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Abstract

Obstacle detection and avoidance for unmanned aerial vehicles (UAVs) is a challenging task,
requiring processing speed and accuracy. Although a number o f sensor solutions are available for
this task, optical sensors are particularly suited being cheap, light-weight and long range. Stereo
scopic systems with 2 cameras can be calibrated and used to perform localization o f detected fea
tures in 3D space, allowing a model o f the environment in front o f the UAV to be constructed.
Stereoscopic methods can, however, be computationally intensive and prone to mismatches
which further increases the computational burden o f a potential system.
This thesis proposes a new approach to horizon detection based on convolutional neural net
works (CNNs) and uses knowledge o f the sky, ground and horizon to simplify the search for po
tential obstacles to the horizon and sky region o f an image. An edge feature based approach fol
lowed by stereo correspondence is then applied to detect and triangulate the location o f potential
obstacles, producing a 3D model as the system output which can be used by an obstacle avoid
ance algorithm to navigate the UAV.
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1 Introduction
1.1

Overview

The research in this thesis is aimed towards the GeoSurv II Unmanned Aerial Vehicle (UAV)
project at Carleton University. This project is a collaboration with Sander Geophysics Limited
(SGL) and aims to develop a fully autonomous terrain following UAV to carry out high resolu
tion geomagnetic surveying. In order to be able to accomplish this task autonomously, onboard
avionics must be able to process information on the surrounding environment and decide wheth
er deviation from a pre-programmed flight plan is necessary; for example if an incoming obstacle
is detected.
The task o f accurately and repeatedly locating an object in a video sequence is an easy task for
human observers but is generally difficult in the field of machine vision. It also represents only
part of the problem, since detection o f an obstacle does not provide knowledge o f the obstacles
3D coordinates; detection itself is complicated by weather, cloud cover and variations in lighting.
In the case o f estimating object location, active sensor approaches are possible, such as laser or
radar, as well as passive sensor approaches using a stereoscopic pair of cameras. Cameras are an
attractive solution due to their compactness, relatively wide field of view in comparison to laser
based solutions as well as their detection range compared to sonar based solutions.
In deploying a stereoscopic pair of cameras, features must be detected in order to triangulate
depth information. Since the target platform is a UAV, it is clear in advance that a significant
portion o f the scene visible in the cameras will be sky. As the aircraft increases in altitude, this
distinction will grow and in the process reduce the potential classes o f obstacle which may be
encountered. As such the region of interest for detection can be reduced to the horizon, in order
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to encompass tall objects and the sky region above the horizon in order to focus on any moving
objects. The first step in performing detection in these regions is to first extract them, using
knowledge of their location to focus the computations of the obstacle detection and triangulation
stages.
1.2

Problem Statement

This thesis focuses on obtaining an accurate estimate of the horizon and sky region o f the image,
performing obstacle detection and finally stereoscopic range estimation of detected obstacles.
Regions o f depth corresponding to obstacles are then further aggregated based on their proximity
and range and used to construct bounding regions in 3D to represent each potential obstacle.
Bounding regions are then passed to the obstacle avoidance processing stage, where they are fur
ther aggregated and used to compute the aircraft flight path.
1.3

Thesis Contributions

The contributions of this thesis are:
• The construction o f a ground truth, flight captured, image dataset for evaluating the per
formance o f potential horizon detection algorithms.
• Proposing a new approach to performing sky, ground and horizon boundary detection at a
high rate o f accuracy. The approach involves using convolutional neural networks (the
first application of these networks to this task) to automatically learn spatial feature ex
tractors for finding the sky and ground.
• Proposing and evaluating an above the horizon obstacle detection pipeline based on edge
detection and stereoscopic vision which allows detected objects to be localized and
mapped in 3D.

1.4

Thesis Outline

The chapters of this thesis are arranged as follows:
•

Chapter 2: Provides an introduction to unmanned aerial vehicles (UAVs followed by a
review o f horizon detection, obstacle detection and stereoscopic vision in the context of
UAVs. An obstacle detection processing pipeline is introduced which uses horizon detec
tion as a starting point, in order to detect and map potential obstacles using a stereoscopic
pair of cameras.

•

Chapter 3: Proposes using Convolutional Neural Networks (CNNs) in order to perform
accurate horizon detection as a first stage to obstacle detection.

•

Chapter 4: Proposes an obstacle detection processing pipeline which uses stereoscopic vi
sion in order to detect and map in 3D potential obstacles at or above the horizon line

•

Chapter 5: Provides conclusions in regards to the concepts presented in the thesis and
suggests recommendations for future research.
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2 Background
2.1

Low Flying Unmanned Aerial Vehicles for Geophysical Surveying

UAVs constitute a wide area o f research including geophysical surveying [1], environmental [2]
and forest fire monitoring [3], border patrol [4] and numerous military applications. Their de
ployment is a result o f their attractiveness in terms o f low costs relative to manned aircraft [5],
due to their automation and smaller scale compared to conventional aircraft, and especially, in
the case o f potentially dangerous applications, by reducing the exposure o f pilots to dangers. The
level o f automation utilized by a UAV can vary by application but falls in a spectrum between an
aircraft which is completely unmanned and flies with no supervision between takeoff and land
ing, or, an aircraft which may be remotely piloted by ground control personnel. In the case o f a
self-operating UAV, autonomy software must be present to administer a preset flight path, ensur
ing that any unexpected obstacles be detected and avoided while continuing operations to com
plete the preset mission.
2.1.1

GeoSurv II

The GeoSurv II, shown in Figure 1 below, is a UAV designed, constructed and maintained by
the Carleton UAV undergraduate project in collaboration with Sander Geophysics Limited
(SGL), an Ottawa-based geophysics company. The primary goal of the aircraft is geophysical
survey missions; however the aircraft has been designed to be modular in order to allow for other
potential mission scenarios. In particular, the GeoSurv is designed to be able to accommodate
extra payloads in addition to its own onboard avionics systems [6]. These payloads are limited to
16 lbs. and 8.3 in , and can include magnetometers, cameras and processing hardware in order to
augment or integrate with the existing avionics. The GeoSurv fuselage is 11.8 inches wide, 43
15

inches long and 15.3 inches high with a wingspan of 193 inches (4.9 meters). In addition, the air
craft is specified to be able to provide a minimum o f 75 W at 28 V DC to both the onboard avion
ics and to any aircraft payloads. This should allow for more complex processing hardware, for
example an x86 based system with an integrated GPU which could support both the obstacle de
tection and obstacle avoidance processing requirements.

Figure 1 - GeoSurv II UAV Prototype

The operational envelope o f the GeoSurv for speed is 60 to 100 knots (30 - 51.4 m/s) while the
operational altitude is between 10 and 8000 meters [7]; a mandated system requirement o f the
GeoSurv is that it have a laser altimeter to assess altitude above ground level (AGL). A previous
flight test using a helicopter with a towed simulated unmanned aerial system (sUAV) was flown
at heights of 50m, 100m, 150m and 200m where 50m represents a typical height which is ex
pected to be flown, and which should provide enough resolution for the recorded magnetic field
strength [8]. Typical images o f encountered terrain during the 50m AGL flight are shown in Fig
ure 2. At these heights potential obstacles could include silos, telecommunication and power
towers, industrial chimneys and tall trees. The GeoSurv is not expected to fly in cluttered envi
ronments, such as urban areas with a number of buildings.
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Figure 2 - Sample images from a geophysical flight of an sUAS (courtesy of SGL)
2.1.2

Telemaster Automatic Test Bed (ATB 10)

The Telemaster aircraft, shown in Figure 3 below, is an aircraft which serves as a test bed for
new avionics and basic payloads such as cameras. The Telemaster contains an airspeed sensor
and has a calibrated MicroPilot MP2028g autopilot which has recently flown autonomously with
no RC operator intervention. The aircraft has been tested up to speeds of 30-40 knots and alti
tudes of up to 200ft. These limitations have mainly been imposed for safety, ensuring that the
aircraft can be recovered in the event of an unusual attitude as well as making sure it stays in
communication range. Most flight videos used in this thesis were gathered using cameras mount
ed to the wings o f this aircraft, the specifications o f which are detailed in Section 4.1.
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Figure 3 - The Telemaster (ATB10) aircraft with mounted stereo cameras

2.2

Autonomous O bstacle Detection and Avoidance

The GeoSurv II UAV has been created with the goal of performing autonomous geophysical sur
veying. To accomplish this task an autopilot with a number of sensors is to be deployed on the
aircraft; one o f these sensors is 2 forward facing cameras performing stereoscopic vision. In or
der to allow the aircraft to navigate successfully, the camera system must be able to perform de
tection and localization of obstacles, producing an output usable for the navigation and obstacle
avoidance system guiding the aircraft. In this section we review common solutions to the prob
lem o f obstacle detection, including alternative sensors or camera configurations compared to
our stereoscopic approach. We then summarize the type o f output generated by our system and
finish with a brief description of the obstacle avoidance portion o f the processing pipeline and
how the information from obstacle detection is utilized.
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2.2.1

Obstacle Detection

In order for a UAV to perform autonomous obstacle detection and avoidance, some kind o f ac
tive or passive sensing technology needs to be used. For this thesis the assumption is that the de
tection is performed using a stereoscopic pair of cameras mounted on the UAV. Stereoscopic
based solutions to obstacle detection and avoidance are available in the literature, demonstrating
that this approach is feasible for rotorcrafit UAVs, miniature unmanned aerial vehicles (MAVs)
as well as more general purpose, large scale, UAVs. In [9] Moore et al. describe the construction
o f a stereo vision based detection system which remaps the problem into a new cylindrical coor
dinate system to ease the computational burden o f correspondence matching. Although the depth
estimation performed is for every image pixel their system requires a specially constructed camera-mirror system in order to perform stereo correspondence. In [10], Achtelik et al. use FAST
(Features from Accelerated Segment Test) features for stereo correspondence. FAST is a com er
detection method similar to SIFT (Scale Invariant Feature Transform), Difference o f Gaussians
(DoG) or Harris comers, with the added advantage of having a faster run-time than the men
tioned methods. The authors perform frame to frame feature tracking for each camera, using a
pyramidal implementation o f the Lucas-Kanade optical flow algorithm, as well as computing the
stereo correspondence o f features between both cameras. The end result is an MAV which is ca
pable o f sparse motion and depth estimation.
Solutions using off-the-shelf stereo systems, augmented by further post-processing, have also
been investigated such as those in [11] and [12]. By construction these systems typically provide
a dense depth map. In [11] Byrne et al. describe a segmentation based augmentation to the offthe-shelf Acadia I stereo vision processor. Their approach focuses strictly on below the horizon
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detection and augments the stereo processor output with an additional global segmentation tech
nique based on minimum graph cuts. The segmentation step refines the range estimates produced
by the stereo vision processor in order to obtain a more accurate depth estimate. In [12], Hrabar
used an off the shelf camera system with Stereo-On-A-Chip (STOC) technology for generating
and updating a 3D occupancy grid of potential obstacles. Their investigation was limited to in
door, short range tests and focused mainly on evaluating their occupancy grid concept assuming
an accurate disparity map as a starting point.
In the case where a stereoscopic pair of cameras is not feasible, such as for MAVs, monocular
cameras have also been used both for obstacle detection [14] and also for computing depth from
motion [14], [13], [16]. Depth from motion computes depth by tracking image feature points be
tween successive image frames and inferring the 3D motion of the features based on their
movement across an image. Since a-priori scene structure is typically not known, it is difficult to
optimize the feature tracking processing. In addition, rapid changes to aircraft attitude, for exam
ple when preparing for or in the middle of an avoidance scenario, can introduce errors into fea
ture tracking results [13].
When feature extraction is sparse, aggregation becomes necessary and can be performed using
clustering techniques to obtain a denser estimate of objects or surfaces. Finally, in cases where
feature tracking is not an option feature density distribution (FDD) is another approach to obsta
cle detection which estimates the time to collision for detected image features, such as edges, by
looking at the rate o f expansion in the image plane of the features [17]. Although the results pre
sented by the authors in [17] evaluate the approach in a real scenario, their formulation assumes
only a single obstacle in the field o f view and straight aircraft trajectory with no changes in air
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craft attitude, the occurrence of which the authors acknowledge could severely degrade estima
tion results.
A combination of optical flow and stereoscopic vision, referred to as stereo-flow, has also been
found to be useful in the navigation o f urban canyons by a rotorcraft UAV [18]. There Hrabar et
al. use sideways looking cameras for flow computations, generating turn commands to steer the
UAV away from the side with the greatest recorded flow. On the other hand the stereo portion
used an off-the-shelf solution which took care o f camera calibration and rectification, providing a
real-time depth map for the forward motion obstacle detection.
Alternatively, active range sensors are also available and include laser, radar or sonar based solu
tions. For UAV applications, laser based solutions typically break down into laser rangefinders
and laser scanners. Laser rangefinders are focused, returning a single range estimate in a single
direction [19] [20]. In order to obtain a sweep however, special pan/tilt rigs need to be construct
ed [21]. Nonetheless, the range capabilities of these devices are impressive returning distance
measurements of up to 400m. As alternative solutions to laser ragers, laser scanners can provide
a wide field of view although it is typically still limited to a scanning plane. These solutions can
even be lighter than traditional off-the-shelf STOC solutions, however for smaller laser sensors
the maximum distance is quite limited; generally around 50m [22]. The advantage o f laser sys
tems over stereo camera systems is that accuracy typically does not vary much with range. Cus
tom 3D laser radar scanner solutions with non-horizontal FOV’s have also been tested on small
rotor UAVs, being able to detect power lines at a distance of 150m [23]. Doppler radar systems
have also been tested for feasibility in obstacle avoidance on a UAV [24], and although the mass
of the radar unit (300g) and power consumption (<5W) was low, the range o f the device was lim
ited to 10-15m with an operational rate of 10Hz.
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2.2.2

Obstacle Detection Pipeline

The overall processing pipeline for obstacle detection and 3D mapping is shown in Figure 4. The
pipeline takes as input a stereoscopic pair of images and produces as output bounding boxes in
3D space representing detected obstacles. The bounding boxes contain groups o f pixels found in
close proximity containing similar depth. During this process the network performs segmentation
o f the image into 2 regions, one above the horizon and the other below, within the sky and hori
zon mask processing block; the details of this block are outlined in Section 3. As a result of this
stage processing is focused on the region at and above the horizon; we rely on the unique proper
ties of this region (compared to below the horizon) for this thesis. The subsequent stage o f fea
ture extraction extracts potential obstacle locations passing the processed images, with only re
gions of interest retained, to the rectification block which performs a mathematical manipulation
of the images to prepare it for stereoscopic correspondence. The disparity map resulting from
stereo correspondence is post-processed for noise removal, followed by a mapping step which
projects feature points into 3D space as aggregated regions based on spatial proximity.
Since we expect to perform surveys during the daytime in favorable conditions, one of the as
sumptions is that we expect potential obstacles to have relatively high contrast to the surrounding
sky region. This is a justified assumption since this would need to be satisfied to some extent in
order to perform any feature extraction. The process can still be complicated with cloud cover,
however we mitigate these effects by performing consistency checks in our range computations.
Although the assumption made in this thesis is that potential obstacles will be found at the hori
zon boundary or above it, it must be acknowledged that in certain scenarios (for example during
landing or descent), obstacles may appear below the horizon and still pose a threat to the UAV.
These scenarios are currently under consideration and will be addressed in the future as part o f a
22

systems integration step. This step will combine several obstacle detection algorithms which, as
a whole, will perform obstacle detection over the entire field o f view.
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Figure 4 - Obstacle Detection and Mapping Pipeline

The obstacle avoidance portion o f the processing pipeline is separate from the processing pipe
line given in Figure 4, using the computed 3D bounding regions as input. All bounding regions
are expanded or aggregated further based on requirements of minimum obstacle size in order to
be able to compute an avoidance trajectory. Thus while the proposed obstacle detection pipeline
does perform noise removal processing of depth information, it does not currently perform
bounding region aggregation.

2.3

Horizon Detection

Horizon detection can be a first processing step for a UAV vision based system, for example in
the case o f attitude estimation [27] or obstacle detection [32], In this thesis, horizon detection is
used as a first step in the process o f obstacle detection and as such the literature is reviewed in
this section to detail the current approaches and corresponding limitations.

23

2.3.1

Background

A number of approaches have been developed in the literature for performing horizon detection
using cameras mounted to varying forms of aircraft such as UAVs and MAVs. In the case o f
methods which focus on detecting the horizon boundary, we find a wide range o f approaches
which either make the assumption that the horizon boundary can be represented as a line as seen
in [27],[29],[32],[36] and [37] or specify the exact division between the sky and ground as seen
in [25] and [33], For example in the case where the horizon is flat the former methods are suffi
cient, however when faced with highly varying terrain (at low altitudes) the latter methods are
more appropriate. Generally, and in particular for this thesis as well, ground is referred to as any
thing which is below the sky region o f the image including water, hills, trees and artificial ob
jects. For methods which assume the horizon can be represented as a line, we predominantly see
the Hough Transform [38] as a feature extraction technique, specifically in [25],[27],[29],[32]
which is used in conjunction with a separate processing step such as edge detection
[25],[29],[32],[36]. The straight line horizon boundary assumption is valid for a specific range of
altitudes. When altitude is too high the curve o f the earth will produce a curved horizon line.
When the altitude is too low, especially in the case o f a terrain following aircraft, obstacles and
hills can also produce a horizon which is not a straight line.
Machine learning has also been applied as a preliminary step in horizon boundary detection. In
[32] McGee et al. used a support vector machine (SVM) along with edge detection and the
Hough Transform on a video sequence taken from onboard a low flying aircraft; the Hough
Transform is applied to detected edges in order to find the longest, or most dominant, edge. The
feature inputs classified by the network were raw pixel values in the YUV color space after
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smoothing with a Gaussian filter. The classified image was further processed using dilation and
erosion operators followed by edge detection. The edge map then underwent a voting process
and minimization o f a cost function to find the single dominant line appearing in the image
which was selected as the horizon line. Although the authors were not checking the pixel-wise
classification accuracy of the SVM, as they were interested in the horizon line, they report that
the correct horizon line was found in 90% of frames with difficulty observed in cases where il
lumination changes occur such as when the aircraft changes pitch angle. In [34], Boroujeni et al.
used segmentation to detect the presence o f a light field in order to detect the horizon. The au
thors investigated 2 clustering approaches to do this, namely intensity based and k-means cluster
ing of the color information in the image. Detected clusters were checked in order to determine
whether they span from one end o f the image to the other, with the thinnest cluster selected as
the winner. Their approach rests on the assumption that a valid light field is present for all imag
es during flight for example with cloud cover, camera exposure adjustment and illumination
changes. Further to this the horizon is assumed to span from a particular side o f the image to an
other, although depending on the current maneuver being performed this may not be the case.
This is especially apparent in cases where only sky or ground is visible, which could produce
very erroneous results.
In contrast to the approach which focuses on finding only the horizon boundary, methods which
classify all pixels as belonging to either sky or ground can also be found [26],[28],[30],[31],[32],
[34],[35]. These approaches don’t make any simplifying assumptions on flight altitude or hori
zon shape. The result is a kind of “sky-mask” which allows one to selectively pick the sky or
ground regions from the original input image. An example is shown in Figure 5 below with the
corresponding input image.
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Figure 5 - RGB image with corresponding sky-mask image

Generating a sky-mask involves classifying image pixels and typically relies on machine learn
ing techniques to generalize the difference between sky and ground pixels
[28],[30],[32],[34],[35], allowing a classification to be made, however hand-crafted techniques
can also be found [26][31]. Classification of pixels typically breaks down to either using pixel
intensities for features or a number of statistics computed around a neighborhood o f each pixel or
a combination of both. In [31], Minwalla et al. classify pixels into sky and ground based on the
weighted contribution o f a number of parameters in a small 11x 11 area around each image pixel.
These parameters included min, max, mean, smoothness and a number of Gabor filters [39] at
select orientations. Each parameter was then fit with 2 Gaussians, one for sky and one for
ground, with thresholds selected to separate both distributions across all parameters. Although
the authors mention that their Gaussian assumption held for tested images, this may not be the
case in general with scene illumination changes or varying aircraft maneuvers. The weight con
tribution of each filter was hand tuned, which could present a problem in large and diverse da
tasets.
In the case where machine learning methods are applied for learning the classification o f sky and
ground we see a number of potential solutions. In [28] Shinzato et al. use artificial neural net26

works (ANNs) to perform sky and road detection. They divided an input image into a grid o f
smaller images, constructing a feature vector for each sub-image using metrics such as mean,
entropy, variance and energy. These metrics were computed in varying subsets o f channels from
the RGB, HSV and YUV color spaces. An ensemble of 4 multi-layered perceptron networks was
then trained using the known label of sky and road for all sub-images in the image training set.
This approach has the drawback that when sub-images contain the horizon line the expected out
put of a network is unclear. It does however avoid a common problem with simple multi-layered
perceptron networks which is their lack o f invariance to input changes. In [34] de Croon et al.
considered sky segmentation for obstacle detection, using a decision tree with a number of input
features; these were a number of statistics such as mean, variance and entropy computed over
image patches centered at all pixels. As the authors were trying to evaluate the best features, they
investigated subsets o f all possible features. They favored smaller decision trees in an attempt to
leam better generalizations. Decision trees have the added benefit o f being easy to read once
trained, allowing one to see exactly what the network is basing its decisions on. In addition not
all features are necessarily used to perform the final classification and only features on the evalu
ation path through the tree need to be computed for an input image, saving computational cost.
The work in [34], particularly the features which were used, were based in part on the work o f
Fefilatyev et al. in [30] who compared the relative performance o f support vector machines
(S VMs), decision trees and Naive Bayes classifiers for sky-mask detection. Unfortunately this
evaluation was small with only 2 groups of 10 images with the ground portion o f all images con
sisting o f water, making it difficult to infer generalizations o f the performance o f the tested clas
sifiers. The first group was similar images, taken with the same camera at the same time o f day
but with varying amounts of sky visible while the second group was a more diverse and harder
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set of images in varying lighting conditions. Performance on the easy dataset was noticeably
higher, 98.19% classification accuracy for the best classifier (SVM), than for the hard dataset
where the best average performance fell to 92.7% accuracy (again the SVM classifier). Another
approach, proposed by Todorovic et al. in [35], uses the Complex Wavelet Transform (CWT) as
a feature extractor with a Hidden Markov Tree (HMT) to represent the underlying statistical
models over the feature space. Their approach relies on color and texture in the scene, specifical
ly hue and intensity for color and the CWT for texture. Unfortunately their evaluation is quite
short producing example outputs o f only 3 images.
The above mentioned methods can be broken down into 2 different classifications. For this thesis
we refer to the 2 approaches as horizon-mask and sky-mask based methods. Horizon-mask
methods are seen to focus specifically on the dividing region between the sky and the ground. If,
image column by image column, we place a single mark at the lowest sky pixel seen in the corre
sponding column the result will give us the horizon boundary. Certain columns may not contain
any sky pixels which we leave blank or may contain only sky pixels which we also leave blank.
The traced boundary can vary drastically in shape, may be missing in the case o f extreme aircraft
attitudes, or may be the special case o f a straight line (a horizon line). To justify the name hori
zon-mask however, we consider the more general case of placing one or more marker pixels per
column in the region of the horizon, an example of which is shown in Figure 6 below. The transi
tion between sky and ground, or horizon boundary, is inside the mask area and in the case where
the horizon-mask is 1 pixel thick is just the horizon boundary. The alternative, or sky-mask,
methods instead mark all sky pixels with a particular color and ground pixels o f a different color.
An example of an input image and its corresponding sky-mask was shown earlier in Figure 5.
Knowledge of the individual regions allows one to selectively mask the desired regions o f each
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image; for example in the case where one wants to focus on the sky portion o f the image for ob
stacle detection. The distinction o f a horizon-mask is necessary in this thesis for the purposes of
training a neural network, which requires sufficient width in the target output horizon boundary
in order to be trainable to generate the same output.

Figure 6 - Example of an RGB image and the corresponding 36 pixel high horizon-mask (18 pix
els at and above and 18 pixels below the horizon boundary)

As mentioned, for horizon-mask based approaches, we find several rely on edge detection to nar
row the horizon location in the image and require further post processing. This is a direct result
of the general nature o f the corresponding edge detectors which simply find vertical or horizontal
edges. If instead one were to sacrifice the generality o f the basic edge detectors and devise spe
cialized spatial filters suited for detecting only the horizon line, the amount o f post-processing
required should decrease. However it is desired for automatic learning of specialized filters based
on example images since handcrafting them would be a challenge; the expectation may be that
such filters should still end up resembling simple edge detectors. As mentioned traditional learn
ing methods for this task use either image pixels or metrics computed over image windows,
however these methods simply perform classification. In order to learn general, shift and rotation
invariant filters, we instead apply Convolutional Neural Networks (CNNs) for this task since
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they are particularly suited for supervised learning of spatial filters by construction. We apply the
same reasoning to the task o f learning to produce sky-mask images, by training CNNs to leam to
classify whether particular pixels are sky or ground.
2.3.2

Support Vector Machines

For this thesis, Support Vector Machines (SVMs) are used as the main competing learning model
to CNNs for sky-mask generation. Existing work using SVMs for sky-mask generation is very
sparse, with the work in [30] being the only example; the work there was restricted to only a
handful o f training images but showed that SVMs, on average, outperform decision trees or na
ive Bayes classifiers for the task. In addition, the large majority o f literature focusing on skymask generation use machine learning methods and because SVMs are a state-of-the-art classifi
cation tool with a wide variety of additional, and very successful, applications including hand
written digit recognition [40][42], object recognition [43] and face detection [44]. In addition,
highly optimized toolsets in a number of different languages are available to train SVMs
[45][46]; the evaluation for this thesis was carried out using the MATLAB 2012b SVM imple
mentation for simplicity.
Support Vector Machines are a supervised learning model particularly suited for binary classifi
cation. This suitability comes from their mathematical formulation, which casts the problem o f
separating a training dataset, which consists of positive and negative examples, into an optimiza
tion problem. The optimization problem focuses on constructing the maximum separating hyper
plane between the positive and negative examples in the training dataset, which can be con
structed through a linear combination o f the training examples closest to the separating hyper
plane; these training points are called support vectors.
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The optimization process of finding the maximum margin hyper-plane can be carried out using
quadratic programming (QP) [47] or Sequential Minimal Optimization (SMO) [48]. Extensions
to the basic linear SVM include the soft-margin SVM which allows for some amount o f violation
o f the support boundary [40] as well as the kernel-trick [41] which maps the original feature
space into a higher, and possibly infinite, dimensional space and performs the maximum margin
separation there. The kemel-trick can be applied using any viable kernel function, including pol
ynomial and radial basis kernels. An important consequence o f SVMs is that the expected value
of the “out of sample error” (data points outside of the training set) is bounded by the expected
value o f the number of support vectors (determined by performing leave one out training) and
the size o f the training dataset.
In order to classify pixels in an image as either sky or non-sky using an SVM, a number o f fea
tures need to be extracted for each original pixel. The features used for experiments were those
described in [30], which included the intensities of each pixel in the input image (for all color
channels), as well as the mean, standard deviation, smoothness, third moment, uniformity and
entropy o f a small window around each pixel also computed for each channel. These measures
ensure that 21 features are used for 3 channel images and 7 features for grayscale.
2.4

Convolutional Neural Networks

Convolutional Neural Networks are a biologically inspired variant o f multi-layered perceptron
networks (MLP’s), specialized for image processing [49]. First popularized by LeCun et al. in
[49] they’re similar to other hierarchical feature extraction methods such as the Neocognitron
[50] and HMAX [51][52], These approaches vary in their network construction and initializa
tion; however they’re all reminiscent of the early work o f Hubei and Wiesel who pioneered the
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idea o f simple and complex cells through their work with the visual cortex o f a cat [53]. The
basic idea o f such architectures is to employ alternating layers o f simple and complex cells,
where simple cells are simple feature extractors and are followed by complex cells which locally
pool the results of simple cells. In performing the pooling operation, such architectures gain
some invariance to small distortions in the input pattern such as rotations and translations. M ov
ing deeper into such a network, we find higher level representations of the original input which
then allow us to make some kind of classification of the input pattern.
CNNs also follow a similar architectural pattern; however feature extractor learning is done au
tomatically either through supervised or unsupervised learning methods. They have been applied
to achieve state-of-the-art performance in a multitude of tasks including handwriting recognition
[54] and face detection [59]. The structure of a typical CNN is shown in Figure 7. They consist
o f alternating layers of convolutional and pooling followed by an output classification layer.
Each type of layer contains several feature maps, or groups of neurons, in a rectangular configu
ration. The neurons in a particular feature map each apply small receptive fields to regions in
feature maps in the previous layer based on their position in their feature map as shown in Figure
8. The receptive field itself is simply a number of weighted connections as shown in Figure 9,
that is, each connecting edge has a weight. The group of weights applied by a neuron is called a
weight kernel. A distinguishing property o f these networks is that all neurons in a feature map
share the same weight kernel. The idea behind this configuration is that a spatial feature detector
should be useful across an entire image, instead o f just at a particular location; for example a ver
tical edge detector. The convolutional layers in the network perform the majority o f processing
in these networks, with the feature maps in the pooling layers simply down-sampling their corre
sponding feature map in the convolutional layer.
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Figure 7 - A 5 layer + input CNN for horizon detection
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Figure 8 - Example o f neurons at a layer applying local receptive fields to neurons in an up
stream layer
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Figure 9 - Connection based representation o f the previous figure, highlighting the receptive
field connections for a single neuron
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Equation 1

Bp e B Lk (m, n, i , j )EBp

The convolution operation in a CNN can be written as shown in Equation 1. There we have a ^ fcn
as the activation o f the neuron at spatial coordinate (m,n) in feature map k in layer L. If we take
BL,k to be the set o f receptive fields o f the k-th feature map in the L-th layer and let Bp be the p-th
receptive field (that is, at the p-th feature map) at layer L -l where the elements o f Bp are 4-tuples
which specify the coordinate of each connection at the previous layer (m,n) and the correspond
ing coordinate of the connection within the receptive field (i j). We then compute a weighted
sum o f the activations (from the previous layer) in the receptive field, add a trainable bias and
pass the result through a non-linearity. Note that for adjacent neurons at layer L and feature map
k, the corresponding receptive fields are also adjacent, simply shifted over by one unit.
Two popular pooling approaches are max-pooling and sub-sampling. The max-pooling operation
is implemented in its own layer, with every feature map at the max-pooling layer assigned to a
single feature map in the previous layer. The max-pooling operation simply selects the maximum
activation in the receptive field of a particular neuron such that the neuron in the max-pooling
layer produces the corresponding activation. The operation can be written as:

ap!q —

Equation 2

Here the notation is the same as given previously for convolution, however u(i,j) is the weighing
window function that multiplies the activation o f the corresponding neuron in the receptive field.
Pooling windows can be o f any size and can be either overlapping or not. Furthermore the win
dow function u(i,j) does not have to be rectangular and can be more complicated such as a
Gaussian. Experimentally, the max-pooling operation has been shown to outperform the sub
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sampling operation on real-world datasets [61][62], however pooling operations other than the
simple rectangular function as well as overlapping receptive fields have been shown to decrease
overall performance.
The subsampling operation is also a pooling operation which averages the activations o f the neu
rons in its receptive field using the relationship in Equation 3 below. The definition o f activation
variables, receptive field B and indeces (m,n) are the same as for max-pooling however now a
trainable weight Wk and trainable bias bk are shared by all neurons within the particular feature
map. The weight multiplies the accumulated activation adds a bias and passes it through some
nonlinearity. The receptive fields in a subsample layer are non-overlapping, which has the effect
of down-sampling an image by the dimension o f the receptive field.

tanh(w fc ^
Cm , n ) € B

Equation 3

Although sub-sampling layers have a one to one correspondence with feature maps in a previous
layer it is also possible to integrate the convolution and subsampling operation together. When a
convolution is performed by a neuron, if the adjacent neuron applies a receptive field which is
shifted by more than 1 unit, for example 2 units, then the resulting feature map is effectively half
the size o f that in the previous layer. This architecture has been investigated in the literature and
has shown comparable performance to traditional convolutional and subsampling CNNs [54] for
handwriting recognition.
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2.4.1

Training

Due to their similarity to Multi-Layered Perceptron (MLP) networks, CNNs can be trained with
gradient descent using a small modification to the standard back-propagation (BP) algorithm
[49] [60]. In order to evaluate the network error for an input pattern and be able to perform BP we
use the mean squared error (MSE) measure. Although other metrics are possible [54] we use
MSE for its simplicity. For a vector o f network weights w, let J(w) be the network MSE.
e

k=1

Equation 4

Here we assume w 6 Ru where u is the total number o f network weights and biases. For training
pattern (xm , tm) where xm E Rqis the m-th input pattern and t m E Re is the corresponding tar
get output pattern which we expect the network to produce due to x m and q and e are the number
of input features and network outputs respectively. For a given x m and weight vector w the net
work will produce an output z m E Re .
It is important to note that w e’re computing J(w) for a single input pattern which is known as
stochastic back-propagation. This is because a training pattern is selected at random without re
placement from the training set and is back-propagated with the network weights also updated;
one epoch is the random selection and back-propagation of all patterns. It is also possible to
compute the average, or batch, gradient in the network by randomly selecting a small group o f
training patterns and computing an average gradient. This has the effect of producing a lessnoisy measure o f the gradient than stochastic back-propagation, however the cost is more com
putation. In choosing batch optimization o f the network, we could select more efficient methods
than simple gradient descent such as conjugate gradient or quasi-Newton methods. However, in
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the case where there are redundancies or duplication in a dataset, stochastic gradient descent has
been shown to be efficient in training neural networks [49][55].
For gradient descent we need to compute the gradient o f the network error with respect to the
network weights. This gives us the direction o f maximum increase in the network weights which
can be written as:
fi I
Aw = —77---dw

Equation 5

and used to update the current weight vector w to form a new vector w ’ as:
w' = w + Aw

Equation 6

We take the negativeo f the gradient since we wish to update our weights in the direction of max
imum decrease and multiply by a small learning rate rj which helps to scale the size of the
change in the network weights. This is an important parameter in controlling the performance of
gradient descent, the selection of which will be discussed shortly. In order to compute the gradi
ent efficiently we can use the standard BP algorithm with a small modification for CNNs.
dj
dj dzk dnetk
■z------- = - — -z— -—r----OWkj
d%k dtlGtfc OWkj

Equation 7

Here the gradient descent equation has been expanded using the chain rule for neuron k at layer
L and neuron j at layer L -l, with weight w kj between them, the output of neuron k as z k and net
activation as n e t k. We can further expand these equations using the following definitions, where
/ ( n e t fc) is the activation function for all network neurons:
H

z k = f ( n e t k)

Equation 8

netk =

w kjZj

Equation 9

7=i
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Equation 10

Equation 11

These equations simplify Equation 7 to:
dj

d]

d w kJ

dzh

f ' ( n e t k)Zj

Equation 12

At the output layer, taking the derivative o f the MSE equation gives:

dj
—
azk

-

=

—

( t k —z k )

Equation 13

This with the simplified form of Equation 12 gives a simple expression for computing the weight
deltas o f the fan-in connection to the neurons at the output layer. We can further write an expres
sion for the sensitivity o f each output neuron k to be:

dJ
dnetk

= ( tfc —z k~)f ( n e tfc)

Equation 14

The sensitivities o f each neuron at a particular layer in the network is the information which is
actually “back propagated” through the network to the upstream neurons. Knowing the sensitivi
ty o f a neuron at layer L and the output of a particular neuron at layer L-l (assuming a sigmoid
or hyperbolic tangent activation function) allows one to compute the weights update for the cor
responding connection. Finally, for neuron j at layer L-l (upstream from the output layer) and
neuron i at layer L-2, we have:
d]
d j dzj dnetj
■z
= - —- — ——------------------owj i
dzj dnetj owj i

where the f Z) dJietj term is computed as before but -p- becomes:
dnetj o wj i

r

dzj

Equation 15

(fk - Zk)f'(netk)wkJ = ^ 8kwkJ
k=1
k=l

Equation 16

Where the sensitivity of an upstream neuron, 5j, can be written as:

g _ dJ d z j
dzj dnet j

^ ^ W

k j

I /'( n e t ,)

Equation 17

k=1

And so these equations allow us to compute weight updates for the output layer and any interior
network layer simply with information from a forward pass through the network for a pattern, a
target output and the sensitivities o f the network which are computed in the upstream direction.
The update to the network bias is computed in a similar manner and is simply the sensitivity o f a
particular neuron.
In the case o f CNNs the modification to this algorithm is small and simply relies on the observa
tion that all neurons in a feature map share the same set o f weights, which means to compute the
update for a single weight we must sum the weight delta contribution over all neurons in a fea
ture map; it is the same for the bias.

Equation 18
(t,;)GSk

If we take a neuron at a feature map in layer L, then we have some number o f weights which we
can index as w k and we have the network gradient as shown in Equation 18. There Sk is the set
of indexed pairs o f neurons, denoted by index i for the upstream neuron and index j for the
downstream neuron, which share weight w k and u Lj represents the connection weight; indeed
we have w k = u t j V ( i , j ) E Sk. Thus the contribution to the gradient for a weight is summed

over all connections which use the weight. As mentioned the bias for a neuron is simply the sen
sitivity o f the neuron. Since the bias is shared across the neurons in a feature map, similar to the
weight modification for CNNs, the sensitivities o f all neurons can be summed to compute the
bias delta. Finally the sensitivity o f a neuron is back-propagated to all neurons in the upstream
layer which are in the downstream neurons receptive field. The back-propagation is done using
the corresponding weights for each connection.
Using the process summarized above we can train a CNN to learn feature extraction filters in a
supervised fashion. The outstanding question is how to compute the learning rate rj. In a naive
implementation, we choose a starting value for rj and reduce it incrementally as we train. This
can cause problems in cases such as descending into a basin where we may “jum p out” if the
learning rate is too high or along a smoothly sloped surface where w e’d like to take large steps to
make sure convergence does not take too long. A constant learning rate also assumes that the
contribution o f each weight to the network gradient is equal. This is not necessarily justified
since the error function may deform differently in different directions in the weight space. In or
der to improve performance we can use information in addition to the gradient, such as
knowledge of the curvature o f the error surface known as second-order information, to speed up
convergence.
A simple way to estimate second-order information with minimal computation is to use momen
tum [56]. More computationally intensive measures to compute the optimal learning rates also
exist. Arguably the most popular o f these is the Levenberg-Marquardt algorithm and its many
variants [56]. The main idea behind the Levenberg-Marquardt method is to perform a quadratic
approximation o f the error surface of a function in a local neighborhood of the error surface [57].
In doing so the weight update for a network becomes
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W1 = W - H ~ 1VJ

Equation 19

and can be further written, as in the Levenberg algorithm, as:
w' = w — (H +

Equation 20

or in the more complicated form, as in the Levenberg-Marquardt algorithm, as:
w' = w — (// + ^ d i a g ( //) ) - 1V/

Equation 21

where the matrix H is the Hessian matrix of second derivatives o f the network error with respect
to the weights, I is the identity matrix and diag(H) is a diagonal matrix consisting o f the diago
nals of the Hessian matrix. By adjusting the size of the trust region (ju) a tradeoff can be made
between regular back-propagation (large fj.) and the Hessian or Gauss-Newton approximation
(small fi). As we can see from Equation 19, computing the optimal learning rates in the network
requires the computation of the Hessian matrix. Although this can be done in practice, it can be
beneficial to approximate the Hessian matrix, H, using the product o f Jacobian matrices, J, of
first derivatives o f the network error with respect to the network weights; this gives the so called
Gauss-Newton approximation which can be expressed as H ~ ] r].
Algorithms exist to efficiently compute the second-order derivatives in a neural network using
back-propagation [55]. Ideally, the Hessian and Jacobian matrices are computed over all training
points in the dataset whenever it is required during training. However [49] makes an approxima
tion where only a random subset o f the total training set is used for computation, and only at the
onset o f a particular training epoch. This is a reasonable assumption if the second-order proper
ties o f the error surface change slowly and simply needs to be confirmed by experimentation. In
our application, since we are facing potentially large networks with large image datasets this ap
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proximation seems justified. The network gradient J in Equation 4 can then be modified to give
the following equation for the second derivative of the gradient with respect to weight wy:

1v

d 2J

d 2] p
-y
P Z - 1 duf j
p=l
l'J

duf j
l’J

Equation 22

where we now have an average MSE over a number o f randomly selected patterns P with Jp the
error for a particular pattern p and uy is taken as before to be the weight for a particular connec
tion from neuron i at layer L to neuron j at layer L + l. Expanding the summation term in Equa
tion 22 using Equation 18 gives Equation 23, where the second derivative with respect to the net
activation can be simplified to give Equation 24:
2
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Equation 23
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If we neglect the off diagonal elements of the Hessian, Equation 24 simplifies to Equation 25 as
follows
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Equation 25
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This simplifies the computation o f the network learning rates significantly; however the second
term in Equation 25 can still be negative. This means at times we may be exploring “uphill” in
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stead o f “downhill”. The second term can also be dropped in order to get a valid, strictly positive,
approximation which happens to be the Gauss-Newton approximation to the Hessian matrix, al
beit with the diagonal terms neglected. This approach is attractive when considering computa
tional complexity, with the computation now very similar to the term for first order backpropagation in Equation 16. Having only diagonal Hessian terms also greatly simplifies the com
putation o f the inverse Hessian since the inverse of a diagonal matrix is simply another diagonal
matrix with inverted diagonal elements. We can then express the learning rate, given in Equation
5, for each weight in the network as follows:
A
Wk = -------;—
M + kk

Equation 26

The parameter fi is equivalent to the trust region parameter in the Levenberg-Marquardt algo
rithm. In our case this is simply a guard parameter which prevents the learning rate from becom
ing too large. The parameter A is a separate learning rate which must decrease based on some
schedule in order to dampen exploration of the parameter space as training progresses. The term
hkk is the Gauss-Newton diagonal approximation to the Hessian matrix and must be summed

over all connections which share the particular weight w

y

(with

Vk

the same as before):

Equation 27
(i , m v k

A back-propagation implementation can be tested for correctness by using symmetrical central
differences, which is a more accurate version o f the finite differences method. By perturbing
each weight in turn by some e where e «

1 we can approximate the derivative o f the error func

tion by using:
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dj

_ j ( w j ,k + e) - J ( w j k - 6)

dw jk

Equation 28

2e

The cost of this method is the computational steps required to perform the estimation. In the
case we have W weights and biases in the network; we must perform 2W or 0(W') forwardpropagations. This in turn needs to be completed for every single weight in the network which
means the overall complexity is 0 ( W 2).
2.4.2

Evaluation

As mentioned in the previous section MSE was used as the performance evaluation metric to
drive network training. However MSE is a difficult metric to use if one wishes to determine how
the network is performing in terms of classification since, in general, MSE does not necessarily
reflect the actual classification performance o f a network since it’s possible to have lower MSE
but have worse classification performance. Since we only have 2 possible classes (sky and
ground) for each pixel at the network output, we can use a confusion matrix to summarize net
work performance. If we consider sky pixels as belonging to the positive class and ground pixels
to be from the negative class our confusion matrix is as shown in Table 1. This allows us to ask
questions such as how accurately the network is classifying pixels overall? Or what percentage
of actual sky pixels we see show up as ground pixels (false negative rate)?

True Positive Count (TP)
False Negative Count (FN)
■MaiKset«B3riO]uinra«ii^S5Si<i®ii^B False Positive Count (FP)
True Negative Count (TN)
Table 1 - Confusion matrix for summarizing the classification results on a sky-mask output gen
erated by a network

Since neurons in the output layer o f a CNN are bounded (saturating) in their output between a
minimum and maximum value we must select an appropriate threshold to use in order to classify
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whether the particular neuron has detected ground or sky at its location. Since the activation
function for neurons in this thesis is the bipolar and symmetric hyperbolic tangent function we
can select any value in its output range as the threshold, choosing a sky label in cases where a
neuron generates activation greater than or equal to the threshold and ground otherwise. The spe
cial case o f selecting 0 for the threshold is defined as accuracy and represents the case where we
assign equal significance or cost to incorrect classifications. After selecting a threshold we can
tabulate a confusion matrix based on the classifications o f image pixels as sky or ground as gen
erated by a trained network. The confusion matrix can be accumulated for either a single image
or an entire training or test set.
In order to evaluate the training performance on horizon-mask networks, accuracy will be useless
since the horizon-mask will not necessarily be the horizon boundary; this was shown in Figure 6.
Therefore if noise resiliency is desirable, or as will be discussed to even allow the networks to
train successfully as horizon-mask detectors, a more specialized metric is necessary. To achieve
this, we evaluate how much o f the ground truth target horizon is captured by the generated out
put from a horizon-mask network. If the number o f pixels capturing the horizon boundary is N,
then applying the logical-AND between the output of a horizon-mask network and the target
output should produce a number o f pixels M. The ratio M/N then gives the classification success
rate and can be averaged over a training or test set.
2.5

Stereoscopic Vision

This section provides a background to stereo vision and outlines the approach taken in the re
mainder o f the thesis in order to process a stereo pair of images o f a scene, extract depth infor
mation to potential obstacles and to create a camera centered model of the obstacles in 3D which
can then be passed to an obstacle avoidance algorithm.
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2.5.1

Camera Model

The pinhole camera model, shown in Figure 10 below, is a model o f an idealized pinhole camera
used to simplifythe underlying mathematics. A pinhole camera assumes a small light permitting
aperture which allows rays to enter a camera and reach a retinal plane while allowing corre
spondence between object and image points to be retained. By using a pinhole camera model,
simple equations can be used to describe the perspective projection which occurs o f 3D objects
onto the 2D retinal plane. Assuming (X,Y,Z) to be the coordinates o f a point in 3D space, we can
project point (x, y, z) on the retinal plane, given a focal length f and center o f projection O. The
retinal plane is a distance f from the center of projection along the optical axis:

X
x = f —
Z

Equation 29

Y
y = f —
Z

Equation 30

z=f

Equation 31

flNWJEl

/

Qeii<rrfi>a;K ^|

Cemer of projection

Figure 10 - Pinhole camera model [82]

Since the points (x,y) are measured in the camera reference frame (CRF) they also have physical
units. Since images features are typically referred to by their pixel location a conversion must be
made from the CRF to image coordinates Ximg and yjmg. The conversion can be written as:
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yimg

Sy * ~y

Cy

The parameters sx and sy are the horizontal and vertical scaling factors respectively and Cx and cy
the principal points. The scaling factors describe the physical dimensioning o f pixels while the
principal points describe the origin offset o f the camera reference frame with respect to the reti
nal plane. The retinal plane is typically constructed as an array of light sensitive elements which
convert light energy into an electric field with the sensor typically being either a Charged Cou
pled Device (CCD) or Complimentary Metal-Oxide Semiconductor (CMOS). These sensors typ
ically vary in quality, cost, power consumption and noise resilience with each being better suited
in certain applications. CMOS is typically prevalent in low end devices suited for mass con
sumption such as webcams due to lower manufacturing costs.
Selecting an appropriate camera with the right sensor is an important task for any vision system
which must deal with changing conditions. Considerations such as resolution, sensitivity, field of
view, noise resilience and cost to name a few must be taken into account. For example, selecting
a camera for an aircraft whose sensor yields a large amount of image corruption due to mechani
cal vibration can lead to problems. These problems can be compounded when a stereo system
with multiple cameras is required, since conditions will rarely be perfect. Problems can include
bad or changing illumination or differences in camera construction.
2.5.2

Camera Calibration

The calibration process allows us to determine camera parameters. This involves determining the
internal camera parameters, known as the intrinsic parameters, as well as the external or extrinsic
parameters. The intrinsic parameters include its focal length, principal points and distortion fac
tors. The focal length is the distance from the center o f projection to the retinal plane while a
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principal point indicates the offset of the retinal plane relative to the center o f projection o f a
camera. Distortion factors on the other hand arise as a result of imperfect lens construction, dis
torting the image geometry. Typically only radial distortion is taken into account due to its no
ticeable effect of image stretching, however tangential distortion which arises from improper
lens alignment and skew distortion which occurs when retinal plane axes are not orthogonal may
also be considered.
Extrinsic parameters on the other hand, describe the positioning and orientation o f the camera
reference frame (CRF) relative to some known world reference frame (WRF). This means that
the extrinsic parameters describe how to translate and rotate 3D points in the WRF into 3D
points in the CRF; typically performed using a single homogeneous matrix transformation. A
homogeneous matrix transformation is used in order to linearize the originally non-linear per
spective camera model. If we take the intrinsic parameter matrix Mjnt and extrinsic parameter
matrix Mext, we can write the transformation of a 3D point (X,Y,Z) in the WRF in homogeneous
coordinates as:

%img
Vimg — MintMext
. 1 .

\X]
Y
I
z
.1 .

Equation 32
Ximg
fx * s x
=
0
Vimg
. 1 .
0

0
f y

*

0

r l l r 12 r 13 T x
S y

r 21 r 22 r 23 Ty
r 31 r 32 r 33 Ty

The rotation parameters ry and translation parameters Tx, Ty & T z in the extrinsic matrix are pre
cisely the parameters required for transformations between WRF and CRF while the intrinsic
matrix projects the rotated and translated point in the CRF onto the retinal plane. The parameters
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fx and fy are simply the focal lengths of the camera in their respective directions which are not
necessarily equal. The parameters sx and sy are scaling factors dependent on the construction of
the camera imaging array and give the conversion between physical and pixel units; these also
need not be equal since pixels are not necessarily square. In the case where camera distortion is
taken into account, the distortion parameters can be applied to the coordinates to determine the
correct locations o f feature points in the image.
In order to determine the unknown parameters in the intrinsic and extrinsic matrices as well as
the camera distortion parameters, one typically acquires images o f a reference pattern with a
known geometry and then uses one of a number o f calibration algorithms to fit the parameters
[81]. An example o f this process is shown in Figure 11 where the user presents a checkerboard
pattern to a camera, capturing images of the board at different orientations. The calibration prob
lem then becomes one o f determining the parameters for a planar homography which maps
points on the 2D checkerboard plane to the 2D image plane of the camera [82]. Having a number
o f views o f the reference object (as well as a large, easily discernible object) not only helps to
fulfill any constraints o f the calibration algorithm but also provides some resilience to image
sampling noise and numerical instability.
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Figure 11 - Single camera calibration process [82]

The calibration process is similar for calibrating a pair of stereo cameras and typically the intrin
sic parameters of each individual camera need to be determined anyways. However the rotation
and translation parameters acquired from the calibration are then one camera relative to the oth
er. In addition to this, image pairs coming from both cameras are needed o f the reference object.
In this case of stereo cameras, determining the camera parameters is the first step before stereo
calibration is performed. Stereo calibration allows for the setup o f the camera system to be de
termined using epipolar geometry, allowing for rectification of stereo image pairs.
In the case o f UAVs, and depending on the mounting of the cameras, there may be a problem of
a changing calibration over the duration of a test flight. This can occur due to vibration or flexing
of the mounting surface or camera mount. Assuming that the intrinsic parameters o f the camera
are fixed (the focal length remains the same), auto-calibration methods do exist for using un
calibrated images (images having no a-priori calibration objects) [79] which rely on known point
correspondences between both views. Although deploying such a system could be beneficial for
the GeoSurv in the future, the assumption made in this thesis is that the calibration parameters
remain fixed for particular flights and ground tests. In the case where this assumption is violated,
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the correspondence stage of the processing pipeline could cease to produce a coherent result
which means that firmly fixing the cameras relative to each other is currently paramount.
2.5.3

Stereo Rectification

Stereo images are typically rectified in order to simplify the process of determining depth infor
mation from the images. The rectification process mathematically aligns the stereo images so
that they appear that they were taken with 2 cameras whose image planes are row aligned; a
frontal parallel configuration. This mathematical alignment is preferable to physically aligning a
pair o f cameras which is a next to impossible task.
To better define the basic geometry of a stereo system, we refer to what is commonly known as
epipolar geometry [81]. Consider the configuration shown in Figure 12 where 2 pinhole cameras
and their respective retinal planes are shown. The optical center O l o f the left camera is located
at a focal length o f fi from the left retinal plane P l- A similar configuration follows for the right
pinhole camera. The optical centers of the cameras are separated by a baseline T. If we consider
a 3D point p in the field o f view o f both retinal planes, we can then visualize a triangle with ver
tices

O l,

p and

O r.

The edges o f the triangle are then 2 lines,

O lp

and

O r p,

extending from the

left and right optical centers respectively to the point p. The remaining edge is the baseline be
tween the 2 cameras. The line Olp intersects the left retinal plane at the point

oil,

corresponding

to point p as seen by the left pinhole camera. A similar observation can be made for the right
pinhole camera and the point i u r . Finally, the baseline connecting the optical centers o f the cam
eras also intersects both retinal planes at special points called the left and right epipoles, shown
as eL and eR respectively. These points correspond to the optical center of the left camera as seen
on the retinal plane o f the right camera and vice versa.
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Figure 12 - Epipolar geometry o f a stereo pair o f pinhole cameras

Since only 3 points are needed for a unique plane in 3D, we can extend the triangle into an epi
polar plane which intersects the 2 retinal planes. When we do this, we form a line called the epi
polar line on each retinal plane. We then see from Figure 12 by construction, the epipolar line
must lie on the epipolar plane and an epipolar line must pass through the projected point niL or
niR and the corresponding epipole for the left or right camera. Further to this, each epipolar line
represents the view on the retinal plane o f the line from the optical center to point p for the other
pinhole camera. Two significant observations can now be made about this view. The first is that
any 3D point p in the field o f view of both cameras must follow this geometry. The second is that
having the coordinates o f a point on either retinal plane reduces the search for the location o f the
corresponding point on the other retinal plane into a ID search along an epipolar line (known as
the epipolar constraint).
By creating an epipolar constraint, we simplify the search for matching points on our retinal
planes. However, having to explicitly determine each epipolar line for all point pairs is a cum
bersome process which can be simplified. The simplification comes as a result o f our assumption
of a pinhole camera model by applying a special kind of homography called a perspective trans

formation [81]. By using a perspective transformation, we are able to relate a pair o f images of
an object taken by 2 pinhole cameras with another pair o f images having a different projection of
the same object. By selecting the proper transformation, we can make our epipolar lines parallel
and horizontal using a 3x3 homography matrix.
The result o f a rectification o f a pair of stereo images is shown in Figure 13 below. Note how
features in the original image pair (top) are not aligned; however after rectification (bottom), the
resulting epipoles are at infinity and the epipolar lines now align corresponding pixels horizon
tally. There are a number of approaches to computing the rectification, among them being Hart
ley’s algorithm [102] and Bouguet’s algorithm [103]. The former is an un-calibrated stereo recti
fication algorithm which assumes only a fundamental matrix. The latter method, which we use
via the MATLAB Vision Toolbox, is for calibrated stereo and assumes the intrinsic parameters
of the stereo cameras are known and which we determined through calibration. Having complet
ed rectification o f a stereo pair of images, the matching o f feature points along corresponding
epipolar lines in the 2 images can be performed.
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Figure 13 - Original image pair (top) and stereo rectification result (bottom)

2.5.4

Stereo Correspondence

Stereo correspondence is the process by which matching pixels between separate images of a
scene taken from different cameras are found. Since a point in an image could potentially match
many points in another image epipolar geometry constraints and image rectification are widely
used to simplify the process, along with other constraints, allowing the search area for matching
pixels to be narrowed and thus be more computationally efficient.
The type o f stereo correspondence performed typically falls into 2 categories: sparse or dense
stereo. Sparse stereo matching is useful when a small amount o f depth information is sufficient
and computational resources are at a premium. In order to extract features for matching, feature
extraction methods such as SIFT, SURF or FAST can be used or a simple approach such as edge
detection [83][84] [85]. Although sparse stereo methods by definition provide less depth infor
mation than their dense counterparts by focusing on pixels or features, seed-and-grow methods
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can be utilized to improve results [63]. On the other hand dense stereo methods, attempt to ex
tract depth information over as much area as possible. While offering more depth information,
these methods can be computationally intensive [64].
In general, stereo correspondence methods face a number of issues that must be resolved in order
for the algorithm to be effective. Stereo images with wide baselines have the advantage o f a
higher disparity resolution, that is, how fine grained the depth perception is (this effect is de
scribed in Section 2.5.5 in more detail); however they are also burdened with a larger number of
occluded areas. An occlusion is a region in a stereo image which is not visible in the other image
due to the positioning o f the cameras or an object blocking the view. A further source of occlu
sions comes as a result o f 2 stereo cameras having different fields o f view, with one camera see
ing a portion o f the scene that the other cannot. A narrow baseline helps to reduce occlusions
since both cameras view the scene from similar perspectives, however the disparity resolution
decreases. Regions of low texture are also problematic proving little information with which to
perform correspondence.
The work o f Scharstein and Szeliski in [64] outlines a taxonomy, or essential building blocks, for
dense stereo correspondence algorithms; dense stereo algorithms typically perform some subset
o f these building blocks. The buildings blocks can be summarized as follows:
1. Matching cost computation
2. Cost aggregation
3. Disparity computation and optimization
4. Disparity refinement
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Dense stereo algorithms typically break down into local and global approaches [64] [86]. Local
dense stereo algorithms typically rely on knowledge of a small part of the image and perform
matching cost computation between the left and right images using a support region such as Sum
o f Squared Differences (SSD), Sum of Absolute Differences (SAD) or Normalized Cross Corre
lation (NCC). Other more complicated similarity measures which take into account potential var
iation in sampling between both cameras have also been developed such as the work in [78]. In
the process of matching, local dense stereo algorithms typically make certain assumptions in
terms o f the commonly used constraints mentioned above such as assuming smoothness in dis
parity estimates by aggregating matching costs over a localized region.
More complicated global dense stereo algorithms are also common which typically define an ex
plicit global cost function (over the entire image) which encompasses matching costs while ex
plicitly defining a corresponding smoothness penalty. The cost function is then minimized in or
der to find the optimal disparity assignment using one o f a number o f optimization techniques,
including graph cuts [87] and belief propagation [88] among others. Although accurate, a com
mon pitfall of these approaches is their computational performance which can be slow even
when implemented on a GPU. As mentioned since the general global optimization problem is
NP-hard simplifications o f the problem are warranted; a common approach being dynamic pro
gramming. This approach works by decomposing the difficult 2D problem into a number o f ID
problems, performing the “global” optimization on individual pixel rows (scan-lines) [89]. As
this approach can lead to misalignment between scan-lines, more elaborate approaches such as
assuming a tree structure across the image are possible [90] which retains a mixture of vertical
and horizontal adjacencies between pixels, allowing horizontal and vertical smoothness con
straints to be retained.
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Finally, the last step in the list o f building blocks is disparity refinement which, for example,
may perform sub-pixel refinement from the originally computed disparities in order to reduce the
uncertainty in range estimation [91].
2.5.4.1 Feature Extraction for Sparse Stereo Correspondence
In order to extract features for sparse stereo correspondence edge detectors are used. A number
o f operators or methods for performing edge detection are common including Sobel, Prewitt and
Canny [92], The Sobel operator is two 3x3 mask windows (one for horizontal and one for verti
cal edges) which are convolved with the original image and produce an approximation o f the im
age intensity gradient at each image pixel; both masks are shown in Equation 33. Regions with
large gradients (large changes o f intensity) are then candidates for edges. A threshold can be ap
plied to computed gradients to remove edges which are likely to end up being noise. The Sobel
operator places more emphasis on pixels closer to the center pixel (signified by the +2/-2 scaling
factors) compared to the Prewitt operator, which has almost the same masks except that no em
phasis is placed on pixels close to the center pixel. Other operators are also possible, such as the
Roberts operator which emphasizes edges on diagonal lines. An example o f applying the Sobel
operator (threshold o f 8) on an image from a flight video is shown in Figure 14.
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Figure 14 - Image from Telemaster flight at the Amprior field (left) and the corresponding Sobel
edge map (threshold 8, right). Balloon obstacles are circled in red for clarity. Image is inverted
and highlighted in red for clarity.
2.5.4.2 Sparse Feature Block Matching
Having computed locations o f interest for matching in the image using edge detection, stereo
correspondence must occur in order to obtain a depth map. To perform stereo correspondence of
edge maps we could potentially attempt 2 solutions:
1. Mask the original grayscale or color images using the corresponding edge map to high
light the relevant image features and perform stereo correspondence on the resulting
“color-mask” images.
2. Use the edge map to focus the correspondence by only performing correspondence at lo
cations where an edge was detected. The correspondence itself however would not be
performed on the “color-mask” images but on the originals.
Figure 15 highlights the first point, where the original image pair is processed using the Sobel
operator (threshold o f 32) which is then used to mask out color details not found in the edge map
to obtain color-mask representations o f the originals. Correspondence can then proceed between
both color-mask images. This has the advantage of significantly focusing the image detail so that
in places where no color information is present (in the color-mask), no correspondence needs to
be performed. However it comes at a price since the amount of detail contained in any matching
window will be greatly reduced as well, so that matching horizontal regions along the horizon
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could lead to spurious results. The alternative is described in the second point where the match
ing process is performed only at locations where edge information is present; however the
matching windows are applied to the original images instead of the color-mask images. The goal
with this approach is to reduce matching noise, while still reducing computational complexity.
In the case of stereo images, a left and right disparity image can be computed by using the left or
right image as the reference. Since each image is distinct, the correspondence process from left
to right and from right to left will not produce identical results. A consistency check can then be
performed to ensure that both the left and right disparity maps agree on the selected disparity for
a pixel. The level of disagreement allowed between both disparity maps for a pixel is based on
the application; however we adopt a hard difference threshold of 0 to attempt to obtain as accu
rate results as possible. If we consider approach #1 above to sparse matching, we notice that the
detail available for matching is only edges. This could circumvent the consistency check since a
particular feature may not show up as an edge in both the left and right images but still end up
being matched consistently between both images (since it may be the only edge within the
searched disparity range). On the other hand approach #2 will assign disparities having searched
the entire disparity range around a pixel, making the task o f consistency more difficult since
matches are possible at all disparity values (not just those at which edge information is availa
ble). For this reason we focus on approach #2 for performing feature matching in this thesis.
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Figure 15 - Left and right stereo image pair (top row) and corresponding color-mask images ob
tained from applying a Sobel edge mask to each (bottom row). Edge map is inverted and high
lighted in red for clarity.

In order to perform the block matching a number o f area-based metrics are possible. This in
cludes sum of absolute differences (SAD), sum of squared differences (SSD) or normalized cross
correlation (NCC). SAD (Equation 34) and SSD (Equation 36) are the simplest computationally,
calculating the pixel wise differences between two small windows located in each respective im
age. However, these metrics are sensitive to radiometric distortions which can arise when the
pixel intensities in one image differ by a constant offset and/or gain factor to the corresponding
pixels in the corresponding stereo image [76]. If we take W to be an NxN (N is odd) window
where the pixel locations (u,v) inside the window are 0-based and relative to the top left position
(x,y) o f the window inside the image then for a disparity d, between the left image Ii and right
image E, the SAD and SSD measures can be written as:
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\I±(x + u , y + v) — I2(x + d + u , y + v)\

Equation 34

:,v)e w

yT (/x(x + u, y + v ) — I2 (x + d + u, y + v ))2

Equation 35

( u,v)BW

NCC is able to deal with the problem of a gain factor and its variants, such as zero normalized
cross correlation (ZNCC), are able to take into account the problem of a constant offset as well
[77], Taking the same definitions as those for the SAD and SSD measure and also taking /x and
l2 to be the mean of the window W in image f and I2 respectively, the ZNCC measure is:

'Lju.v^wQi(* + u . y + v ) - h ) * (/2(* + d + u , y + v ) - /2)

Equation 36

Jl(u,v)ew(1 1O + u , y + v ) ~ 7 0 2 * S(u,p)ew(/2^ + d + u , y + v) - /2) 2

Finally, the Birchfield and Tomassi (BT) metric will also be investigated since it is pixel match
ing metric which is insensitive to image sampling [78]. This metric can be used to match single
pixels between images or can be used as part o f a window by accumulating the matching costs
for all pixels in a window.
2.5.5

Disparity Computation and Depth Re-projection

Having calibrated the stereo cameras, rectified a stereo image pair and computed the stereo cor
respondence o f an image pixel, we can triangulate the physical distance to the 3D point corre
sponding to the pixel. Assuming a frontal parallel pinhole camera arrangement or fully rectified
stereo images we can view the triangulation as shown in Figure 16 below. By using the
knowledge o f the baseline, T, between the optical centers o f the pinhole cameras, their focal
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length and the pixels location x1and xr in the left and right images respectively, we can use simi
lar triangles to determine the depth parameter z. As a simplification we assume that the focal
lengths, f, o f the cameras and image widths, w, are identical.

Figure 16 - Frontal parallel image pair pixel triangulation [82]

For the left retinal plane we have a ratio of similar triangles, where the left inner triangle is
formed by the pixels coordinate, x1, relative to the center o f the screen and the focal length f
while the left outer triangle is formed by di and the depth z to point P:

Equation 37
f

Where we have assumed di and & 2 are the left and right parts of the triangle base and that:
d1 + d2 = T

Equation 38

The right retinal plane gives a right similar triangle with the triangle base between the right
screen pixel, xr, and the center of the right retinal plane:
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X _ ^2
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Equation 39

Rearranging Equation 37 and Equation 39 and substituting into Equation 38 gives:
C ,

w

w

\

(X

2 + 2 ~ X ) = T

fT
fT
z = —r-= -—
x l —x r
d

Equation 40

The variable z is a product of the focal length measured in pixels, the baseline measured in phys
ical units and the disparity d=x’ - xr which relates to the difference in horizontal pixel position
between the left and right images. This simple depth equation can be modified to incorporate dif
ferent focal length between cameras as well as the horizontal principal points o f the cameras in
the case where the camera principal rays do not intersect at infinity. We can immediately see that
due to the inverse relationship between depth and disparity, disparity decreases as depth increas
es. In Figure 17 below, we show lines of constant disparity for a pair of cameras. Note the non
linear increase in depth resolution due to a linear decrease in disparity.
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Figure 17 - Planes o f constant disparity for a stereo camera pair [82]

Having obtained a disparity for the pixels in our image, we need to be able to re-project the pix
els into 3D space if we hope to build a model for obstacle avoidance. To accomplish this, we can
use the re-projection matrix Q.

1
0
Q= 0
0

0
1
0
0

0
0
0
1I T

Cx
~ cy
f
(C X

Equation 41

- cx)/T.

This matrix is a compact version o f the camera reference frame centered 3D to 2D projection
equations described in Section 2.5.1 and all parameters can be acquired through camera calibra
tion. It can be modified to take into account different focal lengths in the horizon and vertical
directions (a single focal length f is given in Equation 41). The terms cx and cy are the principal
point coordinates for the reference image (left or right). The term c'x is the horizontal coordinate
of the principal point in the opposite image. In the case where the principal points are set to in
tersect at infinity, we have cx = c'x. The re-projection matrix allows us to compute physical 3D
coordinates to feature points using the following expression:
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x\ x »1
Yh
y
=
Q
d
Zn
-1wh\

Where Xh, Yh, Zh and Wh are the homogeneous coordinates of a pixel having image coordinates
(x,y) and disparity d. The 3D coordinates (X, Y, Z) o f the feature point can then be recovered
since:

Xh/ w h
X
Y = Yh/ W h
Z.
z h/ w h
Being able to compute the depth to pixels we need to take into account 2 limitations to any stere
oscopic camera system: range accuracy and range resolution. Range accuracy is a measure o f
how close our estimate of disparity or depth is to the ground truth depth for a particular 3D point.
This accuracy is affected by a number o f factors, including errors introduced during the calibra
tion process as well as errors in the stereo correspondence process. Range resolution on the other
hand is a fundamental limitation o f a stereoscopic system at discerning how finely range meas
urements will vary at a particular depth, for a given pixel or feature point, based on variations in
the disparity estimate. To compute range resolution Az, we can consider Ad to be the corre
sponding disparity delta which then allows us to write the following expression for Az:

Az

T*f

T *f

d

d + Ad

_ Tf

Ad

d d + Ad
Ad * z 2
T * f + z * Ad

Equation 42
Equation 43
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where Equation 42 simplifies to Equation 43 by using Equation 40 twice to substitute for ^ and
for d. If we now take a first order Taylor expansion about Ad = 0 we obtain:

z2

Az ~ ------- Ad
f *T

Equation 44

This measure is a direct consequence o f the inverse correspondence between range and disparity
and represents the theoretical best range resolution for a stereo system. We see that for a particu
lar stereo system (fixed f and T), our resolution error squares with the depth to the feature points
we’re considering. This relationship is a physical limitation and in practice it is likely that the
true resolution will be even lower due to limitations on our range accuracy. To obtain better
range resolution we can make a few choices in our selection of cameras; using a wider camera
baseline, longer focal length or a higher resolution sensor. This in turn will affect the difference
between the camera viewpoints (larger variation for increasing baseline), the depth at which the
views overlap (further for increasing baselines), the field of view o f our system (smaller for in
creasing focal length) and the processing time for correspondence (higher for larger resolution
images). In addition, we can introduce sub-pixel interpolation to our stereo correspondence pro
cess which will reduce the minimum size o f Ad. For example, instead of resolving disparities to
a difference o f only a single pixel we can interpolate to

Vz

or % pixels giving Ad values o f Vz or

'/4 respectively. The increased resolution however comes at the cost of increasing computational
requirements.
To illustrate we can consider the stereo cameras which were mounted on the Telemaster for
flight tests. The stereo calibration for these cameras using the MATLAB toolbox produces a fo
cal length of 607.366 pixels and baseline o f 1.292 meters (true measured baseline o f 1.32 me
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ters). From these calibration values we can plot range resolution curves using 4 disparity resolu
tions of 1, 1/2, 1/4 and 1/8 as shown in Figure 18 below.
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Figure 18 - Plot o f range resolution (Az) versus the physical distance to a pixel (z) for different
disparity resolutions

We can see that in the case of a non-interpolation approach, range measurements beyond 60m
have over 4.5m o f uncertainty in their estimation. Moving to an interpolation approach, say 1/8,
allows us to measure up to 170m before we obtain the same degradation in resolution. In addi
tion to the considerations mentioned above, the resolution which is usable will also depend on
the size o f the obstacles which are expected, the current speed o f the aircraft and the processing
speed o f the stereo correspondence algorithm. In addition, the obstacle avoidance portion may
not require range resolution below a certain point in the avoidance calculations. As explained in
Section 2.2.1, a bounding box region will be placed around potential obstacles by the avoidance
algorithm. In the case where the size of the bounding box is larger than the depth resolution, at
the maximum depth one expects to see, it may not be worthwhile to invest too much effort in ad
justing parameters to reduce the range resolution.
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Although having the re-projection matrix allows one to estimate the maximum perceivable dis
tance for the stereo system (using the smallest discernible disparity value), one must still be
mindful o f the resolution limitations in the camera system relative to the smallest obstacles
which are expected to be encountered. For example if we consider Equation 41 and take the
Telemaster mounted camera calibration results which produced a focal length o f 607.366 pixels,
baseline o f 1.292 meters and principal points cx=228.034 and cy= 151.307 then for a pixel at the
center of the image and at a minimum disparity d=l we find a maximum depth o f 785 meters. To
get an idea of the size an obstacle would need to be in order to register at this distance we can
construct the following diagram:
Wt2

0

Figure 19 - Construction for estimating the physical dimensions subtended by a cameras field o f
view

In Figure 19 we have the image plane (grey line) having a center o f projection O at a distance o f
f with a dimension o f H pixels. At some distance Z from the camera the angle o f view spans a
distance W in physical units. The angle o f view in the horizontal direction (the view is top-down)
is 6. Thus we have:
W

e

= ta n ( - )

68

If we then multiply through by 2Z and divide by the horizontal sensor dimension H (in pixels),
we have:
a
W
~H=

2Z tan
H

With an angle of view of 50°, at a maximum distance o f Z=785 meters and a sensor dimension
o f H=640 pixels we have W/H=1.14 meters/pixel. Although this construction is an idealization,
it gives us a rough estimate that an object should have high enough contrast and be at least this
size horizontally or risk not being detected by the imager. A similar argument can be applied to
the vertical angle o f view.
The disparity results obtained must first be grouped to obtain bounding regions for nearby pixels
having similar depth. This grouping is performed by using the OpenCV implementation o f the
connected component algorithm [101] which aggregates adjacent pixels having some similarity.
Similarity is taken to be any pixel which is an 8 connected neighbor to other pixels with the same
disparity as shown in Figure 20; 2 pixels located on the same disparity plane (are both at the
same depth) which are also 8 connected neighbors are considered as candidates for grouping.

Figure 20 - Center pixel (red) and its 8 connected neighbors

The reason for this approach to pixel aggregation is foremost that the obstacle avoidance portion
o f the processing pipeline is expecting 2D rectangular bounding regions for obstacles which are
displaced by some distance along the depth axis. Typically once bounding regions on each dis
parity plane have been determined, regions across disparity planes can be further aggregated; for
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example at shorter depths where consecutive disparity planes are closer than a certain threshold.
This processing is performed instead by the obstacle avoidance processing stage which has its
own requirements, parameter settings and algorithm for performing aggregation o f bounding re
gions before any avoidance computations are performed [80]. For example, the current avoid
ance algorithm assumes that any 2D region on a disparity plane is projected as a rectangular
prism into 3D space by using the physical width o f the bounding region as its depth. All rectan
gular prisms are also expanded in volume by a heuristic factor which takes into account the
avoidance dynamics o f the aircraft (for example minimum turning radius) and distance to the ob
stacle. This is done to ensure that the avoidance algorithm can actually generate enough com
mand input to deviate from the original flight trajectory. In addition, further geometric construc
tions are appended to the 3D bounding region in order to simplify avoidance calculations. Final
ly, the only avoidance scenarios currently under investigation are ‘fly-over’ and ‘fly-around’,
meaning that the aircraft is currently not expected to fly under obstacles. To incorporate
knowledge of this constraint in the algorithm the reading from the GeoSurv AGL sensor is used
to elongate any detected obstacle in the vertical direction, making it appear to be sticking out
from the ground.
2.6

Compute Unified Device Architecture

The compute unified device architecture, or CUDA [93], is a general purpose parallel computing
architecture and parallel programming model developed by NVIDIA. It gives developers access
to the computing elements in NVIDIA graphical processing units (GPU’s), allowing them to be
used for general purpose applications such as stereo vision. In doing so, it provides an attractive
alternative over traditional CPU based computing by offering a general purpose, low cost, com
putationally powerful computing platform.
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At the program level, CUDA exposes the underlying computing power of the GPU through
threads which are lightweight units o f execution. Program code called a kernel is written to exe
cute in a thread, possibly reading and writing data from memory and performing computations.
Threads are further aggregated in a hierarchy, the bottom of which is the individual thread unit.
Above this level threads are aggregated into blocks, which are groups of threads that share com
putational resources such as fast memory (referred to as shared memory) and registers. Thread
blocks are further grouped into a grid, with different thread blocks representing independent
computational units which cannot directly synchronize together. Both blocks and grids are 3 di
mensional constructs, which allows programmers to create a logical configuration o f thread re
sources depending on their application. An example of the detailed hierarchy is shown below in
Figure 21.
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Figure 21 - CUDA thread hierarchy [93]

The underlying hardware of a CUDA GPU is arranged in lightweight streaming processors
(SPs), a number o f which are aggregated on a streaming multiprocessor (SM). A CUDA GPU
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has a number o f SM’s (and therefore a number of SP cores), the number o f which depends on the
cards supported compute capability. Each SP has its own control logic and instruction cache and
can execute a group o f 32 threads (a unit known as a warp) in parallel. Each SM has a small
cache (LI) to the large global memory (GDDR DRAM), while an L2 cache is also available
across all SM’s. As mentioned resources such as registers and shared memory which are availa
ble to the threads in a block are limited, as are the number of thread blocks which can be resident
on an MP. Nonetheless, a CUDA GPU allows a developer to instantiate grids with hundreds of
thousands o f threads, giving rise to vast parallel computational power. At the same time, a devel
oper needs to understand the resource requirements of their specific application since failure to
do so can lead to significant performance degradation.
The CUDA platform was used to implement both the training and evaluation framework for
CNNs and to implement the block matching algorithms for stereoscopic vision in this thesis.
This was done since it is expected that the obstacle detection pipeline will be run on a GPU
onboard the GeoSurv aircraft in the future. In the case o f the stereo vision algorithms, perfor
mance o f the GPU and CPU based implementations of algorithms was compared.

3 Convolutional Neural Networks for Horizon Detection
The region o f interest for obstacle detection in this thesis is the horizon and the sky. In order to
extract this region for further processing, the sky and horizon must first be detected. We apply
CNNs to perform this detection, the first such application o f these networks to this task, showing
that these networks can be trained quickly to produce highly accurate results compared to a tradi
tional classifier used for this task (SVMs).
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3.1

Experimental Setup

A persistent problem with published methods which deal with the horizon detection problem is
that the datasets are usually unique making it difficult to perform comparative evaluation with
previous results. As such the datasets used in this chapter were mostly collected during experi
mental flights using the Telemaster aircraft. These datasets are broken down into 2 groups, with
each group being a particular location where the Telemaster was flown. The first location (da
taset 1) is Drummond’s Field which is operated by the Ottawa Remote Control Club (ORCC)
and is located south o f Ottawa. The second is the Amprior RC Club (ARCC) field west o f Otta
wa (dataset 2). Both fields share similarities in terms of the terrain around each site including tall
trees and lakes; examples of each are shown in Figure 22 below. Each dataset group is further
broken down into the separate days when the flights occurred. All flights in dataset 1 occurred in
the mid-afternoons during the summer o f 2011. All flights in dataset 2 occurred in the span of
late morning to early evening during the summer of 2012. The third dataset investigated in this
thesis was obtained courtesy o f SGL using a miniature UAV towed through the air using a heli
copter. The UAV was equipped with forward facing cameras, capturing 720x480 video at 30
frames/sec. The flight was conducted late during a winter afternoon which contributed to a sig
nificant reduction in the amount o f light in the scenes. This was unfortunate since the flight path
was over particularly hilled terrain. In addition, the cameras mounted on the aircraft were inter
laced, which means that even scan-lines are sampled first followed by odd scan-lines (or viceversa). This sampling introduced a large amount of distortion in the images due to the rapid
swaying motion of the towed UAV meaning that it was difficult to construct a ground truth skymask dataset; only 213 images were obtained. An example image from this flight is shown in
Figure 23.
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Figure 22 - Example images from dataset 1 (left) and dataset 2 (right)

Figure 23 - Example image from dataset 3 (SGL) showing distortions introduced by an inter
laced camera

The original datasets of images were processed using an existing method developed within the
Carleton UAS research group [33]. The detected horizons for each image were then manually
post-processed by removing false detections and a database of input RGB images and corre
sponding sky and horizon line images was constructed. The main reason for not continuing with
the existing method is due to its low accuracy. For example, in the case of the ORCC dataset,
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only 75% o f all frames extracted from flight video sequences were detected as having a valid
horizon. This percentage was only obtained after running the algorithm several times with a
number o f parameter configurations. Approximately 40% of the 75% of extracted frames had to
be post-processed by hand to ensure valid horizon and sky masks could be extracted cleanly
from the output. The performance of the existing method on the SGL dataset was poorer, finding
the horizon in only 5% o f all potential frames.
When generating ground truth horizon-mask datasets, a simple heuristic was found to work
where the thickness o f the target horizon-mask image is 10% o f the dimension o f the output im
age. For example for a 4 layer network with a 246x246 input layer and a 116x116 output layer,
we make the horizon-mask at the output layer 12 pixels wide. Working back through the network
towards the input, this dimensioning is up-sampled by a factor of 2 meaning that the ground-truth
horizon mask should be 24 pixels wide. This heuristic was found to consistently lead to conver
gence during network training and is used to obtain the horizon-mask training results in Section
3.5. Further ground truth datasets were generated in 2 additional color spaces (YUV and Lab) in
an effort to see whether the choice of color space had an effect on performance. The datasets
were then either expanded, as explained in Section 3.3, or used directly to train a variety o f CNN
configurations.
To speed up network learning, all input image pixels were remapped from their original value
range o f [0, 255] to a new range o f [-1, 1] using the linear transformation shown in Equation 45.
There x in is the original pixel value and x out is the remapped pixel value.

2
Xout = 2 5 5 %in ~ 1

Equation 45
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The reason for this mapping is similar to the reason why weight initialization in a neural network
needs to be kept to small weights; learning should proceed as quickly as possible. In the case
where the inputs to a neuron are large, the neuron will undergo saturation due to its non-linear,
saturating, activation function. In the saturation region, the derivative of the transfer function will
be small which will make the network gradient small as well. A similar argument can be made
for inputs, or a network weight initialization, which are too small. In this case network outputs
will be very small, and could likewise slow down learning by producing small network gradients.
Thus in addition to scaling the network inputs as described above, network weights were initial
ized using a uniform distribution with the following limits, where Fj is the number o f fan-in in
put connections to neuron i:

These limits are proposed in [49] with the rationale being that neurons that have a larger number
of inputs should initialize themselves from a smaller weight distribution to keep their net activa
tion large. Finally, we also follow [49] in the selection o f activation function by choosing the hy
perbolic tangent function (graphed in Figure 24):
2
y ( n e t ) = 1.7159 * ta n h ( - * n e t )
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Figure 24 —Hyperbolic tangent activation function

The reasoning for choosing that activation function is that it has a wide linear operating range,
with the points o f maximum curvature o f this function occurring around the values o f -1 and 1;
the normalized range o f input pixels. This is not to say that the network will operate strictly with
in its linear region. On the contrary, we wish to restrict its initial operation to a linear region so
that learning is as fast as possible at the onset o f training and each neuron can then eventually
move into its saturation region.
3.1.1

Convolutional Neural Network Training Framework

In order to construct, train and evaluate CNNs on the gathered datasets a training framework was
implemented using the C++ language. The back-end code for computing forward propagation,
back-propagation and optimal learning rate computation described in Section 2.4.1 was ported to
run on a CUDA graphics card in order to allow for larger and more numerous input images as
well as network configurations to be used. The CUDA card used was a GTX 460 having com-
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pute capability 2.x on an Intel i7-2600 machine with 12GB of RAM. This work consumed ap
proximately 2 months o f development time including debugging and testing.
The current implementation o f the framework has certain limitations, requiring even numbered
feature map dimensions which must also be square. This is not a particularly serious limitation,
as will be show in Section 3.5.
3.2

Network Output Representation

Since we know what the target output of a network should be (a horizon or sky mask), we want
to show the network input images and the target sky or horizon masks and have the network fig
ure out the spatial filters required to generate the desired output. Since the output o f the network
needs to be an image, a simple approach is to let a fully connected neuron at the output layer rep
resent a single output pixel. A drawback of this approach, however, is that for anything more
than small thumbnail images, the number o f connections in the network grows very quickly. If
we take the example network shown in Figure 7 (Section 2.4) then we have the following contri
bution to the number o f free parameters (weights and biases) in the network as a result o f using
either a simple convolutional feature map or fully connected neurons at the output layer:
Convolutional Output Layer

Fully Connected Output
Layer
304
Convolutional Layer (C l)
Subsampling Layer (SI)
8
Convolutional Layer (C2)
2020
40
Subsampling Layer (S2)
520
18,317,821
Output Layer (O l)
2892
18,320,193
Total Network Weights
Table 2 - Free parameter comparison between a convolutional and fully connected output layer

Therefore we see that a staggering number of free parameters are required to classify individual
image pixels in the fully connected network. This removes one o f the benefits o f a purely convo
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lutional CNN, namely that weight sharing causes a large reduction in free parameters. In addition
when porting forward and backward propagation algorithm to a GPU (which is tightly resource
constrained), a large number o f weights can become prohibitive; for an 8-byte double precision
representation, we use over 146MB on weights alone. In addition loading, saving and managing
this number of weights is prohibitive to running a large number o f experiments. Finally, when
observing the intermediate layers in the CNN, we notice that the network does a good job o f rec
ognizing the sky-mask even at the first convolutional layer. This is shown in Figure 25 below for
a fully connected output layer network. In the figure the color channels in the HSB color space
are shown first, followed by the activations o f the feature maps in the first (convolutional layer).
The fourth layer (convolutional) shows the network output, followed by the target output. The
second and third (max-pooling) layers are omitted. We investigate the performance o f both con
figurations (fully connected or not) and show that using a convolutional output layer is not par
ticularly detrimental to performance.
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Figure 25 - Example output for a trained network to an HSB color space input pattern (leftmost
column). Second column: first convolutional layer, 5 feature maps. Third column: Fully connect
ed output layer. Fourth column: Target output
3.3

Dataset Expansion

Although several flight videos are available as training data, in the case where we are performing
supervised training and attempting to generalize a trained network as best as possible, more data
is always preferable. However, collecting a large amount flight video can be challenging espe
cially in the absence of a long range test bed aircraft to carry out regular flights. Further to this,
any flight videos which are available may be short or show a repeating environment; for example
as in our case with a short range radio controlled aircraft. A way to generate additional video da
ta is by applying affine transformations to existing flight videos. This is not a new approach and
has been used to great effect in the literature to improve CNN training performance, for example
with handwritten character recognition [54], Although in that context, both affine and elastic
transformations are common, we focus specifically on affine since the invariants keep the hori
zon line concurrency. In the case where a source image and its corresponding ground truth image
are processed we can apply the process described in Algorithm 1.

Algorithm 1 - Image training set expansion
1. Find the center point of the original image I having dimensions WxH
2. Inscribe a circle into the original image with the same center point. The minimum
image dimension M, is the diameter o f the circle. So in the case where H<W we have
M=H.
3. Inscribe a square, S, into the circle having a side length o f floor[M/V2]
4. Rotate the original image about the viewport and sample new training images
5. Repeat steps 1-4 for corresponding ground truth images to obtain a new training pair

Figure 26 - Example o f the original image I and rotated image with inscribed square S (high
lighted in white, thickened for clarity)

The square S is the viewport for new images. By holding the viewport fixed and translating and
rotating the original image I, a single image can be turned into many. An example for a rotation
is shown in Figure 26. The same process needs to be applied to the target image as well, resulting
in a new input/output pair. Incidentally, depending on the sizing o f the input plane to a particular
network we could also select a viewport of a particular size and simply sample different posi
tions in each original image. This has the benefit o f including as much information o f the origi
nal image as possible since parts o f the image may be unused when applying rotations.
3.4

Combining Sky and Horizon Masks

The performance o f a single CNN in computing the sky-mask can be improved if we apply some
post processing to the generated sky-mask, such as morphological operators [32]. However we
focus specifically on a CNN only solution, combining the outputs o f 2 separate networks, one
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sky-mask and one horizon-mask, to produce a cleaner sky-mask. This approach is based on re
warding agreement between the sky and horizon masks.
Before combining the sky and horizon masks it can be beneficial to first post-process both imag
es and remove any basic misclassifications. In the case o f the sky-mask we expect that details
such as lakes or brightly colored gravel roads may lead to some false detection o f sky pixels.
This may produce enclosed groups of pixels within the sky-mask which is the ground region;
similarly for the sky region as well. In order to remove such erroneous regions, we can use con
nected components. By taking the connected components detected in the image, we can fill any
child connected components contained inside a parent component with the parent components
pixel value. In performing this process, we make the assumption that the validly detected ground
region shouldn’t be completely enclosed by a region o f sky, as shown in Figure 27 below. This
assumption is also made for the sky region as well since the same post-processing is also applied
there.

Figure 27 - Original RGB input image, the corresponding sky-mask image, a sky-mask where the
proposed approach would produce an all sky result

In order to compute the connected component tree we can use the OpenCV library. The algo
rithm implemented there for computing the tree is based on the work found in [100]. The basic
algorithm can be summarized as follows in Algorithm 2.
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Algorithm 2 - Cleanup o f output image obtained from raw CNN output
1. Forward propagate an input image and obtain the output sky-mask
2. Apply the hierarchical connected component algorithm to compute the containment
tree for the patches of pixels in the sky-mask
3. Flatten the tree by iterating all level 1 pixel groups in the tree and fill in the sub
groups contained by each level 1 group using the pixel intensity value o f the level 1
group.
4. Generate the inverse image, with pixel values reversed (0 becomes 255 and 255 be
comes 0)
5. Apply steps 2-3 but fill in the enclosed groups in the actual sky-mask instead o f the
inverse image

We can apply a similar approach to post-processing the horizon-mask image. The main differ
ence is that the activation or output indication for the detected horizon with a horizon-mask im
age is small relative to the total area o f the output image. Therefore we apply an area based
method for removing horizon indications in the horizon-mask images. The area removal is based
on a heuristic threshold which was determined experimentally on both the ORCC and Amprior
datasets by evaluating changes in overall classification accuracy based on changes to the mini
mum area size.
With both mask images post-processed, they can then be combined by looking for transitions
from sky to ground in the sky-mask which agrees with regions o f activation in the horizon-mask.
Examples of the 2 types o f outputs we’re combining are shown in Figure 28 below, with the
horizon-mask shown next to the corresponding sky-mask. In places where there is agreement be
tween the two, we can process the pixels in the same column above and below the agreement re
gion and strengthen the prediction there. Thus above the agreement point we can infer that as we
move further up the image column we’re more sure that subsequent pixels are sky. A similar
point can be made for processing below the agreement point and enhancing ground pixels.
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Figure 28 - Corresponding sky and horizon masks. The horizon-mask is 40 pixels wide with 20
pixels above and 20 below the horizon

For thinner horizon-mask images, it should be more difficult to find agreement which means a
range of possible thicknesses need to be tested. In addition, multiple transitions may also be de
tected within the same column. In this case we can either take the transition which is closest to
some number of previously made transitions, the transition which is contained by the widest con
tiguous activation region in the horizon-mask, or the transition having the highest vertical posi
tion. Finally both images may agree on a false location which means care must be taken in the
post processing. However if we can show that the combined data approach yields consistently
improved results across varying classification thresholds, on both training and test data, then we
could consider these assumptions to be justified. The sky and horizon mask agreement algorithm
can be summarized as shown in Algorithm 3.
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Algorithm 3 - Sky and horizon mask agreement region matching process
Let M be a vector of vectors where M i corresponds to the i-th image column and
valid, transition containing, region discovered in column i of the horizon-mask

M y

is the j-th

for each column i in the horizon-mask image
set the current region being processed, Rcurr, to { }. This stores the start and end points of
the regions and the position where a sky to ground transition was found in the sky-mask
for each pixel pj in the horizon mask in column i where j is the row number
if ( pixel pj in the horizon mask is a horizon region pixel)
if ( not currently processing a region, Rcurr)
if ( pixel qj in the sky mask is a ground p ix el)
increment j up to the next non horizon region pixel
continue
initialize Rcurr to begin at row j having no found transitions
else
if ( Rcurr has a detected transition

A N D

pixel cy is a sky pixel )

increment j up to the next non horizon region pixel
Set Rcurr tO { }
continue
else if ( pixel

qj

is a ground pixel

A N D

Rcurr has no transition )

set the index of transition for Rcurr to j -1
update the end of the current region to be j
else if ( currently processing a region, Rcurr)
if ( Rcurr has discovered a transition )
push

R

c u it

into

M j

set Rcurr to { }
if ( currently processing a region, Rcurr)
if ( Rcurr has discovered a transition )
push Rcurr into M
set Rcurr to { }

i

Once Algorithm 3 is complete, Mi will be non-empty for column i if a valid transition was de
tected in the column. Columns with multiple transitions are then kept based on the top most tran
sition region, although other approaches such as selecting the widest detected transition region
could also be used; both of these approaches were investigated. On obtaining a unique transition
point for a column, we apply a linear reward to all sky and ground pixels in the same column. If
the detected transition point between sky and ground is in row i and column j and if the activa
tion at the output layer o f the sky-mask network at row i and column j is Ty then we have the
following update rules per column (assuming the top left of the output layer is the origin):

Vi < /

Tij = Ti j + cc{l —i + 1)

Equation 46
Vi > I

^

- ct(i - /)

By adjusting the scaling parameter a we can scale the size of the update of each pixel. After
completing the updates for all columns the resulting sky-mask image can be further processed by
Algorithm 2 to remove any isolated regions generated by the agreement algorithm. Algorithm 3
assumes that there was valid agreement regions found. However in the case of more extreme air
craft maneuvers we may find that the horizon-mask produces no activation at all if only the
ground or sky is visible. In this case w e’d still like to strengthen the activations in the sky-mask
based on the horizon-mask. We can do this by first checking whether the horizon-mask is indeed
empty by checking if activation regions exist which are larger than some threshold /?, and if there
are none, we can update the sky-mask. In order to make this process more robust, we make use
of the activation information in the sky-mask to inform us of how much we should weigh our
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updates by taking the difference between the number of sky and ground pixels, multiplied by
some scaling factor p. This can be written as follows with image I coordinates (i,j):
V (i,;) £ /

3.5

Tij = Tij + p ( N u m S k y P i x e ls — Num. Grid. Pi xels )

Equation 47

Evaluation

The results from training CNNs o f various sizes and training parameters on both datasets, ORCC
and Amprior, are given in this section. The networks tested are either 4 or 6 layer networks. This
includes the input and output layers which means the tested networks have 2 and 4 hidden layers
respectively; the first hidden layer is L2, the second L3, etc. In each table, where network sizing
is indicated, the sizing is indicated with respect to the number o f feature maps at each layer. Thus
6/6/18/18 would correspond to the first hidden layer having 6 feature maps, the second having 6,
etc. Post processing is labeled as either ‘basic post-processing’, which refers to Algorithm 2, or
as ‘full post-processing’ which refers to using Algorithm 2 in addition to a combination o f hori
zon and sky masks with Algorithm 3.
As there is a level of redundancy in the datasets due to flights having been conducted within a
limited flight region, it was expected that cross validation may not provide a particularly fruitful
evaluation o f network training performance. Instead the experiments performed in this section
are based on training on each of the three datasets, using the remaining datasets as individual
hold-out sets. This makes the evaluation as difficult as possible since each dataset was gathered
from different locations. In particular, dataset SGL was gathered using noisy cameras during the
winter while the other 2 datasets were gathered during the summer. Going forward, training ac
curacy refers to the accuracy obtained when training a network on one of the 3 datasets, while
testing accuracy is the accuracy obtained by a trained network on a particular hold out set. Com
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puted accuracies are over the entire dataset; that is each pixel o f the entire training or testing da
taset is essentially classified in turn and used to populate a confusion matrix from which the ac
curacy is obtained.
In Table 3 the performance, in terms o f accuracy, seen when varying the number o f feature maps
is shown. The network used for the tests has 6 layers, taking a 246x246 input image and produc
ing a 54x54 output image; the input layer is L I, so that L2-L5 are the hidden layers followed by
L6 the output layer. The learning rate used for these experiments was 0.00000 l(0.9)e where e is
the 0 based epoch index so that the learning rate steadily reduces over the training session. The
number o f patterns used to approximate the Hessian was 500. Each measure is given as the aver
age o f 5 runs for each network over 10 epochs, with the final network after the last epoch select
ed for evaluation. Finally, the table also lists the effect o f applying post-processing to the net
work output as described in Algorithm 2.
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Dataset ORCC

YUV

RGB

Lab

Dataset Arnprior

Network

Raw

Basic Post-

Sizing

Acc.

proc Acc.

4/4/12/12

96.71

96.91

6/6/18/18

96.67

8/8/24/24

L2/L3/L4/L5

Raw

Basic Post-

Acc.

proc. Acc.

4/4/12/12

94.89

95.11

96.83

6/6/18/18

95.01

95.20

96.9

97.01

8/8/24/24

94.32

94.45

10/10/32/32

96.83

96.99

10/10/32/32

94.47

94.67

4/4/12/12

96.61

96.89

4/4/12/12

94.25

94.41

6/6/18/18

96.46

96.77

6/6/18/18

93.89

94.08

8/8/24/24

96.73

96.91

8/8/24/24

93.99

94.16

10/10/32/32

96.37

96.54

10/10/32/32

94.55

94.73

4/4/12/12

96.28

96.55

4/4/12/12

94.99

95.32

6/6/18/18

96.7

96.96

6/6/18/18

94.27

94.63

8/8/24/24

96.95

97.23

8/8/24/24

93.95

94.06

10/10/32/32

96.45

96.72

10/10/32/32

94.36

94.55

Table 3 - Tfect o f varying the number of feature maps at each layer

We can see that there is little variation in average performance, for both datasets, based on the
input image color model. However we can see that using a post-processing always brings a small
performance increase. For the false positive and negative rates, every network in Table 3 produc
es a higher false positive rate than false negative rate (by a factor between 1.5-2x). This can be
explained from the large variation in the appearance of the ground region, for example lakes,
while the sky region should have less color variation. In addition, a larger network has no effect
on the training performance although the average performance between datasets does have a
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consistent difference. To rule out the possibility that network size and performance are related to
the selection o f learning rate and the number o f patterns used for Hessian computation, the same
experiment was carried out using learning rates of 0.0000l(0.9)e, 0.0001(0.9)® and 0.001(0.9)®
and Hessian counts o f 250, 1000 and the maximums for each dataset; 2427 for dataset Amprior
and 7056 for dataset ORCC.
In the case o f larger initial learning rates (0.0001(0.9)® and 0.001(0.9)®) the networks didn’t con
verge at all, saturating during the training process and becoming stuck in a local minima. These
tests were repeated using different decay factors o f 0.6, 0.8 and 0.95 showing the same results.
This makes sense since we’d expect a moderately large learning rate to lend itself to a more care
ful exploration of the weight space as opposed to an overly large one. In the case o f the number
of Hessian patterns, the experiments also produced very similar results, which can be expected
since the Hessian is only estimated once at the beginning o f each epoch. The main difference
produced by increasing the number o f patterns for Hessian computation was that the time for the
network to converge to a result comparable to the network produced after the final epoch; with a
large number of Hessian patterns (1000 or more) this sometimes occurred during the first epoch.
Example learning curves showing a plot o f average MSE versus epoch index are shown for 3 dif
ferent numbers of Hessian patterns in Figure 29, for 6/6/18/18 networks trained in the Lab color
space on the ORCC dataset; results in the other 2 color spaces are similar. In the case of 250 or
1000 Hessian patterns, computing testing error on a network after epoch 5 and epoch 10 pro
duced little improvement in the average over 5 trained networks (6/6/18/18); 96.42% for 250 pat
terns and 96.59% for 1000 patterns. When using 1000 Hessian patterns with this network config
uration, 5 epochs corresponds to 1.25 hours of training time; this time includes the Hessian com
putation at each epoch and the loading and pre-processing o f input images.
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Figure 29 - Average MSE versus epoch for varying numbers o f Hessian approximation patterns

In order to observe whether additional data is beneficial to training performance separate datasets
were generated for each original dataset. These datasets involved generating data with either ro
tation, translation or both. In the case of rotations, angles from -40 to 40 degrees were used in 10
and 20 degree increments; the original dataset expands by a factor o f 9 and 5 respectively. In the
case o f translations, the same sized viewport for generating the rotation data was used except it
was shifted to the comers of the original image as well as sampling the center o f it; the original
dataset expands by a factor of 5. This is shown in Figure 30, with the original 246x246 sampling
region in the middle and additional 4 “translation” regions at the comer of the image. The con
figuration used for these experiments was 246x246 Lab color space input, 54x54 output, a
6/6/18/18 configuration for the number o f feature maps at each hidden layer, 500 Hessian pat
terns and a learning rate schedule o f 0.000001(0.9)e; essentially the same parameter settings as
used to obtain the results in Table 3.
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Figure 30 - Sampling regions for performing “translation” data generation

D ataset O RCC

Dataset A rn p rio r

Dataset

Raw

Basic Post-

Expanded

Raw

Basic Post-

E xpanded

Expansion

Acc.

proc Acc.

D ataset Size

Acc.

proc Acc.

D ataset Size

Shifts

97.37

97.77

35280 (x5)

95.57

95.93

35280 (x5)

Rotations

96.89

97.11

35280(x5)

94.87

95.00

35280 (x5)

Rotations

96.71

96.83

63504 (x9)

94.81

94.97

63504 (x9)

Shifts and

97.40

97.55

63504 (x9)

95.65

95.98

63504 (x9)

97.70

97.99

91728 (xl3)

95.33

95.87

9 1 7 2 8 (xl3)

Rotations
Shifts and
Rotations
Table 4 - Rotation and translation effects on training performance

Comparing the results in Table 3 and Table 4, data generation appears to improve the perfor
mance on both datasets, more so in the case where shifts are used. Further to this, when the net92

works which were trained on the expanded dataset were further tested on the original dataset, the
same increase in performance was observed for both datasets. For example, in the case where the
ORCC shift expanded dataset was tested on the original dataset, average performance over 5 tri
als increased to 97.51%, while for the Amprior dataset increased to 95.44%. Although there are
improvements, the fact that the increase is so small should follow in the case where the features
the network is predominantly learning to extract are color instead of a more complex feature
such as object edges. Indeed the training set which is used doesn’t distinguish between any spe
cific details within the 2 obstacles in question (sky and ground) but does so between them (at the
horizon). In this case rotations would introduce a small number o f new colors into the viewport
but would be limited when compared to translations. It is more encouraging to notice that the
post-processing, on average, always increases performance. Finally, the same trend o f higher
false positive rate than false negative rate was also observed for the resulting networks.
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In order to address the issue o f resolution in the output image, a shallow CNN can be created
containing only 4 layers; input, convolution, pooling and output. This increases the output size
by a factor o f 2, reducing the number of free parameters in the process. For the results in Table 5,
the parameter configuration used was the same as that in obtaining Table 3 and Table 4, includ
ing the fact that 5 separate training sessions were used to determine the averages. However while
the input size remains the same, the output size is 116x116.
D ataset ORCC

Dataset A rn p rio r

Color

Network

Raw

Basic Post-proc.

N etw ork

Raw

Basic Post-proc.

Space

Sizing

Acc.

Acc.

Sizing

Acc.

Acc.

10/10

94.47

94.63

10/10

93.97

94.11

15/15

95.01

95.10

15/15

94.53

94.68

20/20

94.89

94.99

20/20

94.76

94.81

Lab

Table 5 - Training performance o f a 246x246 to 16x116 4 layer CNNs on both datasets

Testing the networks in Table 5 on a shift expanded dataset (Figure 30) or training on a shift ex
panded dataset and testing on the original both produce similar results to those given in Table 5.
For example, using 15/15 configuration networks trained on shifted Amprior images to test on
the original Amprior dataset gives an average accuracy o f 94.49%, while training on the original
and testing on a shift dataset gives 94.27%. In the case o f the ORCC dataset with a 15/15 config
uration this becomes 94.56% for training on shifts and testing on the original, while training on
the original and testing on shifts gives 94.30%. The explanation for why translations are seem
ingly not benefitting performance, compared to the deeper networks, is more difficult to explain
however it may be due to the reduced number o f free parameters for these networks. As before,
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the pattern o f higher false positive rate than false negative rate can also be found for these net
works.
To confirm that the spatial filters being learned are predominantly based on the intensity seen by
a receptive field we can flip the images in the training dataset upside down and test the perfor
mance o f a trained network. This is based on the observation that if edge based filters are being
learned, such that they selectively look for bright regions above darker regions, then they should
be selective in their orientation. In applying both datasets to both the 6 layer and 4 layers net
works, we notice that accuracy does not decrease more than 1.0% in any o f the networks pre
sented in Table 3 and Table 5.
Having observed the effects o f network parameter variation and dataset sizing, it becomes im
portant to determine the generalization ability o f the trained networks. This is crucial since the
UAV will eventually need to fly in new, unseen, environments. To determine this we can apply
networks trained on one dataset to the images in the other, including the cases where extra data is
generated; the results are shown in Table 6. From the results the out of sample error, that is the
error on the other dataset, is encouraging. We observe that for a Lab color based 6/6/18/18 con
figuration network trained on the ORCC dataset, accuracy drops from 96.7% to 93.2% on the
Amprior dataset. In the case o f a 15/15 configuration, the drop is from 95.01 to 93.65%. Similar
ly, in the case of an Amprior dataset trained network, a 6/6/18/18 network drops in accuracy
from 94.27% to 92.6% while a 15/15 network drops from 94.53% to 92.87%. Although it ap
pears data generation has little effect on the out of sample error the simple post processing again,
on average, generally improves results. A reversal is also noticed in the trend for a higher false
positive rate than false negative rate. In particular networks trained on the ORCC dataset, while
following the trend, reverse the effect when tested on the Amprior dataset; that is, the false nega
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tive rate exceeds the false positive rate by a factor o f 1.5-2x. This effect is not observed when
training on the Amprior dataset and testing on ORCC. A possible explanation for this effect is
that the Amprior dataset contains a number o f images (30%) which were captured during flights
late in the day and having low levels o f light as shown in Figure 31. For a network trained on
relatively brighter images, more detail should become to look like ground when lighting levels
are decreased.
Network Siz

Raw Acc.

ing

Basic Post-

Original Dataset

Proc. Acc.

Size

6/6/18/18

93.2

93.41

2427 (Original)

Trained on ORCC, Tested

15/15

93.65

93.89

2427 (Original)

on Amprior

6/6/18/18

92.69

92.75

12135 (x5, Shifts)

15/15

93.84

94.04

12135 (x5, Shifts)

6/6/18/18

92.6

92.75

7056 (Original)

Trained on Arnprior, Test

15/15

92.87

93.09

7056 (Original)

ed on ORCC

6/6/18/18

92.82

92.98

35280 (x5, Shifts)

15/15

92.61

92.71

35280 (x5, Shifts)

Table 6 - Out o f sample error for trained networks on 246x246 input images and 54x54 (4 hidden
layer) and 116x116 (2 hidden layer) output images
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Figure 31 - Example images containing low levels of light in the Amprior dataset

When networks with subsampling layers were trained for sky-mask generation, the training pro
cess did not converge. The reverse effect was observed for training networks with max-pooling
layers on horizon-mask datasets. This suggests that throwing information away (in the case o f
max-pooling) is beneficial to producing activations across an entire image while not doing so
(subsampling) works only for specific image regions. In the case o f training horizon-mask net
works, we use the same learning rate, Hessian pattern count and training stopping time as in
previous examples; as mentioned subsampling layers were used instead of max-pooling as well.
The results of testing on the opposite dataset are summarized in Table 7 where 2 different net
work depths (4 and 6 layers) were used. The results can be seen to be comparable to the results in
Table 6 for the out o f sample performance of sky-mask networks. It is important to note that the
evaluation metric does not take into account the cases where there the image is all sky or all
ground. In this case a qualitative evaluation was instead performed, where it was noticed that a
spurious horizon line was never produced in such images across both datasets.
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Network Sizing

Acc. when trained on
Acc. when trained on Arn
ORCC, tested on Arnprior
prior, tested on ORCC
5/5/15/15
94.3
93.85
8/8/24/24
94.6
93.69
5/5
93.2
92.97
8/8
93.54
93.07
Table 7 - Out o f sample test performance for horizon-mask networks

Finally, the performance gained from combining horizon and sky mask networks is shown in
Table 8. The networks used are those for which the performance was given in the previous tables
in this section. Values of a = 0.0375 (Equation 46), p = 0.25 (Equation 47) and /? = 50 (the
maximum area o f pixel blocks which are considered to be noise in horizon mask images) were
used to obtain these results and were obtained through trial and error. Although the overall in
crease in performance with post processing seems small compared to the raw result, we see that
when testing on the opposite dataset the post processed results are comparable to the training
performance on the opposite dataset. The increase comes with virtually no computational cost,
requiring less than 6ms to run, even with 116x116 output images.
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Trained on O R CC
Sky and horizon

Raw Acc.

netw ork sizing

Full Post-

T rained on A rn p rio r
Raw Acc.

Full Postproc. Acc.

proc. Acc.
96.7

97.41

92.6

93.27

15/15 and 5/5

95.01

95.67

92.87

93.86

Tested on

6/6/18/18 and

93.2

93.97

94.27

94.98

A m p rio r

5/5/15/15
93.65

94.59

94.53

95.12

Tested on

6/6/18/18 and

ORCC

5/5/15/15

15/15 and 5/5

Table 8 - Post processed sky-mask performance when combining sky and horizon mask net
works

Dataset SGL was also evaluated using 246x246 input and 116x116 output images. When testing
the networks presented in Table 8 we obtain 91.48% accuracy when testing this dataset on a
15/15 network trained on the ORCC dataset and 90.55% on an Amprior dataset trained 15/15
network (these measures include basic post-processing). The basic post-processed training per
formance o f an SGL dataset 15/15 network is 93.11% for comparison. Applying this network on
either the ORCC or Amprior dataset yields very poor results however, giving 43.17% and
44.03% respectively. It is difficult to ascertain whether a lack o f data or a lack o f color in the im
ages is the underlying problem (generating additional data using shifts only decreased perfor
mance), although the latter is believed to be the problem. On the other hand the performance o f
ORCC and Amprior dataset networks is very promising considering that more than half o f the
images in the SGL dataset have artifacts introduced due to the interlaced cameras used to capture
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the sequence. Thus it only confirms the ability o f these networks for the horizon and sky mask
detection task.
3.5.1

Performance Comparison with SVMs

To apply SVMs for generating a sky-mask, the input and target images in both datasets were first
subsampled using 246x246 viewports. The windows were then down-sampled to 54x54 images
which correspond to the output sizing of a number of tested networks in Section 3.5. Each pixel
in the 54x54 image represents a feature vector, as explained in Section 2.3.2, and is computed
over a window around each pixel; window sizes o f 3x3 and 7x7 were tested. For a 3x3 window,
a 52x52 sky-mask would then be produced, neglecting the boundary pixels, with 522=2704 fea
ture vectors per image. In the case o f the ORCC dataset, 7055 images meant over 19 million
training examples. This is potentially good news in terms of the out of sample error estimate (as
suming a relatively small number of resulting support vectors) however in terms o f training time
and computational resources it meant that attempting to train on image sizes beyond 54x54 was
not feasible; specialized, GPU oriented, SVM training algorithms were not investigated.
Two types o f SVM kernels were used for all tests; linear and radial basis function (RBF). In the
case o f the RBF kernel, the scaling factor used for the exponential was 1. The soft-margin cost
value C used for experiments was the MATLAB default o f
v

class 2 (ground) where N =

N

2* N

for class 1 (sky) a n d
X

v

N

for

2 * N 2

+ N2. The training algorithm used was SMO since the QP algo

rithm was unable to execute on either dataset due to lack o f memory (12GB); the maximum
number o f SMO iterations was 1 million. All inputs were shifted and scaled to make their mean 0
and standard deviation 1 before training.
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When training on the ORCC dataset an accuracy o f 97.63% for the RBF kernel using 3x3 win
dows was observed while with a 7x7 window this increased to 97.98%. This contrasts sharply
with the linear kernel SVM which produced 39.97% and 43.66% for the 3x3 and 7x7 windows
respectively, indicating the difficulty o f data separation by the linear kernel. In the case o f the
smaller Amprior dataset, 96.83% and 97.53% was observed for the 3x3 and 7x7 windows re
spectively for the RBF kernel based SVM. In the case of the linear kernel the accuracy fell to
22.9% and 23.47% with 3x3 and 7x7 windows respectively.
When testing trained (RBF kernel) networks on the other dataset we find, for the ORCC dataset
trained networks tested on the Amprior dataset, network performance dropping to 94.23% and
94.41% for 3x3 and 7x7 windows respectively. In the case of Amprior dataset trained networks
tested on the ORCC dataset, the accuracy becomes 93.23% and 93.87% for the 3x3 and 7x7
windows respectively.
When testing on the SGL dataset using 3x3 window RBF kernel SVMs trained on the ORCC and
Amprior datasets, we see out of sample error rates of 73.21% and 68.49% respectively. This con
trasts sharply with the 91.5% and 90.5% rates obtained by applying a CNN trained on the respec
tive datasets.
We can see that for both ORCC and Amprior datasets, CNNs are comparable in performance,
within 1% accuracy, to the RBF kernel based SVMs. The number o f generated support vectors is
quite large however, for example producing over 500,000 for the Amprior dataset. This may be a
problem when considering a hardware based SVM implementation which is severely resource
constrained. In terms o f runtime performance it is important to remember that the evaluation per
formed with SVMs was purely CPU based (MATLAB) while the evaluation for CNNs was on
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GPU hardware. With that in mind, we see that the training time for both linear and RBF kernel
SVMs on the Amprior dataset was considerable, requiring 4 and 6 days respectively to train. The
time to classify for the linear SVM was reasonably fast taking approximately 0.5 seconds per in
put pattern while taking over 2 seconds for the RBF kernel. Training time could potentially be an
issue in cases where rapid site surveying is performed, requiring frequent flights to be performed
which produce new training data.
Although the performance results appear bleak, research can be found in the literature on porting
both SVM training and evaluation to a GPU [75]. The results from this work show speed-up’s
ranging between 9-35x on CUDA based GPU’s, although the performance is usually not evaluat
ed on datasets bigger than a few hundred thousand input vectors.
3.6

Platform and Runtime Performance Considerations

CUDA based graphics hardware was used in this thesis to train and test CNNs. This was driven
by the knowledge that one o f the future GeoSurv II capabilities will be to provide onboard power
to the obstacle detection system.
In the literature GPU based applications o f CNNs have typically focused on relatively small in
put images sizes [68] or older CUDA hardware (compute capability 1.x) [69], [70], [71]. Investi
gating the performance o f implementations on older CUDA hardware is still informative for 2
reasons. The first is that the reported performance can be seen to be quite good under the appro
priate optimization [72], being able match or even outperform our un-optimized implementation.
For example in [72] Strigl et al. report a forward propagation performance o f approximately
1.5ms for 104x104 grayscale images for a LeNet-5 style network while Scherer et al. report a
runtime of approximately 10ms for 256x256 grayscale images with a similar network configura102

tion. A corresponding performance curve for a convolution only network and also the LeNet-5
variant using varying size input images is given in Table 9 for our implementation. The second
reason is that mini and micro ATX based systems with integrated CUDA cards are available on
the market, for older (1.x) and some newer (2.x) compute capabilities. These systems still draw a
large amount of power (150-200W) however the newer NVIDIA ION based systems can draw as
little as 30W [94], Since these systems support CPU’s, hard drives, Ethernet and USB ports they
offer an attractive all in one platform for supporting both the obstacle detection and avoidance
algorithms as well as any peripherals such as cameras or interface to the MicroPilot in the GeoSurv. Nonetheless, it is informative to investigate other potential platforms for deploying
CNNs. When comparing CPU and GPU based CNN implementations, the GPU based implemen
tations typically outperform their CPU counterparts by a 10-20x speed-up [69] [72].

8/8/24/24 (146 to 29)

4.49

8/8(146 to 66)

2.28

8/8/24/24 (246 to 54)

12.89

8/8 (246 to 116)

6.48

Table 9 - Performance Curve for Varying Input Sizes

In addition to GPU’s, CNNs have also been ported to a low-end DSP-oriented Field Programma
ble Gate Arrays (FPGAs) [65]. In [65] Farabet et al. describe a programmable CNN Processor
with an instruction set which matches the elementary operations o f a CNN. The system is shown
to produce a performance o f 100ms per forward propagation on 512x384 grayscale images and a
7 layer network using the Spartan-3A DSP 3400 and Virtex-4 SX35 FPGAs. The work in [65]
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improves on the work by Cloutier et al. in [66] which was restricted to limited capacity FPGAs
with low accuracy arithmetic. A further analysis o f FPGA CNNs for large scale CNNs with
500x500 input images is further given by Farabet et al. in [71]. In [67] Chakradhar et al. present
an FPGA based implementation on a Virtex 5 which is able to process 640x480 grayscale images
at speeds in the range of 33 to 40ms using network sizing similar to that of [65]. A significant
advantage o f deploying a CNN on an FPGA is the low power consumption compared to GPU’s,
requiring as little as 15W [65], [67], [71].
3.7

Conclusions

In this chapter a new approach to horizon and sky mask generation using convolutional neural
networks was presented. The results show accurate classification o f sky and ground pixels across
2 large real-world datasets containing various terrain as well as on a third, small, dataset which
was taken with a different camera, seasonal conditions and in the presence o f significant noise.
No particular color model was found to out-perform any other consistently across the network
configurations which were tested. As such particular color model is endorsed, the selection o f
which should depend on the application. For example if visual evaluation o f input images is crit
ical, the RGB color space would be appropriate.

4 Edge Feature Based Stereoscopic Obstacle Detection
This chapter expands on the edge feature based stereo obstacle detection pipeline introduced in
Section 2.2.2. This includes combining the edge based feature images with the sky-mask gener
ated by a convolutional network as outlined in the previous chapter, followed by stereo corre-
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spondence and 3D mapping o f detected obstacles. A small number of stereoscopic videos are
used to evaluate the proposed approach.
4.1

Experimental Setup

Two pairs of cameras were used for collecting all datasets used in this thesis. The first pair was
shown in Figure 3 in Section 2.1.2, and records 640x480 video at a frame rate o f 30
frames/second. These cameras have a focal length o f 3.6mm and horizontal and vertical angles of
view of approximately 50 and 40 degrees respectively. The second pair of cameras are Logitech
C250 webcams. They have a resolution of 640x480 with a CMOS sensor and a focal length o f
2mm. They record at 30 frames/sec and have horizontal and vertical angles o f view o f approxi
mately 50 and 40 degrees respectively. The first pair of cameras was used during a Telemaster
flight test at the Amprior RC field to track a group of balloons. Since the data collected during
this scenario was short, a number o f ground tests using webcams and a laptop were performed
with balloons and other artificial structures above the horizon acting as potential obstacles. Cali
brations were performed using a reference checkerboard pattern for all obtained sequences using
the MATLAB Camera Calibration Toolbox.
4.2

Obstacle Datasets

Three stereoscopic video sequences were obtained for testing the algorithms in this section. The
first was a clip from a test flight at the Amprior airfield, showing a low approach towards bal
loon obstacles. An example stereo image pair from this sequence is shown in Figure 32 with the
locations o f the balloon obstacles circled for clarity. An overhead view of the Amprior airfield is
shown in Figure 33 noting the starting position o f the aircraft at the beginning of the video (Yi),
the final position (Y2) and the location o f the balloon obstacle (Ob). It is important to note that
the use of overhead imagery as a baseline for distances as well as the marking o f specific map
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points to correspond to the locations o f captured video is only meant to provide a rough, order of
magnitude, validation o f the depth estimates generated by the proposed method.

Figure 32 - Stereo image pair from Amprior video sequence (balloon obstacles location circled
in red for clarity)

Figure 33 - Overhead image o f the Amprior airfield with approximate initial aircraft location
(Yi, red), end location (Y2, red) and balloon obstacle location (Ob, blue). Distance scale shown
bottom left.

An overhead view o f the location for the ground tests is shown in Figure 34. The location o f the
balloon obstacles is marked as Ob (in blue) in the image. The ground tests consisted of 5 se
quences, beginning at various locations on the field which are marked as Xi to X5 in Figure 34,
walking towards the various obstacles with a stereo camera pair; the walk duration is short (all
videos are less than 1 min. in length) and in the directions indicated by the arrows. The obstacle
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locations in the various videos are marked as Oi-C>6 as well as Ob for the balloon obstacles. For
example Figure 35 shows Ob and 06 for the walk starting at Xt, while Figure 36 shows obstacles
Oi to O4 for walk X4. Obstacle O5 in Figure 36 is occluded due to obstacle Oi.
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Figure 34 - Aerial view o f ground test location (distance scale, bottom left comer)

Figure 35 - Stereo image pair from a ground test sequence with above horizon obstacles circled
and numbered
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Figure 36 - Another stereo image pair from a ground test sequence with corresponding above
horizon obstacles and occlusion circled and numbered

4.3

Feature Extraction

This section outlines the feature extraction stage in the obstacle detection pipeline shown previ
ously in Figure 4. The Sobel edge filter was applied to all captured sequences presented in Sec
tion 4.2. Frames in each sequence were manually checked for detection of objects o f interest,
such as those circled in Figure 32, Figure 35 and Figure 36, over the length o f each sequence.
This was performed over a number o f cutoff thresholds for the edge gradient magnitude to inves
tigate the detection and noise rates for each sequence. The validity o f assuming that the edge
maps produced for a particular obstacle between a stereo image pair is deferred to Section 4.4.
The detection rate o f objects, manually identified to be potential obstacles, is summarized in Ta
ble 10 below. The corresponding starting point for each sequence and the objects visible
throughout the sequence in both views are given. The combined detection rate gives the percent
age of stereo frames in which each sequence object was both visible and detected in both the left
and right stereo frames. Visibility was manually determined for each frame, which was possible
since all sequences were 1 minute or less in duration.
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Table 10 - Combined object detection rates for all video sequences (gradient threshold o f 64)

Decreasing the gradient threshold to 32 allows for 100% detection rates for all objects; however
a larger amount of noise appears in the resulting edge maps. Examples of using a threshold o f 64
are shown below in Figure 37 for the flight sequence. A typical example image with cloud cover,
taken from the ORCC database is shown in Figure 38. The threshold used in this image is the
same as that used to obtain the results in Table 10. Although further flight tests videos are neces
sary to better understand the effects of cloud cover and threshold, it appears that under favorable
weather conditions a threshold similar to that used in Figure 37 and Figure 38 would be appro
priate to both detect small, high contrast, obstacles and also be robust to noise from cloud cover.
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Figure 37 - Original stereo image pair (top) and the corresponding Sobel edge maps (bottom)
with the balloon distinguishable above the horizon (gradient threshold of 64). Edge maps invert
ed for clarity.

1
.

Figure 38 - Example image with could cover from the ORCC database (gradient threshold of
64). Edge map inverted and highlighted in red for clarity.

I ll

4.4

Sparse Block Matching

This section focuses on presenting the block matching results on extracted edge features. Two
sequences are focused on in particular. The first is ground sequence #4 due to the abundance o f
visible obstacles as well as the flight sequence since it is the only calibrated stereo flight se
quence with above the horizon obstacles which was successfully captured. Shown below in Fig
ure 40, Figure 41 and Figure 42 are the example, consistency checked, left disparity maps for a
rectified stereo image pair (Figure 39) from ground test sequence #4 using each measure dis
cussed in Section 2.5.4.2. In the case of ZNCC and SAD, a window size of 5x5 was used for the
correspondence. The image pair was the first captured in the sequence, corresponding to location
X4 in Figure 34. The sparseness in disparity can be seen for both the BT and ZNCC measures,
while the SAD measure does not seem to suffer from this problem allowing it to detect obstacle
O2 and O3 as well (circled in red in Figure 42 and originally shown in Figure 36). Looking closer

at the computed disparities for obstacle Oi in Figure 42, the disparity observed over the pixels of
the obstacle is 11. Using the calibration produced re-projection matrix Q of:

Q

1
0
0
0

0
1
0
0

0
0
0
1.51875

-3 26.6271
-2 3 2 .6 7 1
759.056
0

A disparity o f 11 produces a depth of 45m (with a range resolution o f 4m). Consulting Figure 34,
we see that the ground truth distance for the starting point o f the sequence is approximately 37m.
Looking at obstacle O2, we notice a disparity o f 4 which corresponds to a depth o f 125m (with a
range resolution of 31m). From Figure 34 we expect a depth of approximately 100m. Obstacle
O3 was also detected, although disparities of both 1 and 2 were observed for the obstacle; this
corresponds to depths o f 500m and 250m respectively. The corresponding depth resolutions for
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these depths are 500m and 125m respectively. The true depth from Figure 34 is approximately
250m. The trees to the right of obstacle Oi vary between 150m and 200m in Figure 34, with their
representation being sparse due to the large and cluttered variation in their shape. Their corre
sponding disparity varies between 3 and 5 or 166m and 100m (corresponding resolutions of 54m
and 22m).

Figure 39 - Rectified stereo image pair from ground sequence #4
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f:

Figure 40 - Birchfield and Tomassi (BT) measure based disparity map (darker color is closer to
the cameras as the image is inverted, disparity search range of 1-20 and edge gradient threshold
of 64).

t

Figure 41 - ZNCC measure based disparity map (darker color is closer to the cameras as the im
age is inverted, disparity search range o f 1-20 and edge gradient threshold o f 64)
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Figure 42 - SAD measure based disparity map (obstacles Oi, O2 and O3 from Figure 36 circled
in red, darker color is closer to the cameras as the image is inverted, disparity search range o f 120 and edge gradient threshold of 64)

The BT and ZNCC measures produce similar results in the other ground sequences and fail to
agree on the balloon obstacle disparity in the flight sequence, missing the balloons entirely; simi
lar results are observed using window sizes of 3x3, 7x7 and 9x9. Thus it appears for both camera
pairs the issue o f gain offsets and bias is not a pressing one to correct. It was generally observed
that in the case o f the SAD measure, disparity results became more uniform in spatially similar
regions when using larger search windows (9x9 and up). However small details, such as obsta
cles O2 and O3 in Figure 42 which are only a few pixels in size, disappear entirely after the con
sistency check with window sizes larger than 5x5 which is to be expected since surrounding de
tail becomes more dominant and eliminates small features.
In applying the SAD measure with a 5x5 window to the flight sequence (example rectified stereo
pair shown in Figure 43) the disparity map shown in Figure 44 is obtained. Although the dispari
ty map is quite sparse, the balloon obstacles are detected as well as a small number o f horizon
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features. The visible correspondence matches at the horizon correspond to disparities o f 1 and 2
and, using the re-projection matrix given below, correspond to respective depths o f 1200m and
600m (respective uncertainties o f 1200m and 300m). Comparing the aircraft position between
Figure 33 and Figure 43, the location of the farthest trees in the direction o f the flight path are
approximately 650m away. In the case o f the closest trees to the right of the flight path, we can
measure they are approximately 250m away, while the observed disparities are 4 and 5, corre
sponding to depth of 300m and 240m respectively (with respective resolution errors o f 74m and
47m). Finally, the balloon obstacles are approximately 200m away in Figure 33 while their
measured disparity is 6, corresponding to a depth o f 200m (range uncertainty of 33m). While the
sparseness o f disparity results comes from the strict consistency check being applied, the corre
spondence between the estimated disparities and those estimated from overhead views is encour
aging.

1
0
0
0

0
1
0
0

0
0
0
0.77377

228 . 034 - 151.307
931.861
0
-
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Figure 43 - Rectified stereo image pair for the flight sequence

Figure 44 - Disparity map computed using SAD 5x5 block matching with annotated obstacles
circled with respect to Figure 43 (disparity range 1-16, gradient threshold 64)

To look closer at consistency o f re-projected points in 3D with physical measurements we can
take the left view from the rectified views in Figure 39 and mark the pixel locations o f specific
features on the closest and largest obstacle (the lighting pole) as shown in Figure 45. The pixel
locations o f each point is seen to be A = (201, 26), B = (227, 30), C = (251, 33), D = (216, 232)
and E = (215, 270). The physical distance between points D and E was manually measured to be
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1.9 meters and using this measure the physical distance between points D and B was estimated to
be 11.4 meters. Using the re-projection matrix and the disparity o f 11 found for the obstacle, the
corresponding 3D locations (indicated by adding a prime symbol to each point) o f the indicated
pixels can be computed as being A ’ = (-7.52, -12.37, 45.43), B ’ = (-5.96, -12.13, 45.43), C ’ = (4.52, -11.95,45.43), D ’ = (-6.62, -0.04,45.43) and E ’ = (-6.68, 2.23, 45.43) where each coordi
nate is in meters. These results allow us to compute that the vertical distance between D ’ and E ’
as 2.27 meters while the distance between D ’ and B ’ is 14.36 meters. These estimates are a rea
sonable approximation of the true, measured, height of the physical object.

Figure 45 - Feature points used to estimate the validity o f the re-projection

It is important to consider the detection rate of manually identified obstacles by the stereo corre
spondence algorithm as it gives an idea of the percentage o f the total number o f image frame
where at least a single disparity was computed for a particular obstacle. These rates can be com
pared to those given in Table 10, which give the detection rates for manually identified obstacles
in terms o f edge detection. Since the consistency check is strict and is aimed at removing noise,
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we expect that the stereo processed detection rates are lower than the feature extracted rates. This
is confirmed by measurements and is summarized for all sequences in Table 11. Rates are pre
sented as percentages relative to the total number o f frames during which the particular obstacle
is visible in both the left and right views as well as having been detected by the feature extraction
processing stage as well. From the measurements, we notice that the detection rate for the bal
loon obstacles drops from 98% to 93%, where the drop is in cases when rapid illumination
changes occur. In the case of ground sequences 2 and 4, we notice that the farthest obstacle (O3)
drops in detection rate from 100%. This is primarily due to its small size due to its large distance
from the cameras (250m with a range resolution error o f 125m).
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Table 11 - Stereo detection rates (as percentage o f total frames) for all manually identified ob
stacles (gradient threshold o f 64, SAD window size of 5x5, disparity range 1-32)
4.S

Horizon Boundary Application and Model Construction

As stated in Section 2.2.1, the goal of this thesis is to detect obstacles both at and above the hori
zon. Having obtained an accurate sky-mask using the process outlined in Chapter 3, it should be
possible to achieve the latter by selecting the sky region o f the image for further feature extrac
tion and stereo correspondence. However if we consider the cases shown in Figure 46 below,
where obstacles form part o f the horizon, we can see that an accurate sky-mask will actually hin
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der our detection efforts for obstacles at the horizon since our sky-mask will not retain features
exactly at the horizon.

Figure 46 - Example collision scenarios with the collision obstacle forming part o f the horizon
boundary (left image: building and tree tops, right image: tree tops and poles)

In order to ensure that features just below the horizon boundary do propagate to the stereo corre
spondence stage, we use the data computed during the agreement processing stage between sky
and horizon masks (described in Section 3.4). There we tabulated all agreement regions where a
valid sky to ground transition was detected in the sky-mask which agreed with the horizon-mask.
By appending the horizon-mask to all columns o f the sky-mask in which there is agreement be
tween the two, both the horizon boundary and the immediate region below it can be combined
together. Square regions from the original input images were taken in order to overcome the re
striction that the inputs to the CNN framework must be square. For 640x480 images this pro
duced 480x480 sub-regions in the original images. The 480x480 images were then downsampled to 246x246 and applied to 4 layer networks described in Section 3.5, producing
116x116 outputs. The 116x116 outputs (for both sky and horizon masks) were then logically
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added together with the resulting image up-sampled to 480x480. An example RGB image with
sky and horizon masks generated by a 4 layer CNN trained on the Amprior dataset, up-sampled
from 116x116 to 480x480, is shown in Figure 47. Note the results produced appear quite good
even though the network has never seen the given image which was also taken using a different
camera than that used to capture the ORCC and Amprior datasets. The corresponding edge map
is shown in Figure 48 along with the results of masking with the sky-mask and a combination of
sky and horizon masks together shown as well. The combination mask allows the entire edge
mask to appear.

Figure 47 - Example o f an original image (left), a sky-mask (center) and horizon-mask (right)
image generated by a CNN and up-sampled
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Figure 48 - Example o f an original edge map (left, gradient threshold 32), masked with the skymask in Figure 47 (center) and masked using a combination o f sky and horizon masks (right).
Images are inverted and highlighted in red for clarity.

Another example similar to the one above is given for an image from the flight sequence in Fig
ure 49 and Figure 50. From looking at the sky-masked edge map it is clear where the false posi
tives are, as these pixels show up as horizon edges from the original edge map. Adding in the
horizon-mask allows for the clutter below the horizon to be removed, albeit still passing through
a small amount o f detail below the horizon.

Figure 49 - Example o f an original image (left), a sky-mask (center) and horizon-mask (right)
image generated by a CNN and up-sampled
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Figure 50 - Example o f an original edge map (left, gradient threshold 32), masked with the skymask in Figure 49 (center) and masked using a combination o f sky and horizon masks (right).
Images are inverted and highlighted in red for clarity.

In light o f the obstacle avoidance requirements the obstacle detection simply aggregates pixels
lying on and in close proximity on the same disparity plane into 2D bounding rectangles. The
information passed to the obstacle avoidance algorithm are the 3D locations o f the comers of
each detected bounding rectangle. These locations are determined by first finding the image co
ordinates o f the bounding rectangle comers and then, with the disparity, using the re-projection
matrix Q in Equation 41 to determine their 3D locations. For our tests we make an additional as
sumption to the consistency check in order to remove noise, which is that single disparity pixels
with no similar neighbors are excluded from consideration for re-projection. Shown in Figure 51
is the result on the disparity map found in the previous section in sequence #4 with the horizon
and sky mask combination applied to remove detail below the horizon. To give a perspective o f
scale, the extremes (after simple aggregation o f any adjacent connected component rectangles) of
the rectangular region encompassing obstacle Oi has comer points (starting top-left and going
clockwise) o f (204, 16), (254, 16), (254, 177) and (204, 177). These correspond to physical coor
dinates o f (-7.34, -12.96, 45.43), (-4.34, -12.96, 45.43), (-4.34, -3.33, 45.43) and (-7.34, -3.33,
45.43) using a disparity o f 11 for the aggregated pixels. This gives the obstacle a width o f ap
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proximately 3 meters and a height of 9.63 meters (shortened from the previous estimate due to
the horizon).

I■
Figure 51 - Disparity map with similar rectangles grouped by connected components outlined in
red (9x9 SAD window, disparity range 1-20, edge gradient threshold of 32)
4.6

Runtime Performance Considerations

All 3 block matching measures were implemented to run on an x86 system in C++ using the
Visual Studio environment. In addition each block matching measure was implemented to run on
a CUDA GPU. The performance o f the non-GPU block matching algorithms is currently poor
(although it is un-optimized), with the total runtime of computing both the left and right disparity
maps over 16 disparities using 3x3, 5x5 and 7x7 SAD windows being 2, 5.2 and 9 seconds re
spectively. On the other hand using the custom (un-optimized) GPU version o f the SAD block
matching algorithm, performance improves considerably to 5.9, 6.34 and 6.68 ms respectively
for the respective matching window sizes.
The CUDA GPU based SAD block matching measure currently does not take into account
knowledge of edge features. Thus the resulting left and right disparity maps are post processed to
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remove disparity information at pixels where there are no edge features (in the process perform
ing the consistency check). The implementation was done this way due to the potential sparse
ness of edge features in arbitrary scenes, where sparse memory reads and writes could potentially
be problematic in terms o f performance. The consistency check performed takes 30 ms to com
plete for the denser ground video sequences and is currently not something which is expected to
be easily ported to a GPU since lookups between pixels are not necessarily uniform. Thus in
terms of performance it is currently the bottle-neck in the processing pipeline.
4.7

Conclusions

In this chapter an edge feature based approach was proposed for performing obstacle detection,
incorporating horizon and sky masks generated by a CNN to remove unwanted detail below the
horizon. The resulting feature based image underwent stereo matching, tested with 3 different
window correlation techniques, and was found to compute reasonable estimates o f the true depth
and sizing of potential obstacles which allowed for a 3D model of detected obstacles to be con
structed which can be used for collision avoidance.

5 Conclusions
5.1

Summary of Results

The approach to sky and horizon mask generation using a CNN proved to be accurate with the
proposed post-processing, namely combining the output from sky and horizon mask networks,
generally improving results. The networks were seen to be learning color based filters for dis
cerning the sky and ground regions which was confirmed by testing trained network performance
to upside down images. Performance was tested across 2 real-world datasets, achieving training
performance similar to that reported in the literature for sky-mask generation using an SVM.
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Manual experiments using an SVM confirmed that the performance of trained CNN networks
was within 1% o f an RBF kernel based SVM. The benefits of using a CNN over an SVM for this
task appear to be robustness in the presence o f image noise, where trained CNNs were applied
to a small, noise and sampling corrupted, dataset achieving testing performance similar to train
ing performance. In additions a significantly smaller amount o f memory is required for repre
senting a CNN; something which is handy on resource constrained platforms that may be pro
cessing other CNNs which focus on additional tasks such as obstacle detection. It was found that
dataset expansion using shifts and rotations was not helpful in increasing network performance,
however creating shallow 4 layer networks was seen to provide a balance o f good performance
and reduced computational requirements.
In order to perform obstacle detection, captured stereo images were rectified and masked to ex
tract salient edge features in the scene. The resulting edge maps were masked using the output
from a CNN in order to preserve only edge features at the horizon and above. A SAD window
based block matching approach was investigated for performing correspondence o f the masked
feature images. This approach showed the ability to reasonably estimate the depth and dimen
sions o f potential obstacles in a number of video sequences, allowing a 3D re-projection o f pixels
aggregated by depth to be made. The final output from the processing pipeline is a set o f bound
ing rectangles located on disparity planes in the scene, and can be used by an obstacle avoidance
algorithm to perform aircraft guidance.
5.2

Future Research

In this section possible directions which should merit investigation as a natural continuation o f
this thesis are presented.
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5.2.1

Horizon Detection

To increase the accuracy and possibly relax the heuristic post-processing o f the sky-mask, a
small committee of CNNs could potentially be trained using different color models for the input
images. This is based on the idea that several weak learners should aggregate to produce a
stronger learner. In fact a mixture with a competing model such as an SVM could also be a pos
sibility. The feasibility of using a committee o f CNNs depends on an evaluation o f CNN perfor
mance on slower platforms (x86) or possibly an optimization o f the existing GPU forward prop
agation code. This is because the horizon detection stage should really be a starting point in the
situations where it’s needed and should have minimal impact on any processing pipeline.
Finally in the case where only a horizon line needs to be extracted, one could use the dominant
activation region produced by the horizon-mask CNN to infer the best horizon line to draw in the
image. This represents a significant reduction in the search space for regions to place possible
dividing lines, which in general is anywhere in the input image or anywhere a generic edge de
tector produces output.
5.2.2

Obstacle Detection

In Section 4 an edge based stereo correspondence algorithm was presented. This algorithm was
crafted to exploit the unique appearance of the sky region above the horizon (as compared to the
region below) which allows potential obstacles to stand out by large contrast variation. The main
idea to exploit this principle was to use edge detection, which essentially became the core obsta
cle detector. Although shown to work well in principle, the general nature o f the edge detectors
used raises some question over their sole use for the obstacle detection task, since cloud cover as
well as lighting changes and camera bias variations can potentially interfere to produce spurious
results. Although edge detection with an adaptive threshold could be used we consider the case
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where a CNN could potentially be used as a replacement feature detector. Indeed the general na
ture o f generic edge detectors was the reason why CNNs were employed for the horizon detec
tion task in the first place, sacrificing generality for the ability to learn specialized spatial filters
suited for the task.
The success of CNNs for the broad case of detecting 2 obstacles (sky and ground) seems to im
ply that CNNs could also be suited for general obstacle detection above the horizon. The princi
ple would be the same, requiring the network to produce activations at only the points which per
tain to a potential obstacle; the CNN would effectively be acting as an obstacle silhouette detec
tor. A significant body of literature has explored CNNs as general object recognition machines
[68][95][96]. These results however typically focus on the labeling of objects into classes where
a fully connected layer serves to identify the object in the input. In our case however, the interest
is particularly in silhouette detection. The recognition stage could come later in such a system
and possibly serve a simple decision system which could take certain action based on actually
classifying the detected silhouette; if we’ve detected an electrical tower there should be wires
around and banking left or right might not make sense unless we gain altitude.
Although constructing datasets for training such networks using real-world images seems like a
daunting task, it is made easier by the fact that there are numerous datasets already available in
cluding CIFAR [97] and NORB [98]; in particular the images with an “airplane” label in each
dataset. The problem is that these images don’t specify the silhouette for objects. To this end a
data generation process could be applied using existing flight videos. If we generate a 3D model
of an airplane object, rotate it to some attitude and texture map the obstacle so as to appear real
we could then artificially project it into the scene. Having knowledge of the aircraft motion
through the MicroPilot datalog would give us information on the ego-motion o f the aircraft on
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which the original video was taken, allowing us to simulate an approaching obstacle growing in
size or even having a more complicated trajectory. Finally, since the object would be artificially
generated the ground truth silhouette labeling would be known, allowing a large training dataset
to be created.
5.2.3

Stereoscopic Vision

Although capturing clean stereo data is difficult on its own, it is even more difficult to construct
ground truth stereo datasets in an outdoor environment. To overcome this problem the distance
between the camera and object references frames must be determined. A potential way o f obtain
ing the ground truth distance is to log the GPS coordinates of both reference frames during a test
aircraft’s approaches towards an object; this is assuming the aircraft is flying at the same altitude,
directly towards the obstacle. The MicroPilot autopilot on the Telemaster aircraft has the ability
to log GPS position and timestamps while in the case of the test obstacle, a miniature GPS logger
such as the TrackStick could be used [99].
In the future, the stereoscopic processing pipeline will need to be expanded to process both the
sky and ground regions. This will not mean that horizon detection won’t be required; on the con
trary, the search process can be tuned to take advantage o f the properties o f both regions. For the
ground region sparse feature extraction, for example using SIFT, SURF or FAST, could be em 
ployed to ensure as small a computational burden as possible. It may also be necessary to drop
the idea o f pre-calibrated stereo all-together, relying instead on computing the fundamental ma
trix from tracked feature points. This is apparent not just in terms o f potential robustness but also
since there is additional ongoing research on the GeoSurv project dealing with monocular obsta
cle detection above and below the horizon as well as feature tracking in order to perform terrain
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mapping. Re-using this information for calibration purposes should therefore be a natural future
integration step.
In order to improve the robustness of the stereo correspondence stage a more complex sparse
correspondence algorithm could be used; one which may also be robust to below the horizon ste
reo. In particular, belief propagation has been shown to work well for sparse correspondence
[73]. Although this approach is typically computationally complex, recent improvements to the
core algorithm have shown significant speedup, some of which is particularly tailored to wide
baseline stereo vision [74].
To summarize, the contributions o f this thesis are:
•

The construction of a ground truth, flight captured, image dataset for evaluating the per
formance o f potential horizon detection algorithms.

•

Proposing a new approach to performing sky & ground and horizon boundary detection
at a high rate o f accuracy. The approach involves using convolutional neural networks
(the first application o f these networks to this task) to automatically learn spatial feature
extractors for finding the sky and ground.

•

Proposing an above the horizon obstacle detection pipeline based on edge detection and
stereoscopic vision which allows detected objects to be localized and mapped in 3D.
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