, the

use of transfer learning, described below, requires our resolution to be the same

as the pertained ImageNet model. Transfer learning is applied by initializing the

ResNet’s weights based on a pre-trained ImageNet [55] model. This enables us to

leverage the rich image feature representation learnt from the large benchmark

dataset and then fine-tune them to our specific problem. This accelerates training

and significantly improves accuracy by 6% as we demonstrate in the evaluation

Chapter 6. Random horizontal flip, colour jitter and centre crops are applied to

the training set. Random centre crops are the only augmentation applied to the

validation set. The models were trained on an NVIDIA TITAN X Pascal GPU

with 3 CPU cores for each job.

The models are trained end-to-end using Stochastic Gradient Descent with

momentum of 0.5. We use a multi-task cross-entropy loss function with an initial

learning rate of 1.0x10-3, which is decayed by a factor of 10 halfway through

training to refine the local optima and converge faster. Training is run for 20

epochs and the best performing model out of all the epochs is selected. The du-

46



4.5 Training Details

ration of training is approximately 3 hours for a ResNet-101 model. We trialled

three different batch sizes: 4, 16 and 32 and found that the larger batch sizes had

lower accuracy but much quicker training times, taking almost half the time as

it allows for increased parallelisation. Figure 4.4 demonstrates the accuracy of

the different batch sizes. This is supported by [56], who attribute the superior

generalisation performance of small batches to their ability to find flat minima,

which generalise to new data better than sharp minima. They explain that small

batches introduce more noise in error calculations than large batches, which en-

ables them to exit the loss valley of sharp minima and find flat minimizers further

away.

4.5.1 Oversampling Plants

Plant images are significantly underrepresented in the dataset, so to better demon-

strate our applicability to biological imaging, a resampling technique is used that

adds bias to the plant images. We artificially double the size of the dataset and

then resample any indexes from the mock second half of the dataset to the index

of an image from the plant dataset to increase the yield of plant images. This

approximates increasing the number of plant images without having to physically

collect any new data. This helps to reduce bias and improve generalisation.
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Figure 4.3: A subsample of misclassified instances were taken from the original 9-
class direction prediction, before x and y-axis directions were divided into separate
classifications. Sample size = 55. The grid depicts the camera’s image plane, and
the point where the cross-hairs meet is the camera’s principle point. Each point on
the grid represents a misclassified image instance and its position is relative to the
image plane. The key in the top-right corner defines the direction classification
of each instance, related to the colour and arrow direction of each point. e.g. For
red instances, the camera moves up and left, moving the instances at the top left
of the image plane towards the centre crosshairs. In all instances. at least one
of the X or Y direction is correct but the other is not. Also, most instances are
close to the axes where decisions are more ambiguous. Therefore, we split our X
and Y directions into separate classifications to get a more realistic measure of
accuracy.
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Figure 4.4: Illustrates the accuracy of the ResNet-152 model as the batch size is
increased from 4 to 16, to 32.
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Chapter 5

Generalisation

Introduction

One of our aims for the model was to make it as general as possible. Initially,

this meant the ability to generalise to different objects and recentre whatever is

put in front of the camera. This was achieved by introducing a greater variety of

objects into the training corpus including everyday household objects and plants,

which is described in more detail in Section 3.1.4. The next objective was to

generalise the model to different hardware, specifically the camera-gimbal rig.

Initially, the model outputted camera offsets in the specific units of our rig e.g.

1 unit in the X-axis = 0.107°. This will not generalise well to new rigs as they

may have their own, hard-coded unit system to represent axis rotation. To fix

this, we wanted to output offset predictions from the network in pixels which are

common to every camera, we could then write a program to convert these pixel

offsets back into the rig-specific units. This was achieved by using a SIFT-based

feature matching algorithm to generate offset ground truth labels in pixel values

rather than rig-specific gimbal units. The model is then trained to output these

pixel values. To make sure the pixel values were not tightly coupled with the
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image resolution of our camera, we normalise all offsets between 0 and 1 so they

will extrapolate to different resolution cameras. More details on this approach

can be found in Section 3.1.3. The final step that is required then is to convert

these pixel values back to the rig’s specific units, which we explain in the next

section, Camera Calibration.

Figure 5.1: Diagram demonstrating how a point in the 3D world space is pro-
jected through the camera coordinates and onto the 2D image plane. Camera
coordinates are denoted by Xc, Yc and Zc and has the camera’s optical centre C
at its centre. The world coordinates are represented by X, Y, Z and represents
the 3D object coordinates e.g. the calibration corner coordinates in mm. The
image coordinates are denoted by x,y on the image plane and are measured in
pixels. P represents the principal point of the image plane.

5.1 Camera Calibration

Now that we have the network producing the cameras’ X and Y-axis offset in

pixels, a method is required to convert the pixel offsets back into gimbal actuation

units for our specific camera-gimbal rig. Most gimbal setups are programmed to

receive actuation commands in terms of an angle, measured in degrees or radians.
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Our setup has a unit of movement for the X-axis stepper motor that equates to

0.107° and 0.057° for the Y-axis motor. To convert the pixel offsets into a portion

of these units, we need to estimate how many degrees each pixel equates to. This

is achieved through a process of camera calibration.

Camera calibration aims to determine the relationship between the camera’s

natural units, in pixels and the real-world units in degrees. To do so, we need to

estimate the cameras’ intrinsic and extrinsic parameters. With these coefficients,

we can project the pixel offsets in 2D image coordinates to the 3D rotation of

the camera in the world coordinate system. This enables us to calculate the

correlation between a single-pixel offset and its corresponding rotation in degrees.

To describe the projective aspects of the camera, we use the pinhole model.

This model enables us to project from the world to camera, to image coordinates.

The difference between the three coordinates systems is described in Figure 5.1.

Based on the principles of similar triangles, the world point M , depicted in the

figure is proportional to the image point m, and as such, the 2D image plane

coordinate m =
[
x y

]
is defined in Equations 5.1 and 5.1

x =
Xf

Z
(5.1)

y =
Y f

Z
(5.2)

f
Z

acts as a scaling factor here, which when multiplied by the object’s 3D X or

Y coordinate, projects the coordinate to the 2D image plane (x or y). However,

since the projection of X means dividing by Z, the expression is no longer linear

and cannot be represented as a matrix multiplication. To remedy this, we can

write the equation linearly using homogeneous coordinates. The linear form is
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given in Equation 5.3.

s


x

y

1

 =


f 0 0 0

0 f 0 0

0 0 1 0



X

Y

Z

1

 (5.3)

s is an arbritrary scaling factor, which maps to Z. f is the camera’s focal

length, measured in pixels. Thus a a camera can be considered as a system that

performs a linear projective transformation from the projective space R3 into the

projective plane R2. The above expression assumes that the origin in the image

plane is at the point where the Z axis hits the plane’s principal point. In most

cases, this is not true, so we introduce principal point offsets cx and cy. Hence,

Formulas 5.1 and 5.2 change to:

x =
Xf

Z
+ cx (5.4)

y =
Y f

Z
+ cy (5.5)

Again, to write this in a linear form we homogenise the coordinates and use

the intrinsic matrix K, defined in Equation 5.6 to project the points. The in-

trinsic matrix represents the focal lengths fx, fy measured in pixels and optical

centre offsets cx, cy of the camera and enables the projection of a point in camera

coordinates Xc, Yc, Zc into pixel coordinates x, y. It can also contain a skew

coefficient to account for the axis-skew of non-rectangular pixels. However, most

modern camera’s axes are at 90° to each other, so we have ignored this coefficient.

Also note that we simulate zoom with image cropping, so focal length will remain
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unchanged if the camera zooms in or out.

K =


fx 0 cx

0 fy cy

0 0 1

 (5.6)

We can now insert K in place of the projection matrix given in equation 5.3.

So far, we have assumed that the origin of the 3D coordinate system is located

at the pinhole. To project the world coordinates to the camera coordinates,

we need to apply rotation and translation to the points, to match that of the

camera. To do so, we apply the rotation and translation matrices to the 3D

world coordinates. The Rotation matrix is part of the extrinsic parameters of the

camera and represents the rotation of the camera in a 3D scene, with the origin

of the coordinate system at the cameras optical centre. This matrix enables us to

transform a point in world coordinates X, Y, Z into camera coordinates Xc, Yc, Zc.

The translation vector defines the translations required the world coordinates into

camera coordinates. This gives us 6 degrees-of-freedom: 3 in the X,Y,Z rotation

axes and 3 in the X,Y and Z translation axes.

Hence, to project a 3D point M to its 2D image projection m, we use the

formula in Equation 5.7.

m = KRM (5.7)

Where K is the intrinsic matrix from 3D camera to 2D image coordinates

and R is the rotation matrix from 3D world to 3D camera coordinates.

In order to calibrate our camera, we need to find the intrinsic and extrinsic pa-

rameters of our camera to be able to project a 3D world point to its corresponding

2D image position and vice versa. To estimate the intrinsic and extrinsic param-

54



5.1 Camera Calibration

eters of our camera-gimbal setup, we need a set of 3D real-world points (object

points) and their corresponding 2D projections (image points). To achieve this,

we use a well-defined checkerboard calibration pattern with a known grid size

and dimensions, illustrated in Figure 5.2. We start by taking a picture of the

pattern centred in the image plane. We move the camera in a series of different

rotations taking a picture at each position while the pattern remains static. We

assume the pattern is a planar object by keeping the camera stationary along the

Z-axis (Z=1). At each position, we record the object points and image points

of the pattern in its new location. The object points are locations where two

black squares touch each other on the board. The points are measured in the

patterns’ coordinate space, which in our case, where the 6x9 grid has 24.5mm

grid squares, will increment in multiples of 24.5mm e.g. (0, 0), (24.5, 0), (49,

0)..(196, 122.5). The image points are the corresponding pixel locations of these

points in the image plane. We tried to take pictures of the pattern from as many

angles as possible by the camera to ensure a good spread of points and to make

sure that the calibrated parameters generalise well to the positional extremes. As

the camera’s tilt increases towards, the pan will have a decreasing impact, so it

is important to model these characteristics during calibration. This is how we

collect our calibration points. We also record the pixel offsets of each pattern

from the initial, centred pattern to cross-reference with the rotation matrix later.

To do so, we use the same SIFT-based matcher as described in Chapter 3.1.3.

To project a 3D point in the camera coordinate system to a 2D homogenous

image coordinate we first need to calibrate the intrinsic matrix K. The formula

for the projective transformation using the intrinsic matrix is given in Equation
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5.8

s


x

y

w

 =


fx 0 cx

0 fy cy

0 0 1



Xc

Yc

Zc

 (5.8)

The left-hand side represents a point in the 2D image plane using homogenous

coordinates x, y, w, where w = 1 or w = Z. The matrix operation represents a

system of linear equations where fx, fy, cx and cy are the unknowns and with every

correspondence in the calibration points resulting in a new equation. To solve the

equation, we need at least 2 image/object point pairs [57], however, using 10 or

more correspondences (we used 50) will form a more well-posed equation and im-

prove accuracy. Based on the point correspondences and using the homographies,

there are closed form solutions that determine the intrinsic camera parameters.

We used Singular value decomposition (SVD) to find the least-squares solution

to the homogenous system [58]. Implementations of the algorithm can easily be

found in common computer vision libraries such as Open-CV. Once we solve the

equation, we have an approximation of the intrinsic matrix, common to all views

of the calibration image.

Once we have an initial estimate for the intrinsic matrix, we can try and solve the

complete equation for a typical pinhole camera model, given in 5.9. This enables

us to project a 3D world coordinate to 2D image coordinate.

s


x

y

1

 =


fx 0 cx

0 fy cy

0 0 1



r11 r12 r13 t1

r21 r22 r23 t2

r31 r32 r33 t3



Xc

Yc

Zc

1

 (5.9)
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s on the left-hand side is an unknown scaling factor which maps to the Zc co-

ordinate of the point in the camera coordinate system. This is required as objects

in the image plane seem bigger if the 3D object is closer to the camera. The right

side, KR is the projection matrix which maps a 3D point in the world coordinate

system (i.e. a grid corner) into 2D image coordinates. It consists of the extrinsic

matrix R (rotation and translation coefficients) and the estimated intrinsic ma-

trix K we solved in the previous step. The extrinsic matrix represents a rigid

transformation from 3D world coordinates to the 3D camera coordinate system.

The intrinsic matrix represents a projection from the 3D camera coordinates to

the 2D image coordinates [57].

Because the transformation between the camera coordinate system and image

coordinate system loses the Z dimension, we add the scale factor s. This makes

the equation non-linear and much harder to compute. This problem is defined as

the Perspective-n-Point (PnP) problem. To solve it, we employ the Levenberg-

Marquardt optimization function [59] to minimize the reprojection errors of our

object points. See Equation 5.10

K,R = argmin
I∑
i

‖mi − m̂i‖2 (5.10)

Here, I is the total number of point correspondences. mi is the known projection

of object point Mi and m̂i is the projection of object point Mi by projection

m̂i = KRMi. We then minimise the reprojection error (sum square distance)

between the image point ground truths and the projected object points which we

project using the current estimates for intrinsic and extrinsic parameters [57].

With the optimization complete, we now we have the rotation vectors at each

pattern offset measured in radians. We convert them to Euler angles (ZYX

Tait–Bryan angles to be precise), measured in degrees. With the known rota-
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tion angles and pixel offsets between each pattern and the initial centred pattern,

we can calculate the degrees per pixel by dividing each axes’ pixel offset from the

centred pattern by its corresponding rotation in degrees. Each axes’ degrees per

pixel value is then averaged over every position we collected to get an accurate

measure.

Because the camera is a perspective projection, a camera movement in the

pan-axis will result in objects that are closer to the camera moving more than

objects that are further away from the camera. Therefore, when the camera’s

tilt is increased, the pan will have a decreasing impact. This occurs when we

capture images of the calibration camera from different angles and certain camera

angles (e.g. top-right) will produce a much smaller scaling factor than the camera

angle where the calibration pattern is close to the object (e.g. centred image).

However, because we use a very large (>50 images) range of positions while

calibrating the image and take an average of the degrees-per-pixel for each axis,

we essentially take the average of all the scale factors which is sufficient to get an

accurate estimate at all camera angles. However, it should be noted that this is

an assumption that we are making.

Another assumption we are making during calibration is that the camera is

positioned parallel to the calibration pattern. Specifically we mean that there is

negligible rotation in the roll axis of the camera. This assumption is enforced

by the fact that we calculate the degrees-per-pixel by dividing the predicted axes

rotation by the pixel offset generated. This means that we are comparing x

degrees of gimbal pan against x degrees of pixel movement. If the camera is

rolled, then gimbal pan and pixel movement will no longer align as x gimbal pan

will result in a combined x and y pixel offset when the camera is rolled (also the

case for the y-axis). Therefore, to provision for this possibility in the future, we

should divide the gimbal angle by a combined magnitude of the x and y pixel
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offsets. However, for this use-case the camera is close enough to parallel that we

need not address it.

Now we have the degrees per pixel values for both X and Y axes for our

given camera-gimbal setup. These coefficients are saved to a file to be loaded

during inference. When the network outputs a camera offset prediction in pixels,

the value is converted into the rig-specific pan and tilt rotations, measured in

degrees (or whichever angle quantification the rig uses). This means the network

can work with any PTZ camera-gimbal rig. This extends the generalisability of

our algorithm not just to different objects and scenes but also different hardware

setups which will be useful when the system is deployed in production. Note that

the calibration step only needs to be run once per camera-gimbal rig.

Figure 5.2: The 9x6 calibration pattern used in the camera calibration step. Each
square is 24.5mm.
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Chapter 6

Evaluation

Introduction

We built an autonomous camera system that directly maps the input frame of

the camera to a pan-tilt-zoom coordinate to recentre the object in a static scene.

In this section, we present the results of the experiments we conducted to analyse

and evaluate our approach. We aim to assess our systems’ success in solving the

active autonomous camera control problem for a static, biological scene. We do

so by describing the overall performance and efficiency of each model architecture

that was tested to scrutinise each architectural decision and compare alternate

approaches. We then evaluate the effectiveness of saliency in adding robustness

to background clutter and finish by demonstrating the systems’ applicability to

plants. The criteria by which we judge our results are the accuracy measure

described in Section 4.3, the X and Y-axis direction accuracy, magnitude RMSE’s,

and the inference time of each of the models on the GPU. All experiments are

carried out on the combined test set of 1065 images, consisting of both cluttered,

uncluttered and plant images. We also present qualitative evaluations of the

camera paths and saliency maps produced, to help elucidate the figures and
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Model Saliency
Transfer

Learning

Model

Accuracy

X

accuracy

Y

accuracy

X mag

RMSE

Y mag

RMSE

Zoom

RMSE

Inference

Time(s)

CLASS RESNET 101 yes yes 87% 80% 67% 5.0 3.0 2.9 0.27

REGR RESNET 101 yes yes 82% 73% 67% 5.4 3.5 2.4 0.20

CLASS RESNET 101 yes no 84% 73% 67% 5.6 3.7 3.4 0.27

CLASS RESNET 101 no yes 83% 72% 69% 6.0 3.7 2.9 0.06

CLASS RESNET 50 yes yes 83% 74% 69% 5.2 3.2 2.3 0.26

CLASS RESNET 152 yes yes 85% 77% 71% 5.3 3.5 3.1 0.26

CLASS MOBILE V2 yes yes 81% 72% 67% 4.0 3.0 2.2 0.18

CLASS MOBILE V2 no yes 82% 77% 70% 4.3 2.9 2.3 0.04

Table 6.1: Table demonstrating the performance and efficiency of each model.
The CLASS substring determines whether the model’s magnitude predictions
are classification based, while REGR is regression-based. Model accuracy here
refers to the total instances that had at least a correct pan or tilt direction
prediction. X and Y accuracy is the percentage of correct pan and tilt predictions.
RMSE demonstrates how far, on average, each magnitude prediction (classified
or regressed) is to the ground truth.

demonstrate the systems’ efficacy in generalising to different camera-rigs. Due

to the lack of research in this area, there are no alternative models to compare

with, so we offer these results as a preliminary baseline. We aim to demonstrate

that a general embodiment of human-controlled camera systems in a static scene

can be learnt by a deep neural network. This includes generalisability to different

backgrounds, objects (including plants), and camera rigs.

6.1 Model Evaluations

In this section, we present and compare the test results of eight different variations

of the model. Each of the models was trained on the combined training dataset

with the hyperparameters described in Section 4.5, including plant oversampling.
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The models are tested on the combined test set. We evaluate each model in

terms of performance and inference times for each. The first of the performance

metrics is model accuracy. This measures how often the model makes a correct

prediction in at least one of the x or y-axis classifications. Or put simply, how

often the camera improves its position in relation to the salient object. We also

include the RMSE for each axes’ magnitude prediction, which measures ‘how

far’ the predicted value is from the ground truth. We treat model accuracy as

the primary metric of performance as it directly correlates with the objective of

inching the camera towards the target at each step. This takes precedence over

RMSE, which is treated as a secondary metric as, without an accurate direction

classification, the magnitude that the camera moves with is irrelevant. Magnitude

errors, on the other hand, can be easily corrected in subsequent steps. Also, lots of

small magnitude errors are better than one or two large magnitude errors because

large errors could move the camera to a position that obscures the object. The

inability to differentiate between these two types of magnitude errors makes the

RMSE metrics less reliable and hence subsidiary to model accuracy. We also

present the average inference time of each model. Inference time here helps to

guide model choice based on the requirement for the model to run in real-time

and is measured by running inference over the combined test set and calculating

the average time for each forward pass through the network. All experiments are

run on an NVIDIA TITAN X Pascal GPU with 3 CPU cores.

The results of the experiments are presented in Table 6.1. The ResNet 101

classifier with saliency and transfer learning achieved the highest accuracy of all

the models and is highlighted in bold. It accomplishes model accuracy of 87%,

meaning just 13% of instances resulted in an incorrect movement prediction. As

such, all models discussed henceforth will be compared with this optimal model.

In the second row, an identical ResNet architecture is applied to the regression
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formulation of the problem. Here, a continuous value is regressed for each of the

axis’ magnitude predictions, as opposed to a discretized bin classification. The

formulation has a lower overall model accuracy than CLASS RESNET 101. The

magnitude RMSEs worsen as well, except for zoom magnitude which experiences

a decrease in RMSE. This suggests that directly regressing the magnitudes does

not improve its accuracy and damages the model’s ability to learn direction classi-

fications. Due to time constraints, we did not consider how a differently weighted

loss function might impact the result. Neither did we attempt to reoptimize the

hyperparameters for the regression model, instead we kept those that were opti-

mized for the classification task.

To demonstrate how saliency augmentation and transfer learning impacted model

performance, we performed an ablation study, removing each of the features from

the ResNet 101 model to gain an insight into their effects on performance. Row

3 presents the results of removing transfer learning from the model, resulting in a

3% drop in model accuracy. The x-axis accuracy drops by 7% and all magnitude

RMSE values deteriorate as well. This illustrates the improved generalisability

introduced with transfer learning, as the network is initialised with rich image

features learnt from the ImageNet dataset [55] before training begins. These fea-

tures can then be fine-tuned to our specific task to reduce training time. Without

these weight initialisations, the features must be learnt purely from our own, lim-

ited dataset which results in less-effective features being learnt and may require

longer training times to find the optima. Row 4 presents the results of removing

saliency augmentation from the model. Removing saliency incurs a 4% model

accuracy reduction alongside increased RMSE scores, except for zoom which is

unchanged. Conversely, a 2% improvement in y-axis accuracy is demonstrated

by the model and inference time is reduced by a factor of 4.5. This makes the
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model suitable for real-time inference on a CPU, rather than a GPU and demon-

strates a trade-off between reduced accuracy but improved efficiency compared

with the saliency-enabled model. Choosing between saliency and non-saliency is

therefore a decision that depends on the complexity of the background scenery

and the hardware requirements for the intended use-case. For biological imaging,

we favour improved accuracy over efficiency as we are more likely to deal with

complex backgrounds and have access to a GPU for real-time inference.

As described in Section 4.1.3.1, the ResNet architecture has multiple variants

relating to the number of residual layers in the models. We ran our model with

two alternative variants to the 101-layer model in row 1. These include a shal-

lower model with 50 layers and a deeper, 152-layer model. The results of the

variants are presented in rows 5 and 6. The smaller ResNet 50 model in row 5

incurs a 4% drop in model accuracy and RMSE scores increase except for zoom

which decreased by 0.6 for x and zoom magnitudes. The larger ResNet-152 model

sustains 2% lower model accuracy than its 101-layer counterpart but benefits from

a 4% improvement in y-axis accuracy. Inference time is comparable between all

three ResNet models. We suspected the shallower ResNet 50 model accuracy

would decrease compared with the 101-layer model but were surprised to find

that ResNet 152 also suffered an accuracy decrease. We attribute this to the

hyperparameters used in the experiments, which were initially chosen to optimise

the 101-layer ResNet variant. Reoptimizing the hyperparameters for the deeper

model could result in an improvement in the accuracy. Also, more data might be

needed before the accuracy benefits of the deeper network are realised. However,

we did not have time to test either approach. Therefore, we chose the ResNet 101

model over the two variants.
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Also, please note that in all of the models, x accuracy is higher than y accu-

racy. The reason for this was a miscalculation in the weights for the classes in the

tilt (y) axis. Unfortunately we we did not have time to correct the error and so

the high class imbalance for the tilt-axis depicted in Chapter 4, Figure 4.1 added

a bias towards the ’Move Up’ class and damaged its performance.

As described in Section 4.1.4, we also provided an alternative, lightweight

model in the form of a MobileNet V2 architecture. The results of the MobileNet

model with saliency augmentation included are presented in row 7 and without

saliency in row 8. Both models have a lower model accuracy that the ResNet 101

models. The non-saliency model has a higher X and Y direction accuracy than

the saliency-enabled model. The saliency-enabled model is 0.09 seconds quicker

than saliency-enabled ResNet 101 model and the non-saliency MobileNet model

is 0.02 seconds faster than the non-saliency ResNet 101 model. This suggests

that the MobileNet improves the efficiency of the model compared to the ResNet

backbones. The lower magnitude RMSE scores of the MobileNet architecture

suggest that magnitude predictions in the MobileNet architecture are more ac-

curate, however, the decrease in accuracy makes these improvements redundant

and this is reflected in the real-world operation of the model. Hence, as Fig-

ure 6.1 demonstrates, even though magnitude predictions may be more accurate,

the decay in accuracy makes the MobileNet architecture less effective than the

ResNet 101 model. This is because model accuracy directly correlates with the

objective of inching the camera towards the target at each step. Whereas RMSE

is an indicator of how far (measured in bins) the magnitude predictions are from

their ground truths. An RMSE difference of 1 bin correlates to less than 70 pixels

in a 1080p image which will not detriment performance in practice if the camera
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is moving in the correct dimension. Conversely, if the camera is moving in the

wrong direction more often, the camera is more likely to lose sight of the salient

image and focus on the background instead.

Figure 6.1: Illustrates the camera paths taken by different models and the in-
put frame/saliency map produced after each movement classification. First row:
ResNet 101 model with plants oversampled. Second row: ResNet 101 model with-
out plants oversampled. Last row: MobileNet model with plants oversampled.
All model clearly has saliency enabled and uses transfer learning.

Figure 6.1 demonstrates the camera paths taken by different models on a plant

within an arbitrary scene. The models compared are the ResNet 101 model with

66



6.2 Saliency Evaluations

plant oversampling, ResNet 101 without plant oversampling and a MobileNet

architecture (with saliency). The MobileNet architecture is subjectively the least

effective model as it takes small steps towards the centre but generates a ‘no-

movement’ prediction too early. This can be attributed to the slightly lower

accuracy of the model. The ResNet without oversampling model is more accurate

than MobileNet but seems to recentre the plant pot rather than the plant. We

attribute this to a bias to the type of objects used in the training set which does

not contain any plant images. This observation is explored further in Section

6.3. The ResNet oversampled model successfully learns to centre the plant itself

rather than the pot. Looking at the saliency maps, it seems clear that the masks

of the oversampled model seem to define the plant boundaries much more clearly

than other models. The model seems to manoeuvre itself towards the centre of

the plant during the first two steps where no saliency mask is produced. Then,

when the plant is better in shot, a more effective saliency mask is produced,

and the camera position can be finetuned. This shows how it is still important

for classifications that are not supplemented with a saliency map to produce an

effective movement.

6.2 Saliency Evaluations

We know that saliency improves performance based on the results in Table 6.1,

where removing saliency from the ResNet model results in a 4% drop in accu-

racy. However, there are still some unresolved questions regarding the efficacy of

saliency augmentation, namely:

1. How strong is the correlation between saliency and accuracy?

2. Whether the performance boost is caused by added robustness to back-

grounds or some other factor?
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3. Whether saliency boosts performance on biological imagery, specifically

plants?

At the time of writing, the saliency attention model that we use has state of

the art performance [60], however, it still contains a level of uncertainty. When

the saliency network is unsure about the salient object in the scene, it will re-

turn a blank saliency map. This means that a saliency map is not necessarily

produced for every image, which can make evaluating the correlation between

saliency and accuracy more difficult. To answer the questions above and gain a

more conclusive understanding of how saliency improved the results, we, there-

fore, needed to isolate instances with and without saliency maps produced (i.e.

maps surpass 1% intensity threshold) and compare their accuracies. This was

achieved during inference by marking whether each instance produced a saliency

map and recording its respective accuracy. The results for the combined test set

are presented in Figure 6.2. The bar chart shows the quantity, model accuracy,

x-axis accuracy and y-axis accuracy of instances which produce a saliency map.

It demonstrates that of the 1065 images in the dataset, only 40% of instances

produced a saliency map. Of this 40%, a 92% accuracy is achieved, compared to

74% accuracy when no saliency map is produced 60% of the time. This means

the production of a saliency map can increase accuracy by 18% and demonstrates

a strong correlation between saliency and accuracy. There are also improvements

in the magnitude predictions such as the Y magnitude, which can reduce error

by almost a full bin (equivalent to 57 pixels in a 1920x1080 image). This demon-

strates the ability to improve accuracy when a good saliency map is produced by

the saliency network. However, the probability of a saliency map being generated

for an instance is still quite low at 40%, and so this suggests that our approach

will improve linearly with the development of more reliable saliency detection

networks, or those trained datasets more appropriate to our use-case.
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Figure 6.2: Demonstrates the accuracy of instances with and without a saliency
map produced for the combined test set. Model accuracy is the % of instances
with at least a correct pan or tilt prediction. X and Y dir match are % instances
with correct pan and tilt predictions. Even though fewer instances have saliency
maps, the accuracy of those instances is much higher than instances without a
saliency map produced.

So, by analysing individual instances, we can validate that augmenting images

with a saliency map significantly improves performance. To answer whether this

can be attributed to better robustness to backgrounds, we use the same approach

but applied to both uncluttered and cluttered test sets. As explained in Section

3.1.4, the uncluttered dataset contains objects amidst very simple, monochrome

backgrounds. The cluttered datasets subjects appear within a much wider variety

of texturally complex and cluttered backgrounds. Figure 6.3 compares the accu-

racy of instances with and without saliency maps produced, for the two datasets.

A similar ratio of saliency maps is produced for both datasets - 54% saliency

in cluttered and 46% in non-cluttered. The right-hand figure shows how in the

uncluttered dataset, instances that produce a saliency map provide little to no
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improvement in accuracy compared with instances that do not produce a saliency

map. This suggests that the frame-to-action network can recentre objects with

simple backgrounds easily as accuracy is close to 100% both with or without

saliency augmentation.

Figure 6.3: Compares the accuracy of instances with and without a saliency map
produced for both the cluttered and uncluttered test sets. Model accuracy is the
% of instances with at least a correct pan or tilt prediction. X and Y dir match are
% instances with correct pan and tilt predictions. Top: Results for the cluttered
test set. Bottom: Results for the uncluttered test set. Instances with saliency
maps produced are more accurate than those without in the cluttered dataset,
whereas the difference in accuracy is undetectable in the uncluttered dataset.

In the cluttered dataset (left-hand chart), however, an accuracy gap begins

to appear between examples with and without saliency maps produced. This

includes a 10% drop in model accuracy and 13% and 12% in X and Y axis accuracy

where no saliency map is produced for an instance. Magnitude predictions also

benefit from saliency maps, resulting in RMSE value improvements of 3.48, 2.98

and 0.16 for x, y and zoom predictions compared with instances where no map is

produced. Because the introduction of clutter is the main characteristic between

the two datasets, we infer that clutter is what causes performance to drop for

instances where no saliency maps are produced. Instances that are augmented

with saliency maps must be producing some resilience to the clutter as their

performance drop is much smaller between the two datasets. Hence, we argue
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that saliency is adding robustness to clutter. The small drop in performance that

is experienced by saliency augmented instances can be explained by misleading

saliency maps – i.e. segmenting the surface or part of the background as well

as the object. This again suggests that our algorithms’ accuracy will continue

to improve alongside new advances in saliency detection networks. However,

this does not completely discount a non-saliency approach, as the non-saliency

models’ performance is still promising. Additionally, the removal of the saliency

network bottleneck can enable the algorithm to run in real-time on a CPU.

To answer the final question concerning saliency’s applicability to plant im-

agery, we experimented once more with the plants test set. The result of the

experiment is presented in Figure 6.4. Only 10% of the images in the plant

dataset produced a saliency map, compared with 90% that did not. There is a

5% improvement in accuracy and some improvement in the X direction predic-

tion for instances that produced saliency maps. This suggests that when saliency

is effective, it can improve robustness to backgrounds and improve accuracy for

plants. However, the rate at which saliency maps are produced for plant im-

agery (10%) with our current implementation is not suitable. The reason for

poor saliency mask output on plants could be accredited to a lack of plant-based

imagery in the dataset used to train the saliency network. Therefore, a suggestion

for future works is to add some plant data to the saliency dataset and retrain the

network to improve saliency map output for plant imagery.

6.3 Applicability to Plants

Before collecting our plants’ dataset, our rudimentary network was trained on a

combination of the controlled and cluttered training datasets discussed in Section

3.1.4, with no plant images in them. They consisted instead of household objects
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Figure 6.4: Compares the accuracy of instances with and without a saliency map
produced for the plant’s dataset. Model accuracy is the % of instances with
at least a correct pan or tilt prediction. X and Y dir match are % instances
with correct pan and tilt predictions. The quantity of saliency maps produced is
much lower for the plant dataset compared with the other test sets. The saliency
maps that are produced do still improve accuracy compared to instances without
saliency.

that varied in shape, size, colour, and background with the hope that the function

learnt would generalise to unseen plant data. Figure 6.5 shows two example

camera paths taken by this model on two different plants, in chronological order

from left to right. Both paths tend to centre the plant pots rather than the plants

themselves. The bias to general, household objects that constitute the training

data could explain this behaviour. These objects do not contain a lot of noise and

are usually simple, self-contained shapes. Plants, on the contrary, are much more

complex structures with lots of intricate components such as branches, leaves

and roots. They also consist of a wider variety of shapes as each plant is unique.

Therefore, with no prior knowledge of plants, it seems logical that the network
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will pan to the simplest, most self-contained form in the image, which in most

cases is the plants’ pot.

To alleviate this bias and improve performance on plants, we collected a plant

dataset, appended it the existing training set and retrained the network. The

inference results on the plant test set before and after training on plants are

presented in the first two rows of Table 6.2. We can see that introducing plants

into the training corpus has a positive impact on the accuracy of around 3%,

however, the results still do not look promising as it has a 53% chance of predicting

a ‘completely wrong’ direction.

Figure 6.5: Demonstrates two example network outputs for the ResNet-101 model
without plant oversampling applied. The model tends to centre the plant pot,
rather than the plant itself when plant oversampling is not applied.

The 624 plant images that were introduced to the dataset make up only 6%

of the total images in the training set, compared with 8280 images of general

objects. This imbalance causes a large bias towards general objects and explains

the incremental results before and after training on plants. To resolve this, we
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6.3 Applicability to Plants

Model

Accuracy*

X

accuracy

Y

accuracy

X mag

RMSE

Y mag

RMSE

Zoom

RMSE
Before Training on plants 44% 28% 29% 2.3 3.0 5.9
After Training on plants 47% 31% 30% 2.6 3.4 5.8
Oversampling plants 64% 53% 34% 4.0 4.3 6.1

Table 6.2: Demonstrates the impact on accuracy of the ResNet-101 model with
saliency before training on plants (first row), after training on plants (second row)
and after training on plants with the plant instances oversampled (third row) on
the plants test set. Model accuracy is the % of instances with at least a correct
pan or tilt prediction. X and Y dir match are % instances with correct pan
and tilt predictions. RMSE demonstrates how far, on average, each magnitude
prediction (classified or regressed) is to the ground truth. Introducing plants to
the training corpus increases accuracy. Oversampling plants to compensate for
the underrepresentation in the dataset improves accuracy by 20%, while reducing
magnitude accuracy.

implemented a form of oversampling described in Section 4.5.1. This enables us

to artificially increase the number of plant images in the dataset without losing

any information by removing non-plant objects. The results of the oversampled

method are presented in the last row of Figure 6.2. It demonstrates a significant

boost in accuracy of 20% compared with the model trained on no plants and

17% compared with the model trained on plants without oversampling applied.

Overfitting does not explain the improvement as no images in the plant test set

is used during training.

These results suggest that with a larger plant dataset, the system could achieve

accuracy rates closer to the combined test set (87%). This exemplifies the appli-

cability of our algorithm to biological imaging. As discussed in Section 6.2, by

retraining our saliency network with application-specific images, an even higher

accuracy could be attained. We believe the network shows promise to be imple-

mented in production in plant phenotyping laboratories and has the potential to

be generalised to other use-cases such as diffractometric crystal centring.

74



Chapter 7

Conclusions

We introduced an end-to-end deep neural network pipeline which directly maps

input frames from a camera to gimbal actuation commands. The model can

learn to recentre a variety of different objects in a static scene and adjust the

field of view to better encompass the object in the image plane. This enables the

camera to simulate a human’s innate capacity to pan and zoom to the important

object in a scene. We have empirically demonstrated that the model can learn

the task of autonomous camera control without decomposition into separate ROI

detection and camera control tasks. The model generalises well to new objects and

backgrounds and can be further improved by adding more task-specific data where

necessary. The model can take advantage of a saliency detection side task, which

augments the input image with information to help inform the network’s decision.

Saliency augmentation improves the accuracy of the network when a saliency

map is found, however current saliency detection network’s result in relatively

few saliency maps being produced. It is anticipated then that our approach

will improve with the introduction of more accurate saliency detection networks,

or those trained on appropriate data for our use-case. The algorithm is also

generalised to different camera-gimbal rigs by means of a calibration algorithm

which converts pixel offsets back to gimbal-specific units. This will enable future
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works to fluently transition the algorithm to new hardware as well as enable the

model to be trained on data collected from any camera device. This opens up

the potential for using crowd-sourcing to increase the quantity of data available

for training. The model is applicable to biological imagery, specifically images of

plants taken in a phenotyping laboratory. Further data collection is required to

add robustness to the algorithm, especially for plants which are disproportionally

represented in the dataset, however, initial results are promising. The accuracy

achieved on plants suggests that an end-to-end learned approach could be suitable

for similar biological applications including diffractometric crystal centring and

automated microscopy. The use of deep learning to directly map input frames

to actuation enables a more general model to be learnt than that of separate,

task-specific ROI detector followed by a camera control algorithm.

7.1 Future Work

More work is needed to improve the robustness of the network, specifically the

collection of more data from a variety of contexts and more data relating to

plants needs to be collected to retrain our network. Plant data also needs to be

collected and labelled for retraining the saliency network to improve saliency out-

puts for plant imagery. Future works could also start to predict additional camera

parameters including aperture/focus, actual zoom and white balance based on

human-controlled ground truths. To improve the efficiency of the model, we can

remove the bottleneck of the saliency network during inference, instead utilising

the saliency side-task purely at training time only by implementing the Learning

under privileged information (LUPI) paradigm [61]. This would enable the net-

work to leverage saliency map augmentation at training time and learn features

that discriminate between the salient object in the scene and the background.

Without the saliency network bottleneck, the model can perform inference in
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real-time on a CPU, which would reduce the hardware costs required to imple-

ment the algorithm.

One important analysis that was missed from this thesis is an evaluation of

our algorithm against alternative approaches to the autonomous camera problem.

This would require a more traditional approach, such as object detection (using

a traditional or deep learning approach) followed by a rule-based system to be

implemented and compared with our end-to-end approach. A set of tests can then

be executed which can test the different criteria of our algorithm. Specifically,

the following criteria should be evaluated: accuracy, generalisability, inference

time, applicability to plants and ability to handle (and ignore) background noise.

To achieve this, datasets need to be collected with image attributes specific to

each test, much in the same way as we collected our test sets for uncluttered,

cluttered and plant datasets in our evaluation. For example, the generalisability

dataset should consist of as wide a range of objects as is possible to create, the

background robustness dataset should consist of objects in a variety of complex

backgrounds where it is difficult to distinguish between the salient object and

background noise. Having tested on all of the datasets, the two approaches can

be compared in order to evaluate whether our end-to-end approach offers any

significant benefit over more traditional approaches to image relocation. Another

suggestion for future work, is to increase the resolution of the images that are

fed into the network. Currently, the input images are resized to 224x224 pixels,

however it could be possible that this is causing some critical information to get

lost, specifically regarding smaller features like textures and patterns. The model

will still work with any square height and width dimensions if they are a multiple

of 8. Hence, the size could be increased to, for example, 520x520 or greater. This

will increase the amount of information fed into the network and could refine the

learning of smaller features. The caveat, however, is that more GPU memory will
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be required to train the model in parallel, so any practitioners should ensure that

they have suitable hardware that can support the memory requirements before

attempting this adaption. A final suggestion for future work is to implement

mechanical zoom, rather than simulating it with cropping. The disadvantage

of using cropping to simulate zoom is that you lose resolution when zooming

in. By implementing mechanical zoom, the resolution will remain unchanged

after zooming into objects which means images taken of the centred object while

zoomed in will be of higher quality. It also could enable the camera to zoom out

much further, as our current setup is limited to the original image as it’s minimum

zoom. It may also enhance performance as better resolution images means smaller

features can be identified. Once mechanical zoom is implemented, it will mean

that the calibration algorithm needs to be adapted to provision for adaptive focal

lengths. This could mean calibrating the camera at each zoom level and switching

between intrinsic parameters as the camera zooms in. Alternatively, [62] present

a novel camera calibration method with which focal length of camera can be

variable.
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