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Abstract

There has been great interest in the use of small robotic helicopter vehicles
over the last few years. Although there are regulatory issues involved in
flying these that are still to be solved, they have the potential to provide
a practical mobile aerial platform for a small fraction of the cost of a
conventional manned helicopter. One potential class of applications for
these is in searching for people, and this thesis explores a new generation

of cameras which are suitable for this purpose.

We propose HeatTrack, a novel algorithm to detect and track people in
aerial imagery taken from a combined infrared/visible camera rig. A Lo-
cal Binary Patterns (LBP) detector finds silhouettes in the infrared image
which are used guide the search in the visible light image, and a Kalman
filter combines information from both modalities in order to track a person
more accurately than if only a single modality were available. We intro-
duce a method for matching the thermal signature of a person to their
corresponding patch in the visible modality, and show that this is more
accurate than traditional homography-based matching. Furthermore, we
propose a method for cancelling out camera motion which allows us to es-
timate a velocity for the person, and this helps in determining the location

of a person in subsequent frames.

HeatTrack demonstrates several advantages over tracking in the visible
domain only, particularly in cases where the person shows up clearly in
infrared. By narrowing down the search to the warmer parts of a scene, the
detection of a person is faster than if the whole image were searched. The
use of two imaging modalities instead of one makes the system more ro-
bust to occlusion; this, in combination with estimation of the velocity of a
person, enables tracking even when information is lacking in either modal-
ity. To the best of our knowledge, this is the first published algorithm for
tracking people in aerial imagery using a combined infrared /visible camera

setup.
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Chapter 1

Introduction

There has been great interest in the use of small robotic helicopter vehicles over the
last couple of years. Although there are regulatory issues involved in flying these
that are still to be solved, they have the potential to provide a practical mobile aerial
platform for a small fraction of the cost of a conventional manned helicopter. One
potential class of applications for these is in searching for people. Police helicopters
are regularly used for this purpose in the UK and elsewhere, where a trained human
‘spotter’ will typically use a combination of infrared (IR) and visible light imaging to
seek people lost or hiding from the authorities. The equipment used for this purpose
on manned helicopters is typically large, heavy and expensive, and relies on the spotter
to detect the targets. The primary purpose of this DPhil is to explore the use of a new
generation of cameras that may be suitable for this task on small unmanned aerial
vehicles (UAVs). Communications between such a UAV and a human controller may
be unreliable or limited, so it would be useful to be able to use new computer hardware
and image processing techniques to at least partially automate the detection process;
it would be preferable to have a UAV send back just images of a potential target to
the controller for verification, rather than expect the controller to continually stare
at a screen for long periods.

The detection of people from small UAVs poses several challenges, including

e Payload - Small research UAVs can typically carry less than a kilogram of load
depending on their flight-time. This has to account for cameras, lenses, mounts,

and computing and communication equipment. Although a mission-ready UAV



might manage more, hard decisions will have to be made regarding the use of

payload. In particular, heavy zoom lenses are unlikely to be viable.

e Camera vibration - Small vehicles are particularly vulnerable to gusts of wind, and
there is normally little weight allowance available to provide complete dampening of
mechanical vibrations within the UAV. UAVs specifically designed with aerial pho-
tography in mind have gimbal mounts which allow the camera to continue pointing
in the same direction while compensating for changes in vehicle orientation. Other
UAVs use video stabilisation technology which compares consecutive video frames

and shifts each frame in order to provide stable output.

e Processing power - Although techniques such as Graphics Processing Unit (GPU)
programming may be very effective for image processing, the overall computing

power available on a UAV will be limited.

e Infrared picture quality - ‘Traditional’ quality IR cameras are heavy, particularly
if they use active cooling systems. We instead use a micro-bolometer camera,
which weighs just 80g including a single lens (but not including all of the required
processing electronics). Such cameras are solid state, and the price may be expected
to fall', but the most expensive (c. $8K) model currently available outside of the

military provides an image resolution of only 640 x 480.

e Weather conditions - To be fit for purpose a UAV-based solution should be able
to deal with at least some variety of weather. The RKM 8X Surveillor by Ro-
torKonzept (Figure 1.1) was designed specifically for surveillance applications, and
is capable of withstanding rain, snowfall and wind speeds of up to 40km/h. It is
equipped with a thermal camera and a visible light camera, and has a flight time

of up to 20 minutes.

!FLIR are now marketing a small microbolometer unit with a resolution of 100 x 80 for under
$500.



Figure 1.1: RKM 8X Surveillor UAV by RotorKonzept [107].

1.1 Proposed Approach

This thesis addresses the problem of initially detecting and then tracking a person
from frame to frame in video footage captured from aerial views. The primary mo-
tivation is to automate the process rather than have a human controller stare at a
screen for long periods of time. To solve this problem, a novel algorithm for detection
and tracking is proposed: wuse the infrared modality to ‘quide’ the search in the visible
band image. Visible light cameras provide high resolution over three colour channels,
whereas the raw output of an infrared camera is monochromatic (indicating apparent
surface temperature) and generally of poorer resolution. However, high resolution
visible light images can take considerable time to process; most image processing al-
gorithms take time that is at least linear in the image size. We therefore consider an
approach in which the infrared images are used to find interesting regions in the im-
age, namely bright (warm) regions of an appropriate size. Such regions can be found
quickly, and these are then used to centre a search window for a visual detection
algorithm to scan for evidence of a person.

For tracking the person — that is, localising the person in every frame without
having to run the more computationally involved detection process each frame — this
thesis proposes an algorithm which combines information from both modalities and
uses the last known location of the person to predict where they will next appear.
The use of a Kalman filter along with the combination of two modalities makes it

possible to continue tracking a person in situations where existing visual tracking



algorithms usually fail.

The principal contributions of the thesis can be summarised as follows:

e Integrated infrared/visible light detection of people, extending the prior works of
[22, 51, 109] to use a part-based detection algorithm to find people in the visible

band image.

e HeatTrack — a novel algorithm for combining measurements from two modalities in
order to localise a person in subsequent frames following the initial detection, ex-
tending the above-mentioned works which run detection algorithms independently

in each frame.

e Motion compensation — an adaptation of the original HeatTrack algorithm to work
in the case of a moving camera. This is based on previous algorithms to stabilise
videos using interframe 2D homographies to approximate camera motion [63, 80,

84].

1.2 Progression of Research

The initial research of this DPhil focused on (i) the problem of creating a camera
rig to capture image sequences from two cameras, where the images are as closely
synchronised in time as possible, (ii) finding a way to map an infrared image to its
corresponding visible light image where the two cameras have different resolutions
and fields of view, and (iii) developing an image processing pipeline to highlight the
hotspots and then analyse the corresponding regions in the visible light image. Previ-
ous work on mapping infrared to visible light images has used global 2D homographies
to provide a one to one mapping between pixels in the two images [22, 51, 89, 109].
This thesis presents an improved method of matching the two modalities through the
use of unsigned HOG descriptors. Whilst previous work has used monolithic tem-
plates to classify humans in aerial imagery, this thesis explores the use of a part-based
detection algorithm aimed at detecting articulated people. The use of a part-based

detection algorithm is possible because the footage captured from small robotic he-



licopters is closer to the subject than the higher altitude fixed-wing UAVs used in
previous work. Hence, the person appears in greater detail in the image.

Initial results of this thesis are presented in [46, 47]. This initial work used tem-
poral consistency as a way to identify people ‘tracklets’ in a video sequence, using
the idea of repeated detections as a confidence measure for the presence of a person.
The focus then shifted to developing a robust method to track people — which does
not require running the full detection pipeline in each frame — and then focused on
making the system work with a moving camera and under occlusion.

From the outset, the intention was to put the handheld camera rig and processor
onboard a real UAV and to fly it. Putting the camera rig onto a real UAV posed a
significant challenge due to its limited payload. The onboard processor would need
to be light enough to fly without sacrificing too much flight time, but still powerful
enough to capture from two cameras simultaneously without sacrificing frame rate?.
Due to expense of the infrared camera and the flight risks associated with current
UAYV technology, it was decided to conduct experiments using a handheld camera rig

capturing multi-modal video sequences in a set of aerial locations around Oxford.

1.3 Thesis Structure

A review of relevant literature is presented in Chapter 2, including a history of object
detection, followed by a review of specific algorithms for detecting and tracking people,
and concluding with a review of how these methods have been applied to infrared

imagery and multi-modal setups. The thesis is structured as follows:

e Chapter 3 - Multi-Modal People Detection - describes one of the main contributions
of this thesis: automatic detection of people in a combined infrared/visual setup,
and details various improvements made to the basic method and insights gained

from the initial results.

2Frame rate refers to the number of video frames captured per second. High frame rates are
especially desirable in this application because the camera is expected to be moving and vibrating;
if the frame rate is too low this can mean that the imaged scene from two consecutive video frames
can look very different.



e Chapter 4 - Multi-Modal People Tracking - describes the second contribution of the
thesis: tracking people under occlusion by combining information from two modal-
ities, and presents detailed analysis of the characteristic behaviour of HeatTrack
in various different scenarios. Chapters 3 and 4 build upon previous research into

detecting people from aerial multi-modal setups, in particular that of [22, 51, 109].

e Chapter 5 - Discussion - discusses various characteristics of the approach and ex-
amines in greater detail its strengths and weaknesses, and Chapter 6 - Conclusions

- concludes the thesis.



Chapter 2

Literature Review

This chapter summarises the state of the art in automatic people detection in both
visible light and thermal imagery. It begins with a primer on methods in object
detection and the machine learning methods necessary for successful object detection.
The current state of the art in people detection and tracking is presented, along with
a review of how these methods — originally designed for visible light imagery — have

been applied to thermal imagery.



2.1 An Overview of Object Detection

The science behind most of today’s object detection algorithms can be traced back
to the seminal work of David Marr [83], whose research focused on understanding
the human visual system. In his 1982 book Vision, published posthumously, Marr
divided the vision problem into three levels of analysis, starting with the most basic
representation and building progressively more complex representations until a full

3D model of the world is constructed. The levels are:

Primal sketch, which is concerned with image ‘tokens’, such as edges and lines,
derived from brightness changes. The spatial organisation of these image tokens

reflects the structure of the visible surfaces in a scene.

2.5D sketch, which represents the orientation and depth of the visible surfaces as
well as discontinuities. This is similar in concept to an artist highlighting or shading
areas of a scene to give a sense of depth. The .5 in ‘2.5D’ is intended to describe
the idea that, in reality, we do not see all of our surroundings, and so we make

assumptions about the structure of objects.

3D model, which is a full understanding of the scene. This is intended to describe

shapes using a hierarchy of basic features.

Although some original Marr theories about biological vision have been challenged
by more recent findings, his basic framework of sequentially building increasingly rich
representations, culminating in a 3D representation of the scene, is the normal practice
in object recognition today. This section describes the main techniques used in object
recognition which came out of research done in the early eighties, beginning with (i)
the notion of how an object is to be represented in an image, (ii) how its appearance
may be learned by a computer and (iii) how the object will be detected in a new

image.



Figure 2.1: An example of an edge feature (left) and line feature (right) and these
overlaid on actual images to show where these filters would produce a high response.
Values inside the features are the matrix weights.

2.1.1 Feature Representations

Local image features are the basic building blocks of any object detection algorithm.
Methods for representing an object range from using low-level features like raw pixel
values to higher-level representations which combine lower-level features to encode
knowledge that is difficult to encode using a vector of pixel values. Image features
are derived from brightness (intensity) changes. An image can be viewed as a digital
signal where colour changes represent the image frequency. Low frequencies corre-
spond to important structural components of the image, whereas high frequencies
correspond to details of the image which are less important and possibly noise. Sharp
intensity changes in only one direction signify an edge; sharp changes in two directions
simultaneously signify a corner. For a computer, the process of identifying edges or
corners in an image is a matter of computing derivatives over the whole image, or, in
mathematical terms, convolving the image with a derivative filter.

Convolution filters are a way to process images for certain features, where the
feature filter is a matrix of values'. Convolution is a mathematical operation in
which the result (a pixel value) is the weighted sum of the values of neighbouring
pixels, where the weights are defined in the filter. The convolution process can be
viewed as sliding the filter (kernel) over the whole image and multiplying the values

under the sliding window by the weights in the kernel. The resulting image is the

LConvolution is central to image processing. This and many other fundamental methods in image
processing/computer vision can be found in textbooks such as [115].



filtered image — the ‘response’ of the image to the filter.

Figure 2.1 shows some simple image features, and these overlaid on actual images
to show where these filters would produce a high response. Much of object detec-
tion/recognition is based on the concept of simple features like these and how they

might be combined in order to form a complete understanding of an object or scene.
2.1.1.1 Scale-invariant Key Points

Sometimes the goal is just to match features across two images, and this necessi-
tates finding image locations which are visually salient. A pixel inside a uniform
region would be difficult to match with another image because there will be multiple
potential matches, but a corner is likely to be matched because it is unique. The
Scale-Invariant Feature Transform (SIFT) proposed in [81] is an algorithm to detect
and describe local features in an image which are stable and repeatable under changes
in scale, illumination etc. This algorithm shares many features with neuron responses
in primate vision.

Figure 2.2 shows the process by which SIFT key points are found in an image. An
image is repeatedly blurred and down-sampled by a factor of 2. Adjacent images at
a particular scale (size) are subtracted to give difference-of-Gaussian images (DoG)
which show edges in the image. Key points are found by comparing each pixel in a
DoG image to its eight neighbours at the same scale and nine corresponding neigh-
bouring pixels in each of the neighbouring scales. If the pixel value is the maximum
or minimum among all compared pixels, it is selected as a candidate key point.

The key point can be made rotation-invariant by assigning it a dominant orien-
tation based on local image properties. Its descriptor (a vector of values) is then
represented relative to this dominant orientation and therefore made invariant to
image rotation. An orientation histogram with 36 bins (or in general N bins) is pop-

ulated with the gradient orientations? of image points sampled in the neighbourhood

2QGradients are image derivatives e.g. differences between adjacent pixels. Given an image I, I,
is the gradient in the = direction. I, is the gradient in the y direction. The gradient orientation at

a particular pixel is atan( %) and the gradient magnitude is /12 + I2.

10



Scale
(first
octave)

Difference of
Gaussian Gaussian (DOG)

Figure 2.2: Scale-invariant Feature Transform. For each octave of scale space, the
initial image is repeatedly convolved with Gaussians to produce the set of blurred scale
space images shown on the left. Adjacent blurred images are subtracted to produce
the difference-of-Gaussian images on the right. After each octave, the Gaussian image
is down-sampled by a factor of 2, and the process repeated. Image taken from [81].

of the key point. The bin corresponding to the peak of the histogram is taken to be
the dominant orientation for this key point. The values in the descriptor are then
rotated according to the dominant orientation.

A Gaussian weighting function with a standard deviation of half the width of the
descriptor window is used to assign a weight to the gradient magnitude of each pixel
in the descriptor window. The purpose of doing this is to avoid sudden changes in the
descriptor with small changes in the position of the window, and to give less weight
to values which are further away from the centre of the feature.

In the original work of [81], the key point descriptor contains the values of ori-
entation histograms for 4 x 4 pixel patches. These histograms are computed from
magnitude and orientation values of samples in a 16 x 16 region around the keypoint
such that each histogram contains samples from a 4 x 4 subregion of the original
neighbourhood region. The best results in [81] were obtained with an array of such
histograms, each with 8 orientation bins, giving a 128 element feature vector for each
key point. Finally, the vector is normalised to unit length to reduce the effect of

changes in illumination.

11



Figure 2.3: An example of SIFT features found in one image, and these matched to
SIFT features found in another image of the same scene.

Once computed, the descriptor can be used to match a feature in one image to
another image using some similarity measure such as Euclidean distance (see Figure
2.3), or it can be used as part of a more general object recognition algorithm to
learn the appearance of an object. The original SIFT algorithm has high compu-
tational complexity because it involves computing a full image pyramid to achieve
scale invariance. Each descriptor has a dimensionality of 128 to make it stable and
repeatable, and since the number of extracted SIFT descriptors tends to be very high
per image, the typically quadratic matching process is slow. There are several more
computationally-efficient feature descriptors inspired by SIFT, the most popular of
which is SURF (Speeded Up Robust Features), which boasts faster computation time
due to its use of Haar wavelets and integral images [14], important concepts which are
explained later in Section 2.1.3.1. Other variants of SIFT include ORB [108], BRISK
[78] and FREAK [3].

One key application of key point descriptors and matchers such as the ones just
described is in computing the mapping between two images. A homography is a
projective mapping which maps one image plane to the other. The relationship

between pixel location (v 1)T in the first image and pixel location (zy 1)T in the

12



second image is given by

U T
clv| =H |y (2.1)
1 1
where
hi hy hs
H= |hy hs hg (2.2)
T hg hg

and c is any non-zero constant. There are various algorithms for efficiently estimating
the homography matrix between two images; here we describe the Direct Linear
Transform (DLT) algorithm [60]. Dividing the first row of equation 2.1 by the third

row and the second row by the third row gives the following two equations:
— hix — hoy — hs + (hgx + hgy + ho)u =0 (2.3)

- h4ZL' - h5y - h6 + (h7l’ + hgy + hg)v =0 (24)

Equations 2.3 and 2.4 can be written in matrix form as:

Ah =0 (2.5)
where
= =y -1 0 0 0 wur wy wu
A= 0 0 0 —z -y —1 vz vy v (2.6)
and

hZ[lh ho hs hs hs he hy hg h9]T

(2.7)
Each point correspondence provides two equations; therefore four correspondences
are sufficient to solve for the eight degrees of freedom of H, with the restriction that
no three points can be collinear. The 1D null space of A is the solution space for h.

In matching key points from one image to the other, there are often outliers, and
these can result in incorrect homography computation. RANSAC (Random Sample
Consensus) [44] is the most commonly used robust estimation method for homogra-

phies. For a number of iterations, a random sample of four point correspondences is

13



selected and a homography H is computed from these correspondences. Every other
correspondence is then classified as an inlier or outlier depending on its concurrence
with H. After the final iteration, the iteration which contained the largest number
of inliers is selected and H can then be recomputed from all of the correspondences

that were consider as inliers in that iteration.

2.1.2 Learning the Appearance of an Object

Object recognition relies on learning ways to find differences between different classes,
and consequently, machine learning methods have exploded in the field of object
recognition. Given an image, we would like to know whether it contains a particular
class of object or not. This can be viewed as a comparison between two probabilities:
(i) the probability that, given an image, it contains a particular object and (ii) the
probability that, given an image, it does not contain the object. The question is,
given an image, how probable is it that the object is in the image? Using Bayes’ rule,

the probability of an object being in an image can be expanded to:

P(object|image) = P(image|object) - P(object) (2.8)
posteriE ratio likelih(?c;i ratio prio?;atio

There are two main machine learning techniques that are commonly used to solve
the problem of object categorisation — discriminative learning and generative learn-
ing. Discriminative learning tends to look at the posterior directly and tries to find
boundaries between two (or n) classes. It learns a model that is able to distinguish
between positive and negative training examples. (In the context of object recogni-
tion, positive training examples are images of the object; negative training examples
do not contain instances of the object). Generative learning, on the other hand, is
concerned with the likelihood and the prior. It tries to model the whole joint distri-
bution of image features P(xy, s, ..., z,). It asks the question, ‘given an underlying
model for the appearance of a person, how likely is it that this new image came from
that underlying distribution?’. For this to work well, the joint distribution should
accurately capture the relationship between the variables comprising an object. This

kind of model typically learns by maximising the likelihood of positive training data.
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From a computational point of view, generative models are considered to be more
complex, since they produce a full probability density over all the image features.
Discriminative models merely try to find a mapping from input variables to an out-
put variable, with the goal of discriminating between classes, rather than modelling
a full representation of a class. There is therefore no redundancy in the model repre-
sentation. Many algorithms combine the two paradigms e.g. [6, 20, 43]. In order to
capture the appearance of highly articulated people, a combination is often required;
the range of possible appearances of a person is very wide, making it difficult to use
one decision boundary to separate positive and negative examples.

In addition to deciding whether to opt for a discriminative or generative model,
one also has to decide the level of supervision in learning. Supervision in this context
refers to how much information is given to the learning algorithm about the nature of
the training examples. For example, when building a person classifier, we can supply
images of people on their own, or supply images of people in a natural scene and ‘tell’
the algorithm where to find the person by manually annotating them with a bounding
box. For objects composed of a number of typical parts, we could supply the location
of the most important features, such as the face, arms, legs etc. Some part-based
algorithms, as will be seen in a later section, provide semi-supervised learning, as in
the case of Felzenszwalb et al. [39], which supplies the bounding box of the person
in the training image but leaves it up to the algorithm to learn where the individual
parts are — by maximising the likelihood of certain part configurations.

Learning the appearance of objects in images is an inherently imbalanced problem:
a single image tends to contain a large number of non-object patches and relatively
few pixels belonging to the object, and this can lead to overfitting on the training
set. This is because the classifier could end up learning the noise in images rather
than the general nature of the object category. It is therefore important to have a
training set containing many images of the objects, with as many sources of variation
as possible. The next section gives a brief overview of some of the most successful
machine learning algorithms used in the context of learning the appearance of an

object in an image.
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Figure 2.4: Hyperplane through two linearly separable classes.

2.1.2.1 Support Vector Machines

Support vector machines (SVMs) [28] take a set of feature vectors as input and
attempt to learn a decision boundary which best separates positive and negative
training examples. Each feature vector x; has dimensionality D and is in one of two
classes y; = —1 (negative example) or +1 (positive example). For the basic algorithm
the data must be linearly separable, meaning it is possible to separate the two classes
with a line in the case of 2-dimensional vectors, and a hyperplane in the case of n-
dimensional vectors. This hyperplane can be described by w-x+0b0 = 0 where w is the
normal to the hyperplane and ﬁ is the perpendicular distance from the hyperplane
to the origin. Figure 2.4 illustrates this idea. The support vectors are the training
examples which are closest to the separating hyperplane and the goal of SVMs is to
move this hyperplane in such a way as to maximise the distance between the closest
members of both classes.

Implementing a SVM becomes a task of selecting the variables w and b so that

the training data can be described by:

x;-w+b>+1 fory =+1 (2.9)

r,-w+b< —1 fory, =—1 (2.10)
These equations can be combined into:

yi(ri-w+b) —1>0 Vi (2.11)
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Vector geometry shows that the margin is equal to HTIII and maximising it subject to

the constraint in 2.11 is equivalent to finding:
min ||w|| such that y;(x; - w+b) —1>0 Vi (2.12)

Minimising ||w/|| is equivalent to minimising 3||w||* and the use of this term makes it
possible to perform Quadratic Programming (QP) optimisation to solve it. To sum-
marise the algorithm briefly, (and referring the reader to [28] for a full explanation),
the use of Lagrange multipliers, differentiation and QP allows the variables w and b
to be computed.

In the case of object detection, assuming w and b have been learned from a set
of training images, detecting an instance of the object in a new image patch involves
extracting the feature vector x from the patch, computing w - x + b and if this is

greater than 1, reporting a detection.
2.1.2.2 Ensemble Methods

The goal of ensemble methods is to combine the predictions of several base classifiers
in order to improve robustness over a single estimator. Bootstrap aggregating, also
called bagging [23], is a machine learning meta-algorithm designed to improve the
accuracy of classifiers. Given a training set D of size n, bagging generates m new
training sets D;, by sampling from D uniformly and with replacement. At training
time, m models are learned from the m training sets and combined by voting to create
a single output. The key idea of bagging is to decrease the variance in prediction. The
algorithm was originally designed for classification and is usually applied to decision
tree models, but it can be used with any type of model for classification or regression.

Random forests [24] use a similar idea to bagging, but in addition to selecting
random subsets of the training set, they select random subsets of features from which
a single feature is used as a split variable during construction of a decision tree. As
a result, the individual decision trees which form the forest are more independent.
Averaging over trees can substantially reduce instability that might otherwise result,

and because the individual trees are independent, the gains in predictive performance
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from averaging over a large number of trees can be dramatic.

Boosting [49] is a technique for combining multiple ‘weak’ classifiers to produce
a committee whose performance can be significantly better than that of any of the
individual classifiers. Boosting can give impressive results even if the weak classifiers
have a performance that is only marginally better than random, hence the name

‘weak learners’. Boosting defines a classifier using an additive model:

F(z) = ag fi(x) + asfo(x) + agfs(z) + ... (2.13)

where F'(z) is the final, strong classifier, a; are the weights and f;(z) are the weak
classifiers.

The weak classifiers are trained in sequence, and each classifier is trained using
a weighted form of the data set, in which the weighting coefficient associated with
each data point depends on the performance of the previous classifiers on that data
point. AdaBoost [50], short for Adaptive Boosting, is a widely used form of boosting.
It is adaptive in that subsequent classifiers are adapted in favour of instances mis-
classified by previous classifiers, in order to focus on examples which have previously
been misclassified. This is done by assigning greater weights to the points that were
misclassified by one of the earlier classifiers, when training the next classifier. Once
all classifiers have been trained, their predictions are combined through a weighted
majority vote. By iteratively combining weak classifiers in this way, the training error
quickly converges to zero.

Used in object recognition, boosting provides an efficient algorithm for sparse
feature selection. Often a goal of object recognition is that the final classifier depend
on only a few features, since it will be quicker to evaluate. In addition, a classifier
which depends on a few features will be more likely to generalise well. Tieu and
Viola [122] used boosting to select a small set of discriminatory sparse features out
of a possible set of over 45,000 in order to track a particular class of object. For
each feature, the weak learner computes a Gaussian model for the positives and
negatives and returns the feature for which the two class Gaussian model is most

effective. No single feature can perform the classification task with perfect accuracy.
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Subsequent weak learners are called upon to focus on the remaining errors in the
way described above. In the context of a database of 3000 images, their algorithm
ran for 20 iterations, yielding a final classifier which depended on only 20 features.
Inspired by the work of Tieu and Viola, Viola and Jones [125] used boosting to build
an extremely efficient face detector dependent on a small set of simple features which
look at the difference in intensity between adjacent regions. In that algorithm, the
weak learners are decision tree stumps which make a prediction based on the value
of a single input feature. Decision tree stumps are a specialisation of general decision
trees, where the goal is to create a model that predicts the value of a target variable by
learning simple decision rules inferred from the data features. The major advantage
of decision trees over other machine learning classifiers is that they are simple to

understand and interpret.

2.1.2.3 Deep Learning / Convolutional Neural Networks

Perceptrons are a type of artificial neuron developed in the fifties and sixties by
Rosenblatt [105] based on earlier work by McCulloch and Pitts [86]. Perceptrons
work by taking several input values as shown in Figure 2.5a and producing a single
output. Each of the inputs is weighted according to how much they are expected
to affect the output, and the output is determined by whether the weighted sum of
inputs is greater than a certain threshold. Whilst a simple network like this is limited
in what it can represent, if more layers are added to the network it can represent any
function, and this is what makes artificial neural networks so powerful. Given a set
of labelled training examples, back-propagation is used to incrementally adjust the
weights so as to minimise the difference between the desired output and the actual
output of the network.

Neural networks were one of the first classifiers to achieve human-competitive
performance on the famous MNIST handwritten digits problem [75] (Figure 2.5b).
The networks used for this task were Convolutional Neural Networks (CNN), a special
kind of multi-layer neural network but with a slightly different architecture. CNNs

have special types of hidden layers: convolutional layers, which involve convolving
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the input with a filter specified by the weights going into the layer, and subsampling
layers, which involve averaging or maxing the input to the layer in order to gain some
degree of translational invariance. Even with the convolutional and subsampling
layers, there are still many parameters which can be specified. For example, each
convolutional layer can have many filters, and this makes the network much more
powerful; it enables the network to automatically learn features, as opposed to HOG
or Haar features (described in Sections 2.1.3.3 and 2.1.3.1) which require manual
hand-crafting. The result is a highly complex network which is susceptible to over-
fitting — and therefore many training examples are required.

Adding many such layers increases the classification power of the network, but
in the late nineties when they were first applied to MNIST, computing power was
such that only small networks could be used, and training of the network took weeks.
Without efficient computing resources and methods to prevent overfitting with more
and more layers, these CNNs could not be made deeper. With the increase in comput-
ing power, in particular GPU technology, it has been possible to train larger, deeper
CNNs. In the ImageNet Large-Scale Visual Recognition Challenge of 20123, the deep
neural network of [69] achieved error rates considerably lower than the previous state-
of-the-art on a test set of 150,000 images. Figure 2.5 shows examples of the features
which were automatically learned by the network. All major entries in the 2013 and

2014 ImageNet ILSVRC competition were based on deep learning approaches.

3ImageNet is a dataset of over 15 million labeled high-resolution images belonging to roughly
22,000 categories. Starting in 2010, as part of the Pascal Visual Object Challenge, an annual
competition called the ImageNet Large-Scale Visual Recognition Challenge (ILSVRC) has been
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Figure 2.5: A selection of convolutional kernels automatically learned by the convo-
lutional neural network of [69] for the 2012 ImageNet Large-Scale Visual Recognition
Challenge. Image taken from [69].

2.1.3 Detecting an Instance of an Object in an Image

This section looks at low-level features used to represent the appearance of an object.
A combination of such low-level features would form a feature vector which would be
used as input to any of the machine learning algorithms described in Section 2.1.2 in

order to learn the general appearance of an object.

2.1.3.1 Haar features

Haar features are another low-level feature which gained popularity in the early 2000s
following the first real-time face detection algorithm, that of Viola and Jones [125].
Haar-like features owe their name to their similarity with Haar wavelets, first proposed
by Alfred Haar in 1909 as part of his doctoral thesis [54]. These consider adjacent
rectangular regions at a specific location in a detection window, summing up the
pixel intensities in each region and calculating the difference between these sums.
The difference is then used to categorise subsections of an image.

Viola and Jones used three kinds of features: two-rectangle, three-rectangle and
four-rectangle; these are shown in Figure 2.6a. A two-rectangle feature is computed
as the difference between the sum of pixels within two rectangular regions. The value
of a three-rectangle feature is the sum within two outside rectangles subtracted from
the sum in a centre rectangle. A four-rectangle feature is computed as the difference
between the sum of pixels in the rectangles that make up the main and off diagonals.

Viola and Jones use the notion of an integral image as an intermediate representation

held. ILSVRC uses a subset of ImageNet with roughly 1000 images in each of 1000 categories.
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Figure 2.6: (a) Original Haar feature set proposed by [125]. (b) Extended feature set
proposed by [79].

of the image in order to compute Haar features. They calculate the integral image at
(z,y) as

ii(z,y) = Z iz, y), (2.14)

where ii(x, y) denotes the integral image and i(x, y) is the original image — the integral
image is simply the sum of pixels above and left of z, y, and including =, y. Using

the recurrence equations:

s(x,y) = s(x,y — 1) +i(x,y) (2.15)

ii(x,y) = ti(z — 1,y) + s(x,y) (2.16)

where s(z,y) denotes the cumulative row sum, s(x,—1) = 0 and 7#i(—1,y) = 0, the
integral image can be calculated in one pass over the whole image. A rectangular
sum can be computed in four array accesses. Therefore the difference between two
rectangular sums can be calculated in eight array accesses. The two-rectangular
features shown in Figure 2.6a involve adjacent rectangular sums; hence, they can be
computed in six array accesses, eight in the case of three-rectangle features, and nine
for four-rectangle features.

A good object recognition algorithm incorporates methods to deal with rotation,

translation and scale invariance, since objects can appear anywhere in the image and
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at different sizes. The key advantage of the SIFT algorithm discussed in Section
2.1.1.1 is its rotational invariance — it computes the dominant orientation of a key
point and then rotates the descriptor according to this orientation. This is in contrast
to Haar features which are not rotationally invariant, since they are simply comput-
ing image differences. Scale invariance is generally dealt with using either of two

approaches:

e Construct a ‘pyramid’ of images by repeatedly resizing an image into smaller di-
mensions. A detector of fixed size is then scanned across each of these images.
While quite straightforward, computation of the pyramid takes a long time, so it

is less than optimal for use in real-time applications.

e Leave the image at one size. Convolve with a series of different sized kernels to look
for pattern matches. This is the approach used by Viola and Jones and is more
computationally efficient than the pyramid scheme. It is now the de facto method

used in feature extraction.

The computational advantage of the integral image technique is obvious when
compared with the pyramid approach. Implemented on typical hardware when Viola
and Jones first published the algorithm in 2001, it would have been very difficult to
compute a pyramid at 15 frames per second. In contrast, the integral image approach
enabled features to be computed at any scale and location in only a few operations,
and made the face detector run much faster than contemporary face detectors. Since
the publication of Viola and Jones’ original face detection algorithm, there have been
additions to the original feature set to increase the expressive power of the model,

notably by [79], shown in Figure 2.6b.

2.1.3.2 Local Binary Patterns

Local Binary Patterns [91] are a type of feature used for capturing local texture in

an image. Let T' be a local neighbourhood of a grayscale image:

T =1t(gc, 90y -, 9p—1) (2.17)
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Figure 2.7: Local Binary Patterns. The 36 unique rotation invariant binary patterns
that can occur in the circularly symmetric neighbourhood of a pixel. Black and white
circles correspond to bit values of 0 and 1 in the 8-bit output of the operator. The
first row contains the nine uniform patterns and the numbers inside them correspond
to their unique label. Image taken from [91].

where g. corresponds to the grey value of the centre pixel of the neighbourhood,
and the other g,(p = 0,1,..., P — 1) correspond to the grey values of P equally
spaced pixels on a circle of radius R that form a circularly symmetric neighbour set.
The method involves subtracting the grey value of the centre pixel from each of the
neighbouring pixels. For uniform regions, the differences are 0 in all directions; on an
edge, the operator records the highest difference in the gradient direction and 0 values
along the edge. Figure 2.7 shows the various possible patterns for a LBP operator
with a P = 8. Each possible pattern can be represented in binary by recording a
‘1" where difference s(g, — g.) is greater than 0, and a ‘0" otherwise. A local binary
pattern is called uniform if the binary pattern contains at most two bitwise transitions
from 0 to 1 or vice versa when the bit pattern is traversed circularly. It was found that
uniform patterns account for nearly 90% of all patterns when using the LBP operator
with P = 8 and R = 1. Such is the prevalence of uniform patterns in texture
analysis that in the computation of the LBP labels, each uniform pattern has its own
binary label, while all the non-uniform patterns are grouped together and labeled

with a single label. The final texture feature for an image patch is the histogram of
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Figure 2.8: (a) Average gradient over training examples (whiter pixels correspond
to stronger gradients). This shows that the HOG detector cues mainly on silhouette
contours, especially the head, shoulders and feet. (b) Each ‘pixel’ shows the maximum
positive SVM weight in the block centred on the pixel. (c¢) Likewise for the negative
SVM weights. (d) A test image of a person. (e) The computed HOG descriptor of
the image. (f,g) The descriptor weighted by its positives and negative SVM weights.
Taken from [29].

pattern labels accumulated over a texture sample. Multi-resolution analysis can be
done by changing P and R and then combining the information provided by multiple
operators of varying P and R. Once computed over an image patch, LBP patterns can
be used as input to some discriminative machine learning algorithm such as support
vector machines (Section 2.1.2.1) or AdaBoost (Section 2.1.2.2) in order to learn the
appearance of an object.

The main advantage of LBPs is their computational simplicity, because the pat-
terns can be computed with only a few comparisons in a small neighbourhood and
a lookup table. Due to its fast computation time, and the fact that it is invariant
to changes in illumination, LBP has been successfully used for many different image
analysis tasks, such as face recognition [2], motion modelling [61] and medical image

analysis [88].
2.1.3.3 Histograms of Oriented Gradients

The Histograms of Oriented Gradients (HOG) algorithm [29] is an object detection
algorithm inspired by SIFT which provided significant performance gains for object
detection when it was first published in 2005. The main idea of HOG is that local

object appearance and shape within an image can be described by the distribution
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of edge directions. In that algorithm, histograms of image gradients are calculated
for a group of cells (blocks of pixels) and normalised in a local and overlapping block
scheme. These values are concatenated to form a single descriptor of an image patch.
Given a set of training images, the HOG descriptors are fed into some supervised
learning algorithm such as a SVM in order to learn the decision boundary between
object and non-objects.

Figure 2.8 shows the HOG representation. Figure 2.8(b) shows the SVM weights
learned on the positive training examples. Figures 2.8(a) and (f) show that the most
important cells are the ones which typically contain major human contours such as
head, shoulders and feet. The learned weights indicate that these parts have the
most influence in the discrimination decision. This shows that the HOG detector
cues mainly on the overall shape/silhouette of a person rather than their internal
features.

HOG has a couple of advantages over other descriptor methods. Since it operates
on localised cells the method is invariant to geometric and photometric transforma-
tions (except for rotation), since such changes would only appear in larger spatial
regions. Also, coarse spatial sampling, fine orientation sampling, and photometric
normalisation allows the individual body movement of pedestrians to be ignored as

long as they maintain a roughly upright position.

2.2 People Detection Algorithms

Automatic people detection has received a huge amount of attention in the last
decades in areas ranging from surveillance to self-driving cars to tracking players
in a football game. The detection task is made especially difficult due to wide varia-
tion in pose along with differences in clothing, lighting, backgrounds etc. In the object
recognition literature, algorithms for detecting people have been broadly categorised
as either monolithic or part-based, the former concerned with representing the entire
appearance of the body in a single descriptor, the latter dealing with individual parts

and modelling the spatial relations between those parts.
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2.2.1 Monolithic models

Monolithic models use a single descriptor to encode the appearance of an object.
Detection is performed by scanning an image with an object classifier at multiple
positions and scales and making a decision as to the presence of an object. These
work well when the person is fully visible and in a similar pose to what the classifier
was trained on. It does not work well when the person is highly articulated or partially
occluded.

One of the first pedestrian detection systems was proposed by [96], who applied
support vector machines to an over-complete dictionary of Haar wavelets. This idea
was extended by Viola and Jones [126] in 2005, who used Haar-like wavelets with a
boosted cascade of decision tree classifiers. The key contributions of that paper were
the use of integral images for fast feature computation combined with a cascade of
classifiers — each of increasing complexity — to enable real-time processing of images.
These ideas continue to serve as the foundation for the best performing detectors
today.

More recently, histograms of oriented gradients [29] provided significant perfor-
mance gains for pedestrian detection. HOG is still considered the best performing of
the various texture descriptors. Whilst no single feature has been shown to outper-
form HOG in pedestrian detection, it has been shown that combining features can
lead to an improvement. The pedestrian detection survey of [131] showed how a com-
bination of HOG, Haar-like features, shapelets and shape context outperformed any
single feature. Similarly, Wu and Nevatia [132] combined HOG, edgelet and covari-
ance features and came to the same conclusion. Wang et al. [129] combined a texture
descriptor based on local binary patterns with HOG. [93] added colour information
and implicit segmentation and found that segmentation cues outperformed HOG on
its own. In an extension of Viola and Jones’ original pedestrian detection algorithm,
[126] integrated Haar features with difference images in order to accurately detect

moving pedestrians.
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2.2.2 Part-based models

Given the wide variation in human posture, a monolithic detector is too simplistic
to work for anything other than upright pedestrians. Part-based models give the
flexibility required to deal with highly varying body poses. Many of the state of
the art part-based detectors are built on the pictorial structures framework [41, 45].
Here, an object is represented as a flexible configuration of parts, where one such
configuration is denoted by L = {ly,...,Ix}, with [; denoting the location of part i.
The posterior over part configurations L given image evidence FE is calculated using
Bayes’ rule: p(L|E) o p(L)p(E|L) and this allows the learning problem to be solved
by maximum likelihood methods.

The Deformable Parts Model (DPM) of Felzenszwalb et al. [39] emerged in 2009
as a very powerful algorithm for detecting articulated people. At a high level, DPM
can be characterised by (i) the combination of strong low-level features based on HOG
to represent each part, (ii) efficient matching algorithms for matching a part-based
model to an image, (iii) discriminative learning with latent (hidden) variables. The
Felzenszwalb detector uses a star-shaped part-based model defined by a root filter
(analogous to HOG) plus a set of part filters and associated deformation models.
The score of the model at a particular position and scale is the score of the root filter
plus the sum over parts of the maximum, over placements of that part, of the part
filter score on its location minus a deformation cost measuring the deviation of the
part from its ideal location relative to the root. The score for both root and parts is
obtained by convolving a sub-window of a feature pyramid with a HOG filter learned
specifically for the part. Figure 2.9 shows a star model for the person model learned
by Felzenszwalb et al.

DPM is an example of semi-supervised learning whereby only the bounding box of
the person is given in the training images; the locations of the parts must be learned
during training. Felzenszwalb et al. use a formulation of MI-SVM [5] called Latent

SVM. In a latent SVM, each example is scored by a function of the form

fs(x) = max B - P(z, 2). (2.18)

z€Z(x)
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Figure 2.9: The Felzenszwalb model is defined by a coarse root filter (a), with several
higher resolution part filters (b) and a spatial model for the location of each part
relative to the root (c). The filters specify weights for HOG features. The visualisation
of the spatial model shows the cost of placing the part at different locations relative
to the root. Taken from [39].

[ is a vector of model parameters, z are latent values (locations of the parts) and
®(z, 2) is a feature vector extracted from the image using the HOG feature represen-
tation. In the case of Felzenszwalb model, S is is the concatenation of the root filter,
the part filters and the deformation cost weights, 2z is a specification of the object
configuration, and ®(z, z) is a concatenation of sub-windows from a feature pyramid
and part deformation features.

The goal is to learn 3, the vector of model parameters during training. This is
trained from a set of training images annotated with a bounding box by minimising
the objective function

1

Lo(B) = SIIBI + C Y max(0,1 = yifs(x)), (2.19)

A latent SVM leads to a non-convex optimisation problem, which means that there is

a risk the learning algorithm may converge to a local minimum. Felzenszwalb et al.
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found that the problem can be made convex once latent information is supplied for
each of the positive training examples. Hence, the part configuration Z is estimated
for each positive training example as part of training. In practice this a two step
procedure: (i) set an initial value for g, fix it, and optimise the objective function
over fixed 3 for different values of Z, (ii) optimise 3 by solving the convex optimisation
problem defined by using the Z found in the previous step.

Figure 2.10 shows an overview of the detection stage, given a new image. The
feature maps are extracted for root and part filters (at twice the resolution of the
root filter for multi-resolution processing). This produces a set of response maps
which are then transformed to take into account the deformation costs learned by
the models. Matching parts to an image is typically the bottleneck of part-based
detection algorithms. One of the key contributions of the Felzenszwalb algorithm is
that the matching process can be computed in O(nk) time (where n is the number of
parts and k is the total number of locations in the feature pyramid) by using dynamic
programming and the generalised distance transform of [40]. High scoring locations
in the output response map yield detections.

The Felzenszwalb algorithm takes nearly 2.5 seconds to run over a 1280x960
image on standard hardware. Since the original publication [39], various methods
have been proposed to speed up the algorithm without sacrificing detection accuracy.
The method of [38] added cascade classifiers to quickly prune most of the hypotheses
without losing detection accuracy. This allowed an increase of detection speed equal
to 20 times that of the original detection system. The method of [98], which could
be seen as complementary to the cascade detection algorithm, follows a coarse-to-fine
approximation: detection is attempted first on a coarse, low-resolution model, and if a
positive response is received, further detection tests are performed on gradually higher
resolution models and part filters. In fact, the most expensive and time-consuming
operations of the deformable parts model approach — HOG computation, convolution
and distance transforms — are all parallelisable. The GPU implementation of [112]
has succeeded in doing real-time detection of 20 different object classes by sharing

part features across classes.
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Figure 2.10: The Felzenszwalb detector in action. Taken from [39].

Several recent detectors are also based on the pictorial structures framework e.g.
(6, 38, 42, 124, 136]. In general, the main differences between these algorithms lie

in (i) the level of supervision during training (whether parts are explicitly labeled in
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the training set, for example), (ii) the complexity of the graphical model — tree or
fully connected — with fully connected graphical models resulting in more complex
inference, and (iii) the underlying appearance model for the parts e.g. HOG, LBP,
Haar features etc.

The Implicit Shape Model (ISM) [76, 77] is an alternative to the pictorial struc-
tures framework. This method represents a person as a collection of image patches
that are prototypical of a person. These prototypical image patches (called codebook
entries) are typically found by clustering training image key points in appearance
space. Each cluster then forms a codebook entry and the descriptor represents the
object in terms of whether or not it contains a these codebook entries. In addition, a
probability distribution is defined which specifies where each codebook entry may be
found relative to the centre. Each patch has its own associated detector e.g. HOG.
Given a new image, the individual part detectors are run over the image, and the
matched patches vote for the centroid of the object based on the statistics learned
from a set of exemplar images. The advantage of this approach is that only a small
number of training images are typically required.

Poselets [21] use an alternative definition of a part that does not necessarily corre-
spond to a body part, recognising the fact that anatomical parts are not necessarily
the most salient features for visual recognition. The training set is manually anno-
tated? with a set number of key points such as left ear, right elbow etc. Image patches
are selected randomly from the training set. For each patch, similar patches in all
the other images are found, based on the configuration of key points in the patches.
The patches are clustered, and each cluster forms a poselet. The appearance of each
poselet is learned using HOG with support vector machines. Context is exploited by
storing the location of each poselet relative to other poselets. At the detection stage, a
HOG detector is run over the image for each poselet, and a person is reported if there
is a set of poselet activations which is consistent with the spatial layout statistics of

the training set.

4As with many training sets for object recognition, the authors make use of crowd-sourcing
initiatives such as Amazon Mechanical Turk in order to annotate several millions of images.
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2.3 Tracking Algorithms

Whereas detection is the process of determining whether an image contains an object
of interest, usually done by searching the entire image, tracking is the process of
estimating the location of the object in every frame of a video using knowledge of
its past appearance. In general, the following things need to be considered when

designing a tracking algorithm:

e How the object is represented - methods vary from using holistic templates
i.e. raw pixel values [4, 55, 85|, to using subspace-based (dimensionality-reduced)
trackers which are better able to deal with appearance changes [18, 106]. One of the
most basic tracking algorithms is MeanShift [25], which is an algorithm for finding
the maxima of a density function given a histogram sampled from that function.
Given a histogram of the object to be tracked, in each iteration of the algorithm,
the mean of the data points under the current search window is found, and the
window is then translated so that it is centred on that point. Mean shift refers
to this translation and this is repeated until convergence. More recent methods
have used sparse templates to handle appearance changes [13, 127, 139]. In ad-
dition to templates, other visual features are used in tracking algorithms, such as
colour histograms [26], HOG [116] or Haar-like features [53]. A recent paradigm
is tracking-by-detection, in which a classifier is learned online to discriminate the
object from the background, using positive and negative training examples cropped
from the image. Various learning methods have been used such as SVM [9], struc-
tured output SVM [58], boosting [10, 53], and multiple-instance boosting [12]. To
make trackers more robust to pose variation and partial occlusion, an object can
be represented by a set of parts where each part has its own representative fea-
ture vector [1, 73]. Other trackers integrate multiple representation schemes for

robustness [74, 113].

e How search is done in subsequent frames - This can be deterministic or

stochastic. Gradient descent can be used to find the maximal scoring image patch
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according to some similarity function, but this is susceptible to finding local minima
[26, 82]. To reduce the search space further, motion estimation is done using a
linear model, which can be described using a Kalman filter, but a moving camera
complicates this as there is the added motion of the camera which is separate
from the motion of the object. Dense sampling can be used as an alternative
to gradient descent at the expense of increased computational load [11, 53, 58].
Stochastic methods such as particle filters have also been proposed because they

are insensitive to local minima [64, 106].

How the object model is updated, if at all - In order to cope with appearance
changes some trackers update the appearance model of an object as tracking goes
on. For example, Matthews et al. [85] update the template model for Lucas-Kanade
[82] by combining the template from the current image with the reference histogram
extracted from the first frame when tracking begin. Some algorithms store a history
of the last n appearances of an object, comparing a new hypothesis with the history
to see if it is similar. To avoid computational overload, older patches are forgotten
as new ones come in. In tracking-by-detection algorithms, special care must be
taken when choosing new positive and negative examples for the classifier, as if the

wrong samples are chosen the tracker can start to drift beyond recovery.

2.3.1 Appearance-based Tracking

The current state of the art in general object tracking lies in tracking-by-detection,
that is, learning a classifier online in order to detect the object in every frame and use
this to update the classifier. This section describes three state of the art tracking-by-
detection algorithms which we make use of in this thesis.

TLD (Tracking Learning Detection) [66] does as the title suggests; it decomposes
the tracking problem into the separate tasks of tracking, learning and detection.
Tracking estimates the object motion between consecutive frames under the assump-
tion that the frame-to-frame motion is limited and the object is visible. Detection

scans the entire frame attempting to localise all instances of past observed appear-
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ances. Learning observes the performance of both tracker and detector, estimating
detector errors and generating training examples to avoid these errors in the future.

MILTrack [12] uses multiple instance learning instead of traditional supervised
learning in an attempt to deal with the problem of incorrectly labelling training ex-
amples which can cause the tracker to drift. The method recognises the difficulty
in taking the current tracker region as the source for positive samples and the sur-
rounding as the source for negative samples as the target may not completely fill the
bounding box or cover some of the background.

Struck: Structured Output Tracking with Kernels [58] attempts to correct the
deficiencies of other tracking-by-detection trackers by taking out the intermediate
classification step which can result in incorrectly labelled training examples. Rather
than learn a binary classifier as TLD and MILTrack do, Struck learns a prediction
function to directly estimate the object transformation between frames. The output
space is then the space of all transformations instead of a binary 0/1 answer. Training
proceeds in an online manner as in the case of the other trackers.

In a 2013 extensive survey on the state of the art in object tracking [134], a con-
clusion reached was that background information is critical for successful tracking,
because this helps differentiate the object from the background. Secondly, local mod-
els which divide the tracking window into patches are better than global ones which
try to capture the whole appearance in one feature vector. Sparse local models which
consider key points as opposed to denser descriptions perform better under partial
occlusion. Finally, a motion model is necessary especially when the motion of the
object is large or abrupt. Good location prediction based on the motion model can

reduce the search space, thereby improving efficiency.

2.3.2 Motion Models for Tracking

Recursive state estimators can be used to model the motion of an object and predict its
future location based on past measurements. State estimators deal with the problem
of estimating quantities from sensor output which are not directly observable but

which can be inferred. In object tracking, for example, the location of the object is
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not directly measurable — instead, the location needs to be inferred from the result
of searching for image patches which match some appearance model for the object.
This section describes Kalman filters and particle filters, the two most commonly

used recursive state estimation algorithms used in object tracking.

2.3.2.1 Kalman Filter

The Kalman filter [67, 114] was invented as a technique for filtering and prediction
in linear Gaussian systems — that is, the state transition function from one state
to the next is linear. It is a probabilistic state estimation algorithm, computing
belief distributions over all possible world states. The filter represents beliefs by the
moments parameterisation; at time ¢, the belief is represented by the mean u; and
the covariance ¥;. The state transition probability p(z:|z;_1,u) is a linear function

of its arguments with added Gaussian noise. This is expressed as
Ty = Al’t,1 -+ Btut + €, (220)

where z; and x;_, are state vectors, u; is the control vector at time ¢ and ¢; is
the process noise. The distribution of ¢ is a multivariate Gaussian with zero mean
and covariance R;. The measurement probability p(z;|z;) must also be linear in its

arguments with added Gaussian noise:
2t = Ctl’t + 6157 (221)

where ¢; is the measurement noise. The distribution of d; is a multivariate Gaussian
with zero mean and covariance (J;. The initial belief must be normally distributed,
denoted by po and Y. These properties are sufficient to ensure that the posterior is
always a Gaussian.

The Kalman filter algorithm is shown in Algorithm 3. The input to the filter
is the belief at time ¢t — 1, represented by p; 1 and ¥, ;. The output is the belief
at time t, represented by p; and ;. The algorithm consists of two main steps,
prediction and update. In the prediction step (lines 2 and 3), the predicted belief is

calculated by incorporating the control u;, but before incorporating the measurement
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Algorithm 1 Kalman filter

1: procedure KALMANFILTER(gts—1, 2¢—1, U, 2¢)
2 fi < Agpi—1 + Bruy

3: Et — 14_t2t—1Af_+ Rt

4: Kt — ZtCtT(CtEtC'tT + Qt)il

5. g fiy + Ki(2 — Cofar)

6
7

Y (I — K,CpYy
return g, >

z;. In the update step (lines 5 and 6), the measurement z; is incorporated. The
variable K; (line 4) is called the Kalman gain. This specifies the degree to which
the measurement is incorporated into the new state estimate. In line 5, the mean
is adjusted in proportion to the Kalman gain K; and the deviation of the actual
measurement 2; from the expected measurement Cyf;. Finally, the new covariance
of the posterior is calculated taking into account the information gain resulting from
the measurement.

The Kalman filter is computationally efficient. The complexity of a matrix inver-
sion is approximately O(d?*) for a matrix of size d x d. Each iteration of the Kalman
filter is lower bounded by O(k**), where k is the dimension of the measurement vector
2. Tt is also at least O(n?), where n is the dimension of the state vector, due to the
multiplication in line 6. In many applications, the measurement space has a much
lower dimension than the state space, and the update is dominated by the O(n?)

operations.

2.3.2.2 Extended Kalman Filter

The assumption that the state is a linear function of the previous state and that
observations are linear functions of state are crucial for the correctness of the Kalman
filter. Unfortunately, the state and measurement transitions are often not linear
functions. The extended Kalman filter (EKF) [130] relaxes this assumption. In the

EKF the assumption is that the state transition probability and the measurement
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probabilities are non-linear functions g and h respectively:

= g(ug, T4-1) + & (2.22)

2z = h(zy) + 0y (2.23)

The function g replaces the matrices A; and B; in Equation 2.20 and h replaces the
matrix C; in Equation 2.21. However, with arbitrary functions ¢ and h, the belief is
no longer a Gaussian. In fact, updating the belief is usually impossible for non-linear
functions and there is no closed-form solution.

The EKF therefore calculates a Gaussian approximation to the true belief. The
goal of the EKF is to efficiently estimate the mean and covariance rather than com-
pute an exact posterior. The key idea of the EKF is linearisation. Linearisation
approximates the non-linear function g by a linear function that is tangent to ¢ at
the mean of the Gaussian. Similarly, the EKF approximates h by a linear function
which is tangent to h, thereby retaining the Gaussian nature of the posterior.

EKFs use a method called Taylor expansion to linearise non-linear functions.
Taylor expansion calculates a linear approximation to a function g from the value of
g and its slope. g is approximated by its value at p;_; and the linear extrapolation
is achieved by a term which is proportional to the gradient of g at u,—; and wu;.

As is the case with the linear Kalman filter, each update requires time O(k?*+n?),
where k is the dimension of the measurement vector z; and n is the dimension of
the state vector z;. A major limitation of the EKF is the approximation of the
state and measurements using Taylor expansions. In many estimation problems,
state transitions and measurements are non-linear. If the non-linear functions are
approximately linear at the time of the estimate, then the EKF approximation may
be a good one. The less certain the state estimate is, the wider is its Gaussian belief,
and the more the filter is affected by non-linearities in the state and measurement

functions.
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Algorithm 2 Particle filter

procedure PARTICLEFILTER(X;_1, Ut, )

Xt =Xt =0
for m=1to M do

sample & ~ p(|us, "))

1:
2
3
4
. [m] _ [m]
5: wi = plzlrg)
6 Xe = X+ (@ ™)
7 for m=1to M do A
8 draw ¢ with probability o< wy]
9 add a:l[f] to xt

10: return y;

2.3.2.3 Particle Filter

Kalman filters represent the belief about a state with a uni-modal distribution. Some-
times one may wish to represent the state estimate by a multi-modal distribution,
and this is where particle filters [52] are useful. The particle filter is a non-parametric
implementation of the Bayes filter [121]. The main idea of the particle filter is to rep-
resent the posterior by a set of random state samples drawn from this posterior. This
representation is approximate but it is non-parametric and can therefore represent a
much broader space of distributions than a Gaussian.

In particle filters, the samples of a posterior distribution are called particles, de-
noted as:

Xt = xl[fl], x?], e ,a:,[fn] (2.24)

Each particle is an instantiation of the state at time ¢. M denotes the number of
particles in the particle set x;. Ideally, the likelihood for a state hypothesis z; to be

included in the particle set would be proportional to its posterior:

[m]

Ty~~~ p<mt|21:t7 ul:t) (2.25)

Like the Kalman filter, the particle filter algorithm constructs its current belief re-
cursively from the previous belief.
The particle filter algorithm is shown in Algorithm 2. Line 4 generates a hy-

pothetical state a:Em] for time t based on the previous particle and control w,. This
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step involves sampling from the state transition distribution p(x;|us, z;—1). The set of
particles obtained after M iterations is the representation of the belief before incorpo-
rating the measurement. In line 5, an importance factor is calculated, denoted wim}.

This importance is the probability of the measurement z; under the particle mEm}

Interpreting wim] as a weight, the set of weighted particles represents the updated
filter posterior.

The most important step of the particle filter is the resampling trick in lines 7
to 9. The algorithm draws with replacement M particles from the set x;, with the
probability of a particle being drawn given by its importance weights. Resampling
converts a particle set into another particle set of the same size, but by incorporating
the importance weights into the resampling, the distribution of the particles changes.
After resampling, the particles should be distributed according to the posterior. The
particles not included in the new set tend to be the ones with low posterior probability.

A source of error in the particle filter algorithm relates to the variation inherent
in random sampling. For example, if samples are drawn from a Gaussian random
variable, the mean and variance of the sample will differ from the true mean and
variance. To deal with this variance, a high number of samples must be used to
give better approximations with less variability. Another limitation of particle filters
is that repeated sampling in the absence of sensor observations can lead to a loss
of diversity. This could be alleviated by re-sampling only when the variance of the
weights of the particles is high.

In summary, particle filters are easy to implement and can model any probability
distribution — discrete or continuous — unlike Kalman filters. There are various ways
to reduce the error in particle filters, with methods ranging from reducing the variance
of the estimate that arises from the randomness of the algorithm, to techniques for
adapting the number of particles in accordance with the complexity of the posterior.
In general, the particle filter algorithm has higher complexity than a Kalman filter,
but the complexity is difficult to estimate given the wide variation in numbers of

particles used and the many different techniques used for efficient resampling.
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2.4 Multi-modal Methods in Computer Vision

Although most of the literature on people detection has focused on the visible light
modality, there has been increased interest in using infrared due to the fact that the
infrared signature of a person tends to be invariant to clothing and lighting changes.
Infrared cameras record electromagnetic radiation emitted by objects in a scene as
a thermal image whose pixel value is indicative of the heat being emitted by an
object. Given the lack of detailed colour information in infrared images, approaches
to people detection in infrared are based on looking at contrast and gradients rather

than colour.

2.4.1 Detecting People in Thermal Imagery

HOG features in conjunction with support vector machines have been used to detect
pedestrians in infrared with considerable success [17, 56, 87, 133]. Others have used
shape context descriptors with AdaBoost [128] or used SURF features to learn an
implicit shape model [65] or visual codebook [72]. More recently, [101] have experi-
mented with the use of sparse representation-based classification to classify humans
in infrared images in combination with a dense representation like HOG.

A common misconception about infrared is that the person always shows up as a
hot spot in the image. Often this is not the case, especially on a hot day when the
temperature of a person is similar to their background. This makes gradient-based
descriptors less robust and has has motivated the use of phase congruency maps to
detect human silhouettes [92]. Phase congruency reflects the behaviour of the image
in the frequency domain. Features extracted using phase information from the Fourier
transform of an image are more robust to changes in illumination and contrast than
are gradient-based features.

The lack of detailed colour and texture information can result in a high rate of
false positives if the classifier is evaluated over the entire image; this has motivated
the use of background subtraction [30] or finding Maximally Stable Extremal Regions
[119] to first identify candidate regions possibly containing people, and then applying
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a classifier to those regions. As can be seen, a lot of the techniques originally applied

to the visible light modality have also been used with success in infrared.

2.4.2 Cross-modal Image Registration

Given the complementary nature of the visible light and infrared modalities, it makes
sense to try to fuse images from both modalities. Visible light imagery provides rich
colour and texture information while the infrared provides thermal information which
is much less susceptible to lighting changes and can therefore be used to disambiguate
what is in the visible light image. The main difficulty with combining modalities is
determining correspondences between the two modalities. Features which appear in
one modality may not appear in the other, or there may be contrast reversal. A small
amount of research has been done into finding ways of matching points in one image
to the other.

Mutual information (MI) measures the statistical co-occurence of pixel-wise infor-
mation such as textures and patterns inside two images. [70] finds correspondences
by maximising the mutual information between infrared and visible light images. [37]
showed that MI outperforms traditional matching methods such as normalised cross-
correlation-based methods. The foreground regions are extracted in both images; in
the visible light image this is done using background subtraction, in the infrared,
by intensity thresholding. Matching proceeds by fixing a window in one image, and
sliding a correspondence window in the other to find the best match according to
mutual information in the form of image grayscale histograms. The drawback of this
approach is that it assumes that an accurate foreground segmentation is available in
both images, which is not always the case.

Local Self-Similarity (LSS) is another metric proposed for measuring the similar-
ity between two images. LSS was originally proposed for image template matching.
While most image descriptors represent colours or gradients, LSS represents the lay-
out/shape of objects inside an image region. It has an advantage over MI in that it
can deal better with situations in which there is uniformity in the infrared but texture

in the visible light, as long as they have a similar spatial layout. [19, 123] use LSS as
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a similarity metric between points in the infrared and the visible light.

HOG descriptors have been shown to be useful in matching gradients between
images of different modalities. [99] developed a similarity measure based on dense
HOG descriptors using unsigned image gradients to deal with the contrast reversal.
The HOG descriptor is based on histograms of oriented gradient responses in a local
region around each point of interest. Using such features in combination with a
strong match optimisation approach, they were able to compute largely valid but
coarse depth maps for a multi-modal pair, with results comparable to visible light
only stereo setups.

Although exact feature matching using the methods listed above is required for
scene depth recovery, if the scene is far enough away from the camera as to make
the varying depths of objects in the scene negligible compared to the observation
distance, then a planar homography can capture the mapping between the two images
reasonably accurately. This is the approach taken by [31, 51, 89, 90] who use a
homography manually computed in advance in order to register the two images.

Most of the research into multi-modal people detection using infrared and visi-
ble light cameras focuses on fixed surveillance cameras, and this allows for the use
of background subtraction to help identify moving objects in the scene. One such
example is [31], who do Gaussian background subtraction in the infrared and then
use the regions found in this way to fine-tune the background subtraction in the vis-
ible image. In that method the images are already registered. A similar method of
background subtraction is proposed in [57], but in that case they use the result to
automatically register the two images by matching the foreground silhouettes in a
genetic algorithm-based search scheme.

In [89], information from the LUV® channels of the visible image is used alongside
the corresponding infrared pixel value as part of a non-parametric model which is

aimed at detecting moving people. In order to initialise the background model in the

5Unlike RGB, the LUV colour space is perceptually uniform — meaning that two colours equally
distant in the colour space according to the Euclidean metric are equally distant perceptually. The
L, u and v channels correspond roughly to luminance, green-red and blue-yellow.
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presence of foreground objects such as people, the infrared image is thresholded at a
point far from the mean of the intensity histogram in order to do a rough segmentation
of hot objects.

In [71] they manually find the homography between the two images, then ex-
tract regions of interest (ROI) through background subtraction, and then look at the
intersection of the ROIs found in both images. A set of hard-coded fuzzy rules is
used to determine the accuracy of the infrared and visible measurements, and this
information is incorporated into a Kalman filter which tracks the detected objects.

In addition to differences in how the modalities are fused, a key factor in the
success of detection/tracking is when the information is fused. [32] does an evaluation
of when is the best time to fuse information from the two images. In that system, they
perform motion detection using optical flow, with the assumption that moving objects
are people and the goal is to track people using a particle filter. One way to combine
the information is to interlace the two images and then do motion detection on the
combined image. Another way is to do motion detection separately in each image
and then combine the motion masks. Alternatively, both images can be processed
independently of one another and, in the event of there being a detection in one
image but not the other, this information is used to re-initialise a tracker where the
detection is lacking. The study concludes that performance is maximised by fusing
later on in the tracking process i.e. tracking independently in both modalities and
then fusing the results. Fusion too early can result in errors from one modality being
propagated through the system. Fusing later in the pipeline gives more control over

what information can be used or ignored.

2.5 Application to Aerial Imagery

This thesis is concerned with the automatic detection and tracking of people in aerial
imagery. One potential application area is on board Unmanned Aerial Vehicles
(UAVs). UAVs can be broadly divided into two categories: fixed-wing and rotor-

craft (these are shown in Figure 2.11). Fixed-wing aircraft generate lift efficiently by
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(a) (b)

Figure 2.11: (a) APM:Plane Fixed-wing UAV [8]. (b) Ascending Technologies Pelican
Quadrotor [117].

continuously moving through the air at speed, and this enables extended operating
time. However, these constraints require routes to be planned in advance, and the
limited manoeuvrability means they are not suitable for some applications, such as
hovering in a fixed location. In rotor-craft vehicles, lift is generated by all of the
rotors; changes in orientation and hence movement are controlled via the associated
motor currents. Advantages of rotor-craft UAVs over fixed-wing aircraft include the
ability to hover, operate near ground level and even fly inside buildings. In addition
to fixed-wing and rotor-craft, there is a hybrid class of UAV which operates likes a
powered glider, requiring forward movement to maintain altitude, but with a slow
stall speed. Although not as manoeuvrable as rotor-craft, a long flight time and large
payload makes these UAVs good for aerial photography and photogrammetry.
Detecting people from aerial imagery is an important capability for UAVs in search
and rescue systems. The problem of detecting people varies considerably depending
on how far away the camera is from the person, and this is dependent on the type
of UAV used. Fixed-wing aircraft fly at much higher altitudes than rotor-craft ones,
allowing them to take in a much wider field of view, but a person occupies only a
small part of the image. Such imagery precludes the use of complex appearance-based
person detectors. Rotor-craft UAVs tend to fly much closer to the ground (10 - 20
metres) and they can hover; this allows them to get much more detailed video footage,

but limited to a small area. There is also the added issue that in aerial views people
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tend not be viewed head on but at an oblique angle.

In the system of [118], a fixed-wing UAV equipped with a single visible light camera
flies at 400m above ground looking for people, with the assumption that people are
moving. This allows them to compute a global transformation between consecutive
images and factor this motion estimate out, leaving the independent motion in the
scene. These regions are then analysed with a classifier based on texture, gradient
and local binary patterns. In [103, 104] they use the metadata provided by a UAV e.g.
latitude, longitude, altitude, pitch, roll and yaw, to produce geometric constraints on
the shadows cast by humans in order to identify regions of interest in an image, and
then classifies these regions using Haar wavelet features and a SVM.

A small amount of work has focused on combining infrared and visible light footage
taken from UAVs. In [109] a robotic helicopter flying approximately 50m above
ground is used to detect people lying on the ground; they use the infrared to narrow
down the search to warm regions and then analyse the corresponding regions in the
visible light image with Haar classifiers trained to detect lower, upper and full bod-
ies lying down. Another system which combines two modalities is that of [22, 51],
who have a fixed-wing UAV flying at 200m above ground. People detection is done
using cascaded Haar classifiers on both thermal and visible images, with secondary
confirmation provided by a multivariate Gaussian shape matching technique or an
additional classifier. In that method the two images are related by a planar homog-
raphy, the planar assumption being valid due to the distance of the UAV from the
ground.

The above-mentioned systems deal with the case of imagery taken from altitudes
so high as to make detailed appearance-based classifiers inapplicable, but only a small
amount of work has been done on close-range imagery. One example is [7] who have a
small quadrotor UAV flying inside an office environment and they apply a part-based
people detection algorithm to detect people lying on the floor. Another work, similar
in spirit to the topic of this thesis (though using only infrared images), is that of [100].
They created a dataset of videos taken from aerial views, and trained a rotationally-

invariant part-based detector to detect people who are then tracked using a particle
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filter. Background subtraction is used to reduce the search space to those regions
more likely to contain people.

The work that this thesis presents differs from these previous approaches in two
key aspects. Firstly, previous work such as [22, 51] focused on fixed-wing UAVs
flying at high altitudes where the cameras have a much wider view over the terrain,
and hence, the person occupies only a tiny part of the image. This precludes the
use of complex human classifiers to use on the visible light imagery. In contrast, our
work focuses on the type of aerial imagery expected to be captured from small robotic
helicopters which are more manoeuvrable and can fly closer to the ground. In contrast
to [51], which processes both modalities independently and then combines the result
into a single confidence map, in this DPhil the aim is to reduce the search space from
the very beginning, similar in spirit to [109] — by first processing the lower resolution

infrared image and using that to reduce the search space in the visible light.

We now conclude the literature review with a summary of the state of the art in
each of the areas dealt with in this thesis. The current state of the art in pedestrian
detection can broadly be classified into approaches based on DPM (section 2.2.2),
deep networks (section 2.1.2.3) and decision forests (section 2.1.2.2). To recap, DPM
treats the body as a collection of parts with springs between them representing spatial
connections. Methods in this category differ in the amount of supervision during
training (whether the parts are explicitly labelled, for example), and how the parts
are represented and learned. Examples include [43, 97, 135]. Deep architectures are
very large neural networks which have become popular in recent years due to large
amounts of training data and increased computing power. Some deep architectures
model the entire body as a single template [110]; others use deep architectures to
jointly model parts and occlusions [94, 95]. Finally, decision forests use an ensemble
of decision tree classifiers to classify an image patch giving better performance than
a single classifier alone. Examples include [15, 33, 34, 35, 138]. While these three

are based on different learning approaches, their results on benchmark pedestrian
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datasets such as the Caltech Pedestrian Detection dataset and ImageNet are on a
par with each other. In the pedestrian detection survey of [16], the authors conclude
that most of the improvement in pedestrian detection over the last decade can be
attributed to the improvement in features alone, and how they are combined. Whilst
much progress has been made in dealing with the issues of articulated people and
occlusion through the use of part-based detection algorithms, these algorithms fail
when the person occupies only a small part of the image. In other words, there is a
need to use contextual information in addition to object-specific cues, similar to how
the human brain processes visual input.

Most state of the art tracking algorithms such as [12, 58, 62, 66] make use of the
tracking-by-detection paradigm, that is, training a classifier online to discriminate the
object from the background, using positive and negative training examples cropped
from the image. The main difficulty associated with tracking-by-detection algorithms
is in choosing correct positive and negative training examples for the classifier — if
there are slight inaccuracies in the training examples the tracker will start to drift
and ultimately fail. Several different approaches have been proposed to deal with this
issue, including the use of Multiple Instance Learning [12] or structured output SVMs
[58]. Another approach has been to decompose the tracking problem into tracking,
learning and detection [66]. The learner observes the performance of both tracker and
detector, estimating detector errors and generating training examples to avoid these
errors in the future. A recent survey on the state of the art in tracking found that
background information is critical for successful tracking, because this helps differen-
tiate the object from the background. Secondly, local appearance models are better
than global ones which try to capture the whole appearance in one feature vector.
Sparse local models which consider key points as opposed to denser descriptions per-
form better under partial occlusion. Finally, a motion model is necessary especially
when the motion of the object is large or abrupt. Good location prediction based on
the motion model can reduce the search space, thereby improving efficiency.

The problem of detecting people from aerial video footage has received a small

amount of attention in the last decade. Most of it has focused on footage taken from
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UAVs at high altitudes where the person occupies only a small part of the image.
Detecting people in such imagery is prone to many false positives; one approach to deal
with this [103, 104], who use the metadata provided by a UAV e.g. latitude, longitude,
altitude, pitch, roll and yaw, to produce geometric constraints on the shadows cast
by humans in order to identify regions of interest in an image, and then classifies
these regions using Haar wavelet features and a SVM. Another work attempts to find
people moving in the scene by estimating a global transformation between frames
and then factoring this out, leaving the independent movement in the scene. Given
the high cost of infrared technology, there has been relatively little work published
on multi-modal people detection/tracking in aerial imagery. The main works in this
regard are [109], who use the infrared to narrow down the search to the warm parts
of the image, and [22, 51], who process both modalities independently with Haar
classifiers and then do secondary confirmation with Gaussian shape matching.

As already mentioned, the work that this thesis presents differs from these previous
approaches in two key aspects. Firstly, previous work such as [22, 51] focused on
fixed-wing UAVs flying at high altitudes where the cameras have a much wider view
over the terrain, and hence, the person occupies only a tiny part of the image. This
precludes the use of complex human classifiers to use on the visible light imagery.
In contrast, our work focuses on the type of aerial imagery expected to be captured
from small robotic helicopters which are more manoeuvrable and can fly closer to
the ground. In contrast to [51], which processes both modalities independently and
then combines the result into a single confidence map, in this DPhil the aim is to
reduce the search space from the very beginning, similar in spirit to [109] — by first
processing the lower resolution infrared image and using that to reduce the search
space in the visible light. In the next two chapters we describe the main contributions

of the thesis.
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Chapter 3

Multi-Modal People Detection

This chapter presents one of the main contributions of the thesis: a method of de-
tecting people in aerial video footage which is an order of magnitude faster than
searching the entire image — by using the infrared modality to guide the search in
the visible modality. A description of the basic approach is followed by a number of

improvements to the algorithm which resulted in more accurate detection of people.
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This thesis examines approaches to finding and localising a person in multi-modal
imagery recorded from aerial locations. There are two tasks under consideration: the
initial detection of a person in the scene, and the tracking of that person from frame
to frame. Detection is the process of determining where a person is in an image,
without any prior knowledge of where the person is or whether there is even a per-
son in the scene. This is usually done using a sliding window approach — running a
detection algorithm over the image at multiple scales and considering those windows
which ‘score’ above a certain threshold. Without knowledge of where the person is,
the whole image must necessarily be searched, and this can be computationally ex-
pensive, particularly with more complex part-based detectors'. Monolithic detectors
such as HOG or Haar wavelets (discussed in Sections 2.1.3.3 and 2.1.3.1) have faster
computation times, but are unsuitable for deformable objects.

Given an initial detection of a person, tracking aims to localise that person in
subsequent frames — ideally without having to run the original detection algorithm
over each new image. Some trackers search only within a small vicinity of where the
object was last seen, such as MeanShift [25]; others attempt to gauge the velocity of
the object and use this to predict where the object will next appear, as in the case of
Kalman or particle filter-based trackers (discussed in Sections 2.3.2.1 and 2.3.2.3). In
either approach, the goal is to narrow down the search to a smaller part of the image
so as to reduce computation time.

Figure 3.1 shows an overview of the detecting and tracking system developed
during this DPhil. This chapter focuses on the initial detection of a person in a scene
— looking at how the infrared modality can be used to narrow down the search to
more promising parts of the image, and how the resulting regions are then processed
in order to detect a person more accurately than the traditional approach of processing
the entire visible light image. The next chapter will deal with how the person is then

tracked from frame to frame.

!The deformable parts model of Felzenszwalb et al. [39], for example, takes nearly 2.5 seconds
to run over a 1280x960 image on standard hardware, which is not feasible if the video is to be
processed at standard frame rates.
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Figure 3.1: Overview of detection and tracking. This chapter is concerned with the
area inside the dashed grey line.

3.1 The Basic Approach

In contrast to traditional approaches to people detection, which process the entire
image, in this approach the infrared modality is used as a way to focus the image
search on those regions more likely to contain people. This basic approach makes the
assumption that humans are hotter than their surroundings, though as discussed in
Section 2.4.1, this assumption can be violated (Sections 3.3.2 discusses an improve-
ment to this approach which does not require this assumption to be made). Given a
set of candidate regions in the infrared image, the corresponding regions of interest
(ROI) in the visible light image are processed with a part-based person detection
algorithm. This idea is depicted in Figure 3.2. The primary motivation behind using
the infrared in this way is to reduce the computation time required to search the
entire visible light image, and to increase the precision of detection by reducing the
amount of false positives.

Although there has been previous research into detecting people from aerial images

using a multi-modal setup, the approach described here differs in two aspects. Firstly,
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Figure 3.2: Overview of the detection method. (a) The original infrared image. (b)
The corresponding visible light image. (c) The warmer parts of the infrared image
segmented out, using image thresholding or a gradient-based algorithm. (d) The
corresponding regions in the visible light image, found by projecting the bounding
boxes in the infrared image into the visible light image using a planar homography
or some other method to match pixels in one image to another.

previous work focused on fixed-wing UAVs flying at high altitudes where the cameras
have a much wider view over the terrain, and hence, the person occupies only a tiny
part of the image. This precludes the use of complex human classifiers to use on the
visible light imagery. In contrast, this work focuses on the type of aerial imagery
expected to be captured from small robotic helicopters which are more manoeuvrable
and can fly closer to the ground. In contrast to [51], which processes both modalities
independently and then combines the result into a single confidence map, in this DPhil

the aim is to reduce the search space from the very beginning, similar in spirit to [109]

53



A

20 metres|to scene

7 cm baseline

Figure 3.3: Diagram showing the expected horizontal field of view overlap in the
two cameras looking at a scene 20 metres away. The camera baseline is 7 cm and
the horizontal fields of view of the visible and infrared cameras are 55° and 46°,
respectively. The diagram is shown to scale; therefore the 7 cm baseline is negligible
compared to the expected distance to the scene.

— by first processing the lower resolution infrared image and using that to reduce the
search space in the visible light. Although this method has a clear advantage in terms
of computation time, its success is predicated on the person showing up clearly in

infrared. If not, then the entire visible light image should be searched.

3.1.1 Camera setup & Synchronisation

The camera rig, shown in Figure 3.4, is a handheld camera rig comprising a vis-
ible light camera (Point Grey Chameleon 1280x960 with a 8.5mm lens and 2/3”
sensor, giving field-of-views of 55°x42°) and an infrared camera (Thermoteknix Mir-
icle Microcam 640x480 with a 18.8mm lens and 1/3” sensor, giving field-of-views of
46°x35°). With the intention of capturing videos approximately 15 - 20 metres away
from a scene, the lenses were chosen so that a person would occupy a large enough
region in the visible light image as to be detectable by standard detection algorithms.
The camera baseline is 7 cm. Hence, there is a significant overlap in the fields of view

as shown in Figure 3.3. The spectral response of the infrared camera is 8ym - 12pm.
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Figure 3.4: Multi-modal camera rig

Spectral response describes the sensitivity of the photosensor to optical radiation of
different wavelengths. The infrared camera has a thermal sensitivity of <= 50 mil-
loKelvins (mK). Thermal sensitivity is a measurement of the smallest temperature
difference that an infrared camera can detect. With higher sensitivity, a hot object
can dominate the image and make the rest of the scene have less contrast. The lower
the sensitivity, the more the camera can discern small temperature differences result-
ing in a more detailed image. The effect of thermal sensitivity will be discussed later
in the chapter in the context of detecting humans where there are hotter objects in
the scene.

The system was intended to fly onboard a UAV with limited payload, so we chose
to use an Atom Fit-PC2 processor [27], shown in Figure 3.5, which is light enough to
fly and powerful enough to capture from two image streams simultaneously. At the
time of purchase, 640 x 480 was the highest available image resolution for the infrared
camera, and this was with an analog interface. Because the camera has an analog
interface, an analog-to-USB adapter is required in order to connect it to the Atom
processor. During the conversion process, a black border is put around the infrared

image, so that although the specified image resolution of the camera is 640 x 480,

55



Figure 3.5: Atom Fit-PC2 [27]

after the conversion process this is reduced to 584 x474.

Out of the box, the visible light and infrared cameras have frame rates of 15 fps
and 25 fps respectively, and synchronising the two cameras temporally is non-trivial.
However, temporal synchronisation is very important especially if both camera and
person are moving. From the experiments done here it was found that even a couple
of frames difference between the two cameras can mean the imaged scene looks very
different in both images. The standard approach to deal with this is to have an
external trigger in both cameras which would allow an external source to trigger
an image to be captured from both cameras on demand. The Point Grey has an
external triggering function but the infrared camera has no such capability. In this
work an attempt is made to align the images as close in time as possible by having
two parallel threads of execution for capturing from both cameras. As the infrared is
lower resolution it takes much less time to capture a single image than for the visible
light camera. The infrared capture thread therefore waits until the current visible
light image has been grabbed from the camera buffer, before both threads proceed
to capture the next pair. Although this does not guarantee that the two images are
perfectly synchronised given that cameras have different frame rates, for the purposes

of this work it was found to be adequate.

3.1.2 The Geometry of Multiple Views

If the infrared is to be used to focus the search in the visible light, then the map-
ping between the two images must be determined. Given that the two cameras have

different resolutions and fields of view, a direct pixel to pixel mapping is not applica-

56



ble. The process of finding the transformation involves selecting corresponding points
between the two images and then solving a system of geometric equations which min-
imise the total reprojection error when points from one image are projected into the
other using the estimated transformation.

For the general case of a scene with objects at different depths, the geometry
between two views is encapsulated by the Fundamental matrix F [60]. F is a 3 x 3
matrix of rank 2. If a scene point X is imaged at z in the first image and 2’ in
the second, then the image points satisfy the relation 2’7Fz = 0. The matrix F is
independent of scene structure, but can be computed from correspondences of image
points alone, without requiring knowledge of the camera’s internal parameters. Given
the matrix F and a point z in image 1, the search for its correspondence 2’ in image
2 is reduced to searching along the epipolar line which satisfies I’ = Fx.

A special case of the Fundamental matrix is a planar homography (already dis-
cussed in Section 2.1.1.1), which applies to scenes which are planar or far enough
away that the effects of parallax are negligible. A planar homography H satisfies the
constraint ' = Hxz. H is a 3 x 3 matrix of rank 3 in which there is a one-to-one point
correspondence between the first and second images. In the videos captured for this
thesis, the scene is sufficiently far away as to allow the use of a planar homography
which is computed manually (once per video) in advance of image processing. The
use of a homography to map between two views of an aerial scene has precedence
in the earlier works of [51, 109]. A homography is an approximation, but avoids the
need to estimate the epipolar geometry which is made especially difficult by the need

to match features in different modalities.

3.1.3 Registering Images of different modalities

For two images from the same modality, the process of matching features is a well-
studied problem. Using a feature extraction algorithm such as SIFT, SURF, FAST
or ORB, the salient features are extracted in both images and a descriptor vector is
computed around each key point. For each descriptor in image 1, an exhaustive search

is done in image 2 to find the nearest neighbour, where the nearest neighbour is defined
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as the key point with minimum FEuclidean distance from the descriptor vector. Given
a set of 2D to 2D point correspondences, the affine transformation between them is
computed using the DLT (Direct Linear Transform) [60] and a robust estimator such
as RANSAC [44] (both discussed in Section 2.1.1.1).

If the images are from different modalities, determining which points correspond
to which can be especially difficult because features may appear differently in different
modalities. As the infrared is showing a heat map, it may show up things which are
not visible at all in the visible light image, and vice versa. Even if a feature does
show up in both images, there can be contrast reversal. Consequently, trying to do a
global image registration using gradient-based features such as SIFT or SURF may
fail. On the other hand, previous work using unsigned HOG descriptors has made it
possible to to a dense registration between infrared / visible light pair, but this comes
at the expense of an expensive global optimisation step [99].

Given the difficulty of automatically matching features across modalities, for this
work a manual approach was taken to determining a global mapping or homography
between the two images. From Figure 3.4 it can be seen how closely attached the
two cameras are to each other; this means there is a wide overlap in the field of
view, which results in many point correspondences between the two images. For each
of the videos recorded, corresponding points between infrared and visible light are
selected manually from a random infrared/visible light pair in the sequence, and a
2D homography is computed from these point pairs using the DLT and RANSAC.

The assumption taken here — that a single homography will suffice per video —
is reasonably valid, as will be shown in Chapter 4. This is because the videos were
recorded from fixed locations — looking at largely the same scene throughout the video
— albeit with considerable camera vibration induced to simulate the type of footage
one might get from a UAV. If the footage were taken from a UAV moving over ter-
rain with significant height changes, the homography would most likely need to be
recomputed at various intervals. Automatic computation of a homography between
different modalities, although outside the scope of this thesis, may be possible in light
of the recent work of [99]. In that paper the focus is on producing dense depth maps
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from cross-spectral stereo image pairs. Computing depth maps necessitates match-
ing features across images, and this is done by using unsigned HOG descriptors in
combination with a strong (although computationally expensive) match optimisation

step. That approach produces largely valid, yet coarse, dense depth maps.

3.1.4 Infrared Segmentation

The histogram of the pixel intensities in an infrared image is typically Gaussian-
shaped (see Figure 3.6 (b), with the mode of the distribution representing the ambient
temperature in the scene. Objects which are hotter than the background typically
show up as bumps to the right of the main distribution. (The Gaussian assumption is
not always valid, however. If there is a large hot region in the image this will dominate
the histogram and consequently there will be a greater proportion of pixels near the
right end of the distribution. See for example Figure 3.11 (middle). Section 3.3.2
discusses an improved method which does not require this assumption to be made). If
one is to assume that the histogram is Gaussian-shaped, this initial approach attempts
to find a point at which to threshold the image so that the hotter objects are isolated
from the rest of the scene. This is done by first smoothing the histogram with a
Gaussian kernel, then looping through the histogram values from right to left and
finding a local minimum near the end. The infrared image is thresholded at this
value, meaning that all pixels with a value less than this are set to 0 (black) and
all values greater than or equal to this value are set to 255 (white). This results in
a binary image of the sort shown in Figure 3.6 (c), which shows the people clearly
segmented out.

The infrared signature of a human tends to produce a set of disjoint hotspots,
representing the exposed skin regions, since the body is not a uniform temperature if
they are wearing heavy clothing. This can be seen in Figure 3.6 (c). If the contours
are extracted from this image, and their bounding box projected into the visible light
image, it can happen that two or more bounding boxes end up being processed for the

same person, but none of them cover the whole body. Because of this, the white re-

59



Figure 3.6: Overview of the detection method. (a) and (f) show the original infrared
and visual light images. (b) shows the histogram of intensity values in the infrared
image, with an appropriate threshold value. (c) is the result of thresholding the
infrared image at this value and (d) dilating the resulting hot regions found. The
bounding box of each of these regions is computed and projected into the visible light
image, as shown in (e). (f) shows the result of running a person detection algorithm
over these smaller regions of interest.

gions in the binary image are morphologically dilated?, a mathematical operator used
on binary images which has the effect of expanding boundaries and filling small holes.
This tends to join the regions into one big blob. The contours of this binary image are
then extracted, and their bounding box is projected into the visible light image using
the homography. Once projected into the visible light image, the bounding box is
inflated by 20% in order to cater for the possibility of error in the homography. This
value was chosen empirically based on the approximate distance of the camera from
the scenes recorded for this thesis, but it could be parametrised based on the com-
puted reprojection error of the homography. This is the error arising from projecting
points from one image into to the other according to the estimated homography. This

value, which is dependent on depth to the scene, could approximate how much the

2Dilation and erosion are the two basic operators in mathematical morphology, typically applied
to binary images. The basic effect of dilation is to gradually enlarge the boundaries of regions
of foreground pixels i.e. white pixels. Thus areas of foreground pixels grow in size while holes
within those regions become smaller. The erosion operator erodes away the boundaries of regions of
foreground pixels, while holes within those regions become larger.
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bounding box needs to be inflated in order to cater for the homography error.

3.1.5 Visible Light Processing

The process of detecting people in the visible image follows the standard method of
running a sliding window detector over the image at different scales, but instead of
searching the entire image, only the regions found using the infrared pre-processing
step are processed, i.e. the regions shown in Figure 3.6 (e). In this work the Felzen-
szwalb part-based detector [43] (as described in Section 2.2.2) was used, owing to its
success in detecting articulated people, but any (part-based) detector could be used
in its place or in combination with it. The key point is that in contrast to traditional
methods of detecting people, the infrared processing eliminates the need to process
the entire visible light image. Furthermore, in this work the height of the camera
above the ground is known, and this enables us to restrict the search to more likely
scales a person may appear. This step, in addition to filtering out large parts of the
image with the help of the infrared processing, helps to reduce computation times
further.

Although there is a certain amount of rotation invariance implicit in the Felzen-
szwalb detector, in that it can detect people with varying degrees of articulation, it
is not rotationally invariant in terms of the overall orientation of the person. For this
work the assumption is that the person is roughly right-side up. The process could
however be made rotationally invariant by scanning the image at various orientations
and taking the maximally scoring one.

In order for a window scanned by the detector to be deemed a detection, its
score must be above a certain threshold specified in advance. Determining the best
threshold to use was determined empirically by examining the Receiving Operator
Characteristic (ROC) curve obtained by varying the threshold (see Figure 3.7). The
ROC curve is a plot of the true positive rate against the false positive rate at various
discrimination thresholds. If the threshold is set too high, there is a chance that
people may not be detected. If it is too low, then false positives are more likely to be

reported. The ROC curve helps to choose a threshold which gives acceptable trade-off
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Figure 3.7: ROC curve obtained by varying the threshold score on the Felzenszwalb
detector over a data set of 250 visible band images, each containing one person. The
horizontal axis shows the total number of false positive detections; the actual false
positive rate can be calculated by dividing this by the number of scanned detection
windows.

between true and false positives for a given domain.

3.2 Results

The results presented in this chapter compare the standard method of detecting people
in visible light images — searching the whole image — with using the infrared modality
to narrow down the search to more likely parts of the scene. For the evaluation we
independently sampled 250 infrared/visible light image pairs from the dataset of 47
videos recorded specifically for the DPhil. Each of these frames contains one or two
people and has an accompanying ground truth file which contains the coordinates of
the top left corner of the bounding box and its dimensions. The videos were taken
at five locations at different times of day and time of year. Figure 3.8 shows some
snapshots from the dataset.

For evaluating the success of the method, each detection in an image is compared
with the ground truth file for that image. If the detection overlaps with the ground

truth bounding box by more than 50% it is deemed to be a true positive; otherwise
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Figure 3.8: Snapshots from the video data set showing visible light images and cor-
responding infrared. These show the wide range of infrared signatures a person can
have, varying from sharp and distinct on a cold day to barely perceptible against a
hot background.
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it is taken to be a false positive. The overlap criteria used is intersection over union
(IOU) of two bounding boxes; this is in line with how object recognition challenges
such as ImageNet® determine correct detections. A false negative is defined as a
person who was not detected at all.

The overall detection performance is evaluated with precision recall graphs. Pre-

cision and recall are defined as follows:

TP
l=—"——
Reca TP N

Procision — TP
recision = TP FP

In other words, recall is the proportion of people in the entire set of images who
were detected. Precision is a measure of how accurate the set of all detections is.
Recall rate can be varied by varying the discrimination threshold for the detector.
The lower the threshold, the more detections there will be, but with an increased
false positive rate; the higher the score, the fewer detections there will be, but with
a higher precision. With precision recall graphs, the goal is to have the curve in
the top right corner, i.e. having high levels of recall accompanied by high levels of
precision. The results of running the Felzenszwalb detector over the entire image and
the segmented part of the image are shown in Figure 3.9, which shows the precision
recall curve for the two methods. Intuitively, the new method should result in fewer
false positives than if the entire visible image were to be searched, with no change
in the true positive rate. If the processing of the infrared is able to segment out a
person correctly, this turns out to be the case. If it is not, then regions which should

have been searched end up not being searched, and consequently people are missed.

3.2.1 Overall Detection Performance

The first thing to notice is how low the recall rate is overall — simply by running the

Felzenszwalb over the entire image. At a precision even as low as 50%, just over 50%

3http://image-net.org/challenges/LSVRC/2014/index
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Figure 3.9: Precision recall curve of detection on a set of 250 infrared/visible light
images sampled independently from the entire set of videos. The red line is the result
of running the Felzenszwalb detector over the entire visible light image (making no use
of infrared). The blue line is the curve resulting from using infrared thresholding to
first narrow down the search to the warm regions, and then running the Felzenszwalb
detector over the resulting set of regions.

of the people in all the videos are detected. This is indicative of the usual problems
which beset people detection algorithms: low illumination, highly articulated people
and the small size of people in some of the images. Figure 3.10 shows some tricky
examples where the Felzenszwalb detector failed to detect a person. Another issue
with object detectors is that even minor changes between one frame and the next can

mean that a person may be detected in one frame and not in the other.

3.2.2 How using Infrared Affects Detection

The second thing to notice from the precision recall curve of Figure 3.9 is how much
lower the recall is when the infrared is used to narrow down the search. At a precision
even as low as 40%, the infrared method only manages to recall around 30% of true
positives, compared to over 80% if the entire visible image is searched. The result
is somewhat surprising, and suggests that thresholding the infrared image fails to

segment out the people accurately. As a result, the corresponding regions never get
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Figure 3.10: Some tricky examples where the Felzenszwalb detector fails to detect a
person. Left: the person near the top of the steps is barely visible to the human eye.
Middle: a person walking along the footpath in poor illumination. Right: people who
appear too small in the image.

analysed by the Felzenszwalb detector. To see why this is happening, it helps to look
at some examples of where the people are being missed. In Figure 3.11 (left), the
person is standing in a grassy area which is under direct sunlight. They blend into
the background. In Figure 3.11 (middle), the roof in the foreground is hotter than the
person and the automatically chosen threshold ends up being too high. If it had been
lower, then both the roof region and the region containing the person would have been
searched. In Figure 3.11 (right), the person does not have a strong infrared signature
against the warm wall behind them. The effects seen here are partly related to the
thermal sensitivity of the camera. As discussed in Section 3.1.1, thermal sensitivity
affects how much the infrared camera can discern small temperature differences in
the scene. If the camera had a lower sensitivity then it is likely that the people would

show up in greater contrast to the background in the images shown in Figure 3.11.

3.2.3 Where it Fails

An analysis of the results on each individual image makes it clear that the infrared
thresholding process fails to segment the people in the scene when either of two
conditions occur: (i) the background of the person is also hot, meaning the person
blends into the background, or (ii) there is an object in the scene which is hotter than
the person, and the computed threshold ends up being too high. Both conditions
usually happen on a hot day. To quantify the effect which temperature has on the

success of detection, we divided the dataset into two sets: those images taken on hot
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Figure 3.11: Some examples where the infrared fails to segment the person well. Left:
the person blends into the hot background. Middle: the roof in the foreground results
in the wrong threshold being chosen. In this case the histogram of intensity values is
not Gaussian-shaped, so it is difficult to choose an appropriate threshold. Right: the
person is barely distinguishable against a warm background.

days and another set containing images taken on colder days. Figure 3.12a shows the
precision recall curve for each set. This shows that on colder days, using the infrared
gives better precision (fewer false positives), than the visible only method. The recall
rate is the same. It is clear from this that the infrared provides a clear advantage
in terms of higher precision (fewer false positives) on colder days when the thermal
signature of a person is more distinct against their background.

By looking at the middle image in Figure 3.11, one might be surprised to find
that the person is not segmented during the infrared processing; their silhouette is

clearly distinguishable from the background. There is an obvious white blob against
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Figure 3.12: Precision recall curves showing the effect of outdoor temperature on
detection with the aid of the infrared modality.

a dark background. This highlights the deficiencies of using simple thresholding to
segment out the people, especially if there is something hotter in the scene. If a lower
threshold were used, this would pick out the person but would result in more of the
image being processed unnecessarily, even though most of the hot region corresponds
to the roof in the foreground. This result suggests it would be better to look at image
gradients rather than absolute pixel values, and to consider regions of light against

dark and vice versa.

3.3 Improving Detection

This section discusses the most common problems encountered in detecting people
reliably in a multi-modal image pair, and details improvements made to the basic

approach which cope better with these problems.

3.3.1 Common Problems

The detection method described above worked very well in cases where the person
was clearly distinguishable in the infrared. Usually this happens on a cold day when
the body temperature of a person is much warmer than the background, or where

the person is close to the camera. However, in videos where there was something
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Figure 3.13: Some examples of positive (top) and negative (bottom) training examples
for a machine learning algorithm algorithm to learn the appearance of a person in
infrared images.

hotter in the scene, such as a roof with the sun beaming down on it, this resulted in
the wrong threshold being chosen for the infrared segmentation. This meant that the
person could be missed altogether, while large regions are searched unnecessarily. This
suggested that looking at absolute pixel values was not always a good idea; rather,
the contrast between neighbouring pixels is what should be taken into account. This
is an approach adopted by others previously, namely by [51] and [109], who used
cascade Haar classifiers to detect people in aerial infrared images.

Another problem noticed in some cases is that when the locations of bounding
boxes in the infrared image were projected into the visible light image, the result can
be inaccurate, sometimes as much as 50 pixels away from where it should be. This
is because a 2D homography is a poor approximation of the mapping between two
views if the scene is not entirely planar. This problem was foreseen, and to cater for
the possibility of error in the homography, each bounding box, when projected into
the visible light image, is inflated by 20%. While this is sufficient for providing a
rough estimate of where the person is, it is not a good method if the person is being
tracked. A better method of finding corresponding points between the two images is

needed.

3.3.2 Improved Infrared Segmentation

This section presents the results of using of a histograms of oriented gradients (HOG)
detector [29] and a local binary patterns (LBP) detector [91] in order to detect people
in infrared images. These are proposed as better alternatives to intensity thresholding,

as they are not dependent on absolute pixel values. In the case of HOG (discussed
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Table 3.1: Training, validation and test set errors for HOG and LBP classifiers.

HOG LBP

Training error | 4.73% | 10.53%
Validation error | 8.40% | 28.52%
Testing error 18.64% | 57.66%

in Section 2.1.3.3), a histogram of oriented gradients is built up for each image in
the training set, and a support vector machine is used to learn the decision boundary
which best separates positive feature vectors from negative feature vectors. In the
case of local binary patterns (discussed in Section 2.1.3.2), each pixel is compared with
the 8 pixels in its neighbourhood, and the difference between it and its neighbours is
encoded as a 0 or a 1 in a feature vector, and this is done in each cell and concatenated
into a single feature vector for a training example. The appearance is learned using
decision tree stumps and AdaBoost (both are explained in Section 2.1.2.2).

HOG and LBP classifiers were trained to detect bright blobs in the infrared. 50%
of the data set was used for actual training while 25% was used for validation and
25% for testing. Figure 3.13 shows some examples from the positive and negative
training set chosen specifically for this task. These were extracted both from the
data set collected for this DPhil and from the freely available OTCBVS data set* and
the data set of Portman et al. [100]. Initially, a HOG detector was trained for the task
of detecting upright people in infrared images using 500 positive and 1000 negative
training examples. However, running a HOG detector over the infrared image is
more computationally demanding than thresholding — it takes 482 milliseconds to do
HOG compared to 2 ms for thresholding. For speed reasons it was decided to try
the less computationally demanding LBP detector, which takes 63 ms to run over an
image. For the LBP detector, a much bigger negative training set (20000 images) was
required. The final training set was generated by randomly warping and mirroring
examples from an original training set. Figure 3.1 shows the training, validation and
test set error for both classifiers. As can be seen, the error is quite high on the test

set, especially for the LBP classifier, but we were not aiming for precision at the

40TCBVS Benchmark Dataset: http://www.vcipl.okstate.edu/otcbvs/bench/
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Figure 3.14: Effect of different infrared segmentation methods (thresholding, HOG
and LBP) on tracking precision. In hot weather, no infrared segmentation method
can improve precision levels over searching the entire visible light image. In cold
weather, all three infrared processing methods help to narrow down the search so
that there are fewer false positives than the visible only method. This is reflected in
the higher levels of precision for each level of recall in Figure 3.14b.

infrared processing stage. These bounding boxes are merely used to guide the search
in the visible band, so it is expected that false positives here will be filtered out at a
later stage.

The results of using these two classifiers to segment out people in the infrared
image are included in the precision recall curves of Figure 3.14. These are the same
curves as shown in Figure 3.12, but showing the results of using HOG and LBP to

compare to simple thresholding. There is a clear improvement over thresholding in
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terms of precision and recall — both HOG and LBP give a higher overall recall and
accompanying precision than using thresholding. They are more computationally
demanding than thresholding, but still take less time than if the whole visible light
image is processed.

However, it is clear that the infrared modality does not always provide the infor-
mation required to narrow down the search for people, and this is the disadvantage of
using the infrared to guide the search in the visible light image. Perhaps it is better
to search to the entire visible light image, and to use the presence or absence of the
person in infrared as an additional confidence measure. However, if reduced com-
putation time is required, it would be useful to know when the infrared should not
be trusted; if this was known, then the whole visible light image should be searched.
This issue is as important for tracking as it is for detection and is something we return

to in Chapter 5.

3.3.3 Improved Matching Across Modalities

From analysing the results of those videos taken at close range it is clear that a planar
homography can be a poor approximation to the mapping between the infrared image
and the visible light image; this is due to effects of parallax caused by objects at
different depths having different disparities between the two images. This section
describes an attempt made to fine tune the matching between a thermal signature of
a person and their corresponding appearance in the visible light image.

Previous attempts at matching features across a multi-modal image pair have
been fraught with difficulty because feature descriptors of the same object can be
very different in different modalities. One issue is contrast reversal, i.e. where an
object may appear light against a dark background in the infrared image, but appear
dark against a lighter background in the visible light image. In that situation the
gradient directions can be opposite in the two images.

Previous work in cross-modal stereo matching [99] has used unsigned HOG de-
scriptors to match features in an infrared /visible light image pair, in that case for the

purposes of depth estimation. In that approach they use a dense set of unsigned HOG
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features and match these across images using standard stereo matching algorithms
normally used for a pair of optical images. Using unsigned as opposed to signed gra-
dient directions makes sense because it means the feature descriptor is more invariant
to contrast reversal.

Inspired by that work, we use HOG descriptors to match a region in an infrared
image to the visible light image. For a given bounding box in the infrared, the
unsigned HOG descriptor is extracted and then a search is done in the visible light
image to find the closest match. The most obvious way to do the matching would be
to slide a window over the whole visible light image and store the best match found.
However, it was found in practice that this is quite prone to error, especially if the
infrared signature is not that distinct to begin with. Instead, we make use of the
approximate location provided by the homography and use this as a starting point
to fine tune the localisation.

Given a bounding box in the infrared, we wish to find the closest matching bound-
ing box in the visible band image. The infrared bounding box is projected into the
visible image using the pre-computed homography. Searching within a rectangular
region around the corresponding point found by the homography, and finding the
location which gives the minimum Euclidean distance between the two HOG descrip-
tors, was found to give better results than using the homography estimate alone in
the vast majority of cases. As the original infrared bounding box and its projection
in the visible light image are different sizes, in order to compare the two HOG de-
scriptors we downscale the visible patch to match the infrared patch. The decision to
downscale the visible patch rather than upscale the infrared patch was made because
we found that the extra detail in the visible patch tends to confuse the HOG matcher.
Figures 3.15 and 3.16 shows some examples of the match found when this method is
used. The downside of the approach is the extra computation time required to find
the minimum match, something on the order of 30 ms, but still capable of running
in real-time on the hardware available today.

This method was tested on 300 image pairs randomly selected from the set of 47

videos. To compare the homography estimate with the HOG matching estimate, we
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Figure 3.15: Improved matching between infrared and visible light images using HOG
descriptors. Left: The HOG descriptor is extracted from the blue box in the infrared
image. Right: Red boxes are the estimated location according to the homography
mapping computed manually in advance. Blue boxes are the regions having closest
matching HOG descriptor to the original infrared descriptor.
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Figure 3.16: Improved matching between infrared and visible light images using HOG
descriptors. Left: The HOG descriptor is extracted from the blue box in the infrared
image. Right: Red boxes are the estimated location according to the homography
mapping computed manually in advance. Blue boxes are the regions having closest
matching HOG descriptor to the original infrared descriptor.
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compute the Euclidean distance between the bounding box centres of both estimates
and the centre of the ground truth box. Out of 300 image pairs, in only 24 images
(8%) was the match provided by the homography alone closer to ground truth than
the match found by looking for the closest HOG descriptor, when matching from
infrared to visible light (that is, the original descriptor is extracted from the infrared
and the closest match is found in the visible light). However, if the method is carried
out the other way around, that is, given a salient region in the visible light image,
try to find its correspondence in the infrared, in only 32% of cases does the HOG

matching provide a closer estimate than the homography.

3.4 Computation Times

Table 3.2 shows computation times for the overall detection method described in this
chapter. The code was run using a single core on a Macbook Pro 2.5 GHz Intel Core
i5 with 4 GB of RAM and no GPU. The upper table shows the computation times for
the three alternative methods of finding hotspots in the infrared image, thresholding,
HOG detection and LBP detection. These can be used interchangeably, with varying
results as already discussed. Thresholding is the quickest method, but is the least
effective in terms of segmenting out the person. Of the two gradient based detectors,
LBP is by far the most efficient, taking 63 ms per frame, compared to HOG which
takes more than seven times that time.

The lower part of Table 3.2 shows the time to process the visible light image with
the Felzenszwalb detector, depending on whether the whole image is being searched
(which would be the case if there were no infrared), and a reduced region of interest
found by the infrared segmentation method. On average, it takes more than 2 seconds
to process the full 1280 x 960 image with the Felzenszwalb detector. Although the
regions found by the infrared segmentation vary depending on the scene and segmen-
tation method chosen, on average it takes 238 ms to process the more likely visible
light regions. The code was run on a standard CPU, but as discussed in Section 2.2.2,

speeded up results could be obtained on a GPU and/or using a cascaded version of
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Table 3.2: Computation times for detection

IR Segmentation (584x474 px)

Segmentation method Computation time (ms) ms per 1000 px
Thresholding & connected 3 0.01
components

HOG detector 482 1.74

LBP detector 63 0.23

Visible light detection (1280x960 px)

Felzenszwalb detector Computation time (ms) ms per 1000 px
Full image 2456 1.99

Reduced ROI after IR seg- 238 0.19

mentation

the algorithm.

3.5 Summary of Results

This section summarises the results that were observed in the experiments presented

in this chapter.

The difficulty of detecting people in aerial imagery

Detecting people in the aerial imagery recorded for this thesis is a difficult problem
even using state of the art people detection algorithms. The benchmarks for such
detection algorithms are image classification challenges such as ImageNet (formerly
PASCAL VOC Challenge), where the scenarios, though difficult, are still not as diffi-
cult as detecting people in the aerial imagery recorded for this thesis. The problem is
made especially difficult by the small size of the person in the image and poor lighting
conditions. Although great improvement has been seen on benchmark datasets with
current state of the art algorithms [33, 34, 35|, it is clear that, with the lower level of
detail (on the person) present in many of the images captured for this thesis, some
contextual knowledge is required by a computer in order to be able to detect the

people recorded in these videos.
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The benefits of having an extra modality

There are cases in which using infrared imagery improves the detection performance
and there are cases in which it hinders it. The results depend largely on how good
the infrared is at segmenting the person from the background, and this is dependent
on weather conditions (temperature and humidity), whether or not the person is in
the shade and whether there are objects which are hotter than the person in the
scene. The segmentation method used also has a significant effect on detection:
using detectors specifically trained to recognise white silhouettes against a darker
background tends to do a better job of identifying person candidates than thresholding
does. This is because thresholding focuses on finding the hottest object in the scene,
which is not guaranteed to be a person, and it is difficult to determine what the

appropriate threshold value should be.

Using infrared reduces computation times

Using the infrared modality to narrow down the search for people reduces the compu-
tation times to detect a person over processing the entire visible light image, even after
taking into account the additional infrared processing required to find regions of inter-
est. The bottleneck of the entire method is running the parts-based people detection
algorithm on the visible light regions. If it is possible to segment the person accurately
in the infrared, then only a small region must be searched in the visible light image.
The time taken to do the infrared processing is negligible compared to the visible light
processing. This is because of the lower resolution of the infrared, and that the meth-

ods for identifying potential candidate can be done in time linear in the number of pix-

els.

This concludes the explanation of the basic method used to detect people using
a combination of infrared and visual light imagery. While previous work such as
[51, 104, 109] has focused on footage taken from UAVs flying at high altitudes (where
the person occupies only a small part of the image), our work focuses on close-range

video footage which would be taken from small robotic helicopters. Such footage
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allows for the use of more complex part-based detection algorithms. In contrast to
[51], which processes both modalities independently and then combines the result
into a single confidence map, our method reduces the search space from the very
beginning, similar in spirit to [109] — by first processing the lower resolution infrared
image and using that to reduce the search space in the visible light. While [51, 109] use
a homography to map one modality to the other, this chapter presented a method
to match two images using HOG descriptors and showed that this results in more
accurate matching than using a homography alone. The next chapter looks at tracking
a person once they have been detected, that is, predicting where a person will next
appear, so that it is not necessary to keep running the full detection pipeline presented

in this chapter.
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Chapter 4

Multi-Modal People Tracking

This chapter presents one of the main contributions of the thesis — HeatTrack — an
algorithm for tracking people using a multi-modal camera setup. A description of
the basic approach is followed by a number of improvements to the algorithm which
resulted in more accurate tracking compared to three state of the art tracking-by-

detection algorithms [11], [66] and [58].
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Algorithm 3 Kalman filter

1: procedure KALMANFILTER(gts—1, 2¢—1, U, 2¢)
2 fi < Agpi—1 + Bruy

3: Et — 14_t2t—1Af_+ Rt

4: Kt — ZtCtT(CtEtC'tT + Qt)il

5. g fiy + Ki(2 — Cofar)

6
7

Y (I — K,CpYy
return g, >

The previous chapter describes an approach to initially detecting a person in
a scene without any prior knowledge of the location of the person. Although the
proposed method is quicker than searching the entire visible light image, ideally this
would not have to be carried out in every single frame — once the person has been
detected it should be possible to predict roughly where they will appear in the next
frame. This chapter describes an approach we developed to track people from frame to
frame i.e. localise them in every frame without having to run the full computationally
expensive detection pipeline. Rather than search the whole image every time, the
method attempts to gauge the velocity of a person and use this in order to predict

where to look in the current frame.

4.1 The Basic Approach

Our approach, denoted HeatTrack hereafter, uses a Kalman filter to track a person in
2D image space. The filter takes measurements from both image modalities and uses
these to update a model of the (x,y) position of a person and their velocity in pixels.
In the absence of measurements i.e. if the person becomes occluded, a motion model is
used to predict where the person is. This section describes the approach to tracking
with a stationary camera. In that case, a constant velocity model is a reasonably
valid assumption: in general we would expect a person walking along a footpath or
hillwalking to be walking at an approximate speed of 4 mph. With a moving camera,
however, the constant velocity model is obviously violated. In Section 4.2 we describe
how we adapted our method to work in the case of a moving camera, which is the

case for all of the videos captured for this DPhil.
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Figure 4.1: Overview of the tracking method. This process is initiated once a person
has been detected with confidence.

Figure 4.1 shows a high level overview of how the HeatTrack algorithm works. We
chose a Kalman filter for this implementation primarily because of its low computa-
tional cost. A particle filter could also be used for this purpose, but it may need a
large number of samples in order to converge to the true posterior, which increases
the computational complexity. The general Kalman filter algorithm was described
in Chapter 2 and is shown again below for ease of explanation. When a new person
is detected, using the method described in the previous chapter, a Kalman filter is
initialised with their location in pixels and a velocity of 0. Given measurement mod-
els for both modalities, the Kalman filter then proceeds to incorporate measurements
from both modalities in every subsequent frame. The specific measurement models
used are described in sections 4.1.1 and 4.1.2.

In this implementation of the tracker, preference is given to the infrared over the
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visible light, and the Kalman filter coordinate system is the coordinate system of the
infrared image. If a measurement is received from infrared, this is used to update
the Kalman filter; if there is no infrared measurement but there is one from the
visual light, then that is used instead. The reason we give preference to the infrared
modality is because the infrared signature of a person is less susceptible to lighting
changes and body articulation and hence is easier to track.

Given that tracking occurs in the infrared images, measurements received from
the visible light image must necessarily be converted to the coordinate system of the
infrared image before being input to the Kalman filter. If there are no measurements
at all from either modality, then the prediction of the Kalman filter is used as the

estimate for where the person is.

4.1.1 Infrared Measurement Model

Each infrared frame is processed to segment out potential person candidates using
any of the methods described in the previous chapter — either by thresholding to find
the hottest parts of the image, or by using a method which looks at pixel differences,
such as histograms of oriented gradients or local binary patterns. Whichever method
is used, the result is a set of bounding boxes, one of which may be associated with the
person being tracked (the approach to data association is detailed in Section 4.1.3).
The coordinates of the centre of this bounding box are used as the measurement

vector in the Kalman filter.

4.1.2 Visible Light Measurement Model

Every time a measurement is received from the infrared image, an independent tracker
is initialised at the corresponding location in the visible light image. The purpose of
this tracker is to continue tracking in the absence of any infrared measurements, but if
an infrared measurement is received, this tracker is re-initialised at the corresponding
location. As a result, the visible light tracker is relied upon only when there are no
infrared measurements. One example of where this is useful is when the person is

under direct sunlight. In that case, the person tends to blend into the background in
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the infrared, but shows up very clearly in the visible light, making it easier to track
in that modality. The estimate of this independent tracker is used as a measurement
in the Kalman filter.

We tested a number of different state of the art tracking algorithms on our own
dataset. These trackers are ones which have outperformed most other tracking algo-
rithms on a wide range of tracking tasks as detailed in the extensive surveys of [134]
and [111], namely TLD [66], MILTrack [12] and Struck [58] (detailed in Section 2.3.1).
Each of these trackers provides an estimate of the location of the person in the form
of a bounding box in the visible light image. The coordinates of the centre of this
bounding box after being projected into the infrared coordinate system are used as
the measurement vector in the Kalman filter. It will be seen later in the chapter that
Struck outperformed the other two trackers especially in the case of videos exhibiting
camera vibration. The tracking results to be presented in this chapter were obtained

using Struck as the visible light measurement model.

4.1.3 Data Association

Given that there can be several candidates in the infrared which may correspond to
the person being tracked, there is a data association problem that must be solved
before updating the Kalman filter with a measurement. The issue is especially im-
portant if multiple people are being tracked, as one must decide which measurement
to assign to which person. Classic approaches to data association include Multiple
Hypothesis Tracking [102] and the Joint Probabilistic Data Association Filter [48].
MHT maintains multiple possible associations over several time steps, but the com-
plexity of the algorithm limits its application to just a few time steps. JPDAF instead
tries to make the best possible assignment in each time step by considering all possible
assignments between detections and targets, this having exponential complexity. The
method developed for this DPhil uses a greedy mechanism whereby the bounding box
having the best score over various different criteria is chosen as the measurement to
be incorporated into the Kalman filter. This method is less computationally intensive

than JPDAF or MHT and is more suited to real-time short-term tracking (tracklets)

84



for our short video sequences. The criteria are:

1. Size and aspect ratio - The dimensions of a candidate bounding box are com-
pared with the saved image patch of the tracker. If the dimensions are too different
the measurement is ignored. There is no exact science to this, as depending on
the way a hot spot was identified in the infrared, only the upper body may have
been detected; ideally this detection would not be discarded.

2. Proximity to previous tracker estimate - If a bounding box is too far from
where the person was last tracked, the box should not be considered. The proximity
measure is based on the covariance of the Kalman filter state estimate. If the box

does not lie within the covariance ellipse it is ignored.

3. Appearance match - the visible light image patch corresponding to the candi-
date measurement is compared with the saved image patch of the tracker. The
appearance score is the average of intersection and correlation scores between the
HSV histograms of both patches. Intersection and correlation are two ways of
comparing the similarity of two histograms. In both cases, a score of one indicates
a perfect match and a score of zero indicates a perfect mismatch. Given that these
scores are variable, we consider the average of the two scores for extra robustness.

If this is less than a certain threshold the measurement is ignored.

If a bounding box satisfies the size requirement, is within the covariance ellipse of the
Kalman filter and has a histogram score of at least 0.4, it is taken as a measurement.
The covariance ellipse is a spatial ellipse on (x,y) position rather than a 4D ellipsoid in
the full Kalman space. The ellipse is computed from the eigenvalues and eigenvectors
of the state covariance matrix, with the eigenvectors representing the major and minor
axes and the eigenvalues indicating the extent of the ellipse. The required histogram
score is deliberately set to a low value because histogram matching is often not a
reliable measure of similarity. Two consecutive image patches of the same person
may have a low histogram match if the background has changed slightly or if the
patch covers a slightly different area of the body. This method for testing the validity
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of candidate image patches is used in both modalities. In the case of infrared, it is
used to choose from among a number of potential candidate bounding boxes returned
by the segmentation; in the case of visible light, it is used to determine whether the

independent visible light tracker is correct or not.

4.1.4 Handling Occlusion

If there is no measurement in either modality satisfying the criteria of Section 4.1.3,
then the prediction of the Kalman filter is used instead. This is the prediction based
on the estimated motion model before a measurement is taken into account. The
prediction is only reliable if the Kalman filter has already received observations over
a number of frames, because otherwise the velocity will not have converged to an
accurate estimate, and therefore the location estimate will be wrong. The length of
time it takes to converge to an accurate velocity is dependent on the process and
measurement noise covariance values chosen for the Kalman filter, but in the worst
case it was found to take roughly 30 frames, which corresponds to 2 second’s worth
of video. In that case the Kalman filter is tweaked in favour of trusting the process
model more than the measurement model — so it does not follow the measurements
closely — and as a result it takes longer to converge to the true velocity.

In each frame where no measurement was received, the state covariance of the
Kalman filter increases - an indication of the increasing uncertainty surrounding
the location of a tracked person. The search vicinity used during data association,
whereby measurements which are too far away are ignored, increases. When a new

measurement is subsequently received, the covariance goes down.

4.1.5 Tracking Multiple People

Although the capability to track multiple people is not an explicit goal of the DPhil,
the current implementation is able to deal with the case of two people overlapping.
As long as a Kalman filter has been initialised on both, when their bounding boxes
overlap the system detects an overlap and the Kalman filters stop taking measure-

ments. As long as the bounding boxes are overlapping, both trackers rely solely on
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Algorithm 4 Bayes filter

: function BAYES FILTER(bel(z;—1), uy, 2¢)
for all z; do
bel(x,) = S p(@dug, we1)bel (w1 )da;
bel(xy) = np(zi|xy)bel(xy)
return bel(z;)

the Kalman filter prediction before the update step (the situation is handled the same
as when a person becomes occluded). When the bounding boxes of the two people
are no longer overlapping, as long as the appearance of both people has not changed
dramatically since the last measurement, each tracker is able to associate itself with
the correct measurement and tracking resumes using measurements to update the
filter.

The success of tracking under occlusion and tracking multiple people depends
largely on how good the data association is when the person reappears, and comes
down to determining good values for the data association criteria of Section 4.1.3.
A greedy approach is currently used, but it is possible to put the data association
problem into a Bayesian framework. As a simple example, imagine the person being
tracked becomes occluded and there are multiple hypotheses for where they could be,
which can be seen as paths the person might have taken. The general Bayes framework
(upon which the Kalman filter is based) is shown in Algorithm 4 (taken from [121]).
Here bel(x;) is a probability distribution over possible states of the tracked person, z;
is the state vector (containing position 3, and velocity v;), u; is a control input (often
unknown to the system), z; is a measurement and 7 is a normalisation operator to
ensure the updated probability density function sums to one. Lines 3 and 4 correspond
to the predict and update steps of the Kalman filter. The state vector could be
modified to include the path of the person i.e. z; = (y, vy, pr), where p is the set of
possible paths. Then the prediction step in Line 3 becomes:

bel((ye, ve, pr)) = //Zp(yt;Ut>C’Uta-Tt—l)bel(xt—l)dvt—ldyt—l

cep

i.e. doing an additional summation over the possible paths the person could have

taken. This step is no more difficult than before, but is slightly more computation-
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ally expensive. The difficulty here is in computing the state transition probabilities
(Y, Vt, pi|ue, T—1), but in the discrete case it would be possible to make reasonable
guesses as to the position: a person who was moving from left to right is more likely

to be in that direction than the opposite.

4.2 Tracking with a Moving Camera

The method described up to this point is for the case of a stationary camera looking
at a person moving. In that case, the Kalman filter can be in a single coordinate
system, that of the image in which the person is moving, and a constant velocity
model is reasonably valid. If the camera is moving, however, a constant velocity
model is no longer valid, and the question arises as to how to determine the velocity
of a person if there is no fixed coordinate system. Tracking the person in 3D scene
space is desirable, but this would require accurate estimation of the distance to the
person being tracked. This is only possible with a wide baseline stereo pair, or if
there is sufficient distance between pairs of consecutive frames so that the distance to
a person can be triangulated. Alternatively, if we can assume an approximate height
of a person, and the focal length is known, the depth can be computed using the
standard pinhole projection model as is done in [72]. We instead focus on tracking
within the 2D image space, and attempt to cancel out the effect of camera motion so
that a constant velocity model may be used as in the previous section.

The approach we adopted is inspired by the video stabilisation algorithms of
(63, 80, 84], which use 2D affine transformations (homographies) to estimate the image
motion between frames which are then warped back to the original frame using the
inverse of the estimated motion. The result, if the homographies are correct, is that
the sequence looks like it was taken from a stationary camera. Figure 4.2 illustrates
this idea. On the top are four consecutive video frames, with an estimated affine
transformation H;; between each consecutive pair. An object imaged at location x;
in image 1 will appear in image 2 at location xo = Hjsx; where Hy, is the affine

transformation going from image 1 to image 2. Conversely, the same object imaged
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Figure 4.2: Top row: A sequence of four consecutive visible light frames. Between
each consecutive pair there is a 2D affine transformation. Bottom row: Each frame
warped by the inverse of the camera rotation/translation.

at Xy in image 2 will appear at x; = H1_21x2 in image 1. By matrix composition
and inversion, one can convert the imaged location x,, of an object in image n to its
imaged location in image 1: x; = (H,H,,_; ... H;) 'x,. The bottom row of Figure
4.2 shows what happens when image frames are warped back to an original frame
using these equations. The effect, if the estimated 2D transformations are correct, is
that the warped images, if placed on top of one another, should match up pixel by
pixel — except for those objects in the scene which are moving independently of the
camera.

The homography model is not valid if there are significant depth variations in
the scene, because objects at different distances from the camera will have differ-
ent disparities between two images. However, if the scene is far away enough i.e.
nearly planar, the homography model will suffice. This is a key assumption for the
tracker developed for this DPhil: given that the camera is of aerial scenes at least 20
metres away, it is assumed that the motion between two images can be reasonably
approximated by a homography.

We use homographies to estimate the 2D motion in an image, but instead of using
these to warp the images back to the original frame as the stabilisation algorithms do,
we leave the images untouched and use the homographies to convert pixel coordinates

from the current frame back to a reference frame. It is in this reference frame that
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the Kalman filter has its state. This makes it possible to express all measurements
in a common coordinate system which is necessary for the Kalman filter to estimate
velocities.

The question remains as to whether the Kalman filter state should be the location
of the person in the infrared image or the visible light image. Regardless of which
is chosen, measurements must be converted from visible light to a reference infrared
frame or vice versa. In this DPhil, the initial infrared frame in which the person
is detected is chosen as the reference coordinate system in which the Kalman filter
operates. In other words, the measurements input to the Kalman filter must be
projected into the original infrared frame, and the output of the Kalman filter will
also be a location in the original infrared frame.

As an example, assume there is a new measurement in visible light frame n which
must be input to the Kalman filter. The pixel location of the measurement must
first be projected into the reference visible light frame using the intermediate 2D
affine transformations between each visible light pair, and then converted to the
corresponding location in the reference infrared frame. Assume the measurement is
at x, in the current visible light frame. If H;, ;s is the pre-computed homography
between the infrared and visible modalities, then the corresponding location in the
reference visible light frame is is H;' ,.(H,H,_; ... H;)"'x,, where the H, are the
intermediate motion estimates between each consecutive pair of visible light frames.

An important step in removing the effect of camera motion is determining the most
accurate inter-frame homographies possible. The basic algorithm in the literature
works as follows: (i) extract SIFT or SURF key points from both images (as described
in Section 2.1.1.1), (ii) find corresponding points in both images using a brute force
matcher, and (iii) estimate the 2D affine transformation from this set of points (as
described in Section 2.1.1.1). For more robustness, RANSAC is used to try out many
different combinations of corresponding point pairs, and the best estimate — which
has the most amount of inliers after reprojecting points from one image into the other
according to the estimated transformation — is used as the final homography. As an

extra measure to ensure the homography is accurate, the extracted SURF key points
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from each image are sorted by their response — a measure of how robust the key point
is to changes in illumination and viewpoint — and the top n key points are used in
the homography computation. In practice, setting n to 100 works well while keeping
computation time less than a second per frame.

In the current implementation, features are extracted from the full 1280 x 960
visible light image and matched to the previous frame using this method. Motion
blur, caused by abrupt movements of the camera, can give very inaccurate results. In
practice, due to the fast frame rate, the homography between each pair of frames is
close to the identity matrix, and it is easy to determine if the homography computa-
tion is wrong. If this happens, the estimate is ignored. The tracking algorithm waits
until it is possible to compute an accurate homography between a new frame and the
last frame in which the person was successfully tracked. In the experiments of this
thesis, motion blur caused by abrupt movements of the camera tends to be rare, and
lasts only a frame or two. Given a frame rate of 15 frames per second, the system
can afford to go without a couple of frames and still be able to compute an accurate
homography from the next clear frame and the previous frame in which the person

was successfully tracked.

4.3 Results

This set of experiments examines how using infrared in combination with visible light
video footage helps to track a person in the scene. In these experiments it is assumed
that the person has already been detected with a high degree of confidence using the
method of Chapter 3, and that their initial bounding box is known. The task now is
to localise the person in every subsequent frame without having to run the original
detection method each time.

Evaluating the performance of a tracker can be difficult. Which is better: a
tracker which tracks an object very closely for most of the video but then loses the
object completely near the end of the video, or a tracker which follows the object

not as closely but for the entire video? Qualitative analysis on individual video clips
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is most common, and this is dealt with in Sections 4.3.2 and 4.3.3. Quantitative
comparison involves plotting centre location error against frame number. For this

thesis the tracker is quantitatively evaluated using three different criteria:

1. Average tracking error, which is the sum of the individual per-frame tracking errors

divided by the total number of frames in the data set.

2. Tracking error plots (for each video), which plot the tracker error as an z-y plot
with frame number on the horizontal axis and tracking error in pixels on the

vertical axis.

3. Precision plots which show, for a given threshold in pixels, the proportion of frames

for which the tracking error was less than the threshold.

Since tracking error plots can be difficult to interpret, it is common to take the
average tracking error over all video frames. However, this can fail to accurately
capture tracking performance. If an object is successfully tracked for most of the
video but is then lost towards the end of the video, the average tracking error may
be higher than if the object was tracked less closely but for the whole video. For
this reason, and similar to [12] and [137], precision plots are used as part of the
quantitative analysis. An important point to consider when analysing the tracking
error is the ground truth labelling error for each of the videos annotated. It was found
empirically that the ground truth labelling error for our videos is 6 pixels on average,
that is, if the same image is annotated twice we can expect the bounding box centres

to differ by approximately 6 pixels.

4.3.1 Overall Tracking Performance

This section examines the overall tracking performance of HeatTrack over a data set
of 47 videos recorded from aerial vantage points around Oxford (Appendix A shows
a comprehensive set of snapshots from the set of videos). Given that there is no prior
work done on the type of aerial video footage being considered here i.e. close-range

aerial footage with a multi-modal rig, the new method is compared with state of
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Figure 4.3: Tracker comparison. This shows, for a given threshold in pixels (horizontal
axis), what proportion of frames had tracking error which was less than that threshold.
Tracking error is the Euclidean distance between the centres of the estimated and
ground truth bounding boxes. The average ground truth labelling error in labelling
is 6 pixels.

the art trackers operating in the visible light domain only. These are the trackers
discussed in Section 4.1.2: Struck [58], MILTrack [12] and TLD [66].

Tracking error is the distance in pixels between the ground truth location of an
object and the tracker estimate of where it is. For each video a ground truth file
was created manually which contains the centre of the bounding box in every frame.
During tracking, the tracker estimate is compared with the ground truth location for
that frame and the Euclidean distance is saved to a file.

Results are shown for two implementations of HeatTrack: the basic version, which
uses a homography computed in advance in order to match between infrared and
visible light, and an enhanced version which uses the improved matching method
detailed in Section 3.3.3 to match an image patch in the infrared with the visible
light.

Figure 4.3 shows a tracking precision plot calculated over the entire set of videos.

The mediocre performance of all trackers reflects the difficulty of tracking articulated
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Table 4.1: Tracker evaluation in terms of average tracking error

Tracking algorithm Avg. tracking error (pixels)
Struck [58] 154.25
MILTrack [12] 213.07
TLD [66] 266.14
HeatTrack 100.84

people in unsteady video footage. Of the three state of the art algorithms, Struck
performs the best, having the highest percentage of frames for which the tracking
error was relatively low. HeatTrack performs fairly similarly to Struck when it comes
to tracking the person closely, but where Struck might lose the person completely
and not recover, HeatTrack continues to track in the vicinity of the person. This is
evidenced by the fact that HeatTrack has a 20% higher proportion of frames which
have a tracking error of less than 100 pixels. As qualitative analysis will show, this
improvement is down to the use of a Kalman filter and the infrared providing crucial
information which enables tracking to continue where visible-band trackers fail.
Table 4.1 shows the average tracking error for all four trackers. The results follow
the same trend as the graph in Figure 4.3 — Heat'Track has the lowest average tracking
error, followed by Struck, with the other two performing particularly badly. It should
be noted however that the average figures are less meaningful than what the plot
shows because they are influenced by large outliers when the tracker loses the person.
The performance of Struck, TLD and MILTrack is highly dependent on the initial
bounding box on which the tracker was initialised. Each of these tracking algorithms
is trying to learn a model of the appearance of the person in order to distinguish it
from the background; if this covers the person precisely and does not include part
of the background then tracking is most likely to succeed. All trackers are given the
exact same bounding box — the projection of the initial infrared bounding box into
the visible light image — but Struck is much better able to deal with inaccuracies in
the initial bounding box than is TLD or MILTrack. The different ways of segmenting
the person in the infrared, such as LBP or HOG, tend to produce a bounding box

which includes some of the background. These detectors do not tend to give a precise
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Figure 4.4: Frame grabs from tracking example A

segmentation of the person. In the case of thresholding, not all of the person may
be segmented out. Regardless of which method is chosen to identify the person
in infrared, it is rarely the case that the initial bounding box given to the tracker

precisely covers the person and none of the background.

4.3.2 Why HeatTrack Can Fail

An analysis of individual tracking sequences yields insights into when HeatTrack can

fail. This section looks in detail at some of the videos where this happens.

Video A (Figure 4.4)

Early on in the video, the camera field of view shifts significantly and the person
goes out of view for approximately 17 frames. When the person reappears, they have
moved into the hotter part of the scene and hence are not detectable in infrared. The
visible light tracker fails to pick up the person when they reappear, so HeatTrack now
relies on the prediction of the Kalman filter, but because the person moved out of the
field of view early on, the Kalman filter did not have enough time to converge on an

accurate velocity estimate. The full video is shown in Appendix A.10.
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Frame #1

Figure 4.5: Frame grabs from tracking example B

Video B (Figure 4.5)

The person disappears behind the leaves of a tree for approximately 4 seconds. The
person is still picked up in infrared briefly, as the foliage is sparse. After a couple
of frames, however, there are no longer any infrared measurements. HeatTrack must
now rely on the Kalman filter prediction. Depending on the value which has been set
for the measurement and process noise covariances () and R of the Kalman filter, it
may have converged on a good velocity estimate, in which case it follows the person
closely while they are not visible. In this particular case, the values chosen meant
that tracking succeeded. However, the () and R that work for this video may not
work for other videos, and vice versa. With a lower value for the measurement noise
covariance, the filter will follow the measurements very closely while the person is
visible, but when they are no longer visible, the velocity estimate is not good enough
to continue following them behind the tree. If a higher value for measurement noise
covariance is chosen, the filter can continue tracking the person behind the tree on
the basis of its velocity estimate, but the downside to this is that the tracking error
for the first n frames of the video is quite high, because the filter does not trust the

measurements as much. The full video is shown in Appendix A.14.
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This illustrates the trade off between good overall tracking performance and the
behaviour of the tracker when the person becomes occluded. To achieve a low overall
tracking error requires that the Kalman filter follow the measurements very closely,
but this comes at the expense of poor tracking when the person becomes occluded.
A different set of values for () and R is required if the tracker is expected to continue

tracking under occlusion.
Video C (Figure 4.6)

A person is walking along a footpath. The camera moves abruptly and the infrared
image becomes blurred. The person is detected in infrared and the system attempts
to find the corresponding match in the visible light image, by searching for the image
patch which matches the HOG descriptor the best. Unfortunately, the estimate of the
corresponding location in the visible light image is wrong, presumably because the
blur makes it difficult to match shapes accurately. This patch is then compared with
the saved image patch of the person, produces a poor match, and consequently, the
infrared measurement is not used. The system checks the output of the visible light
tracker, and this is also wrong, also because of the blur. Unfortunately, the system
cannot tell that this is wrong, because it passes the histogram match test. The full
video is shown in Appendix A.16.

This illustrates two key issues which are common to many of the videos where
tracking fails: (i) the shortcomings of matching the infrared to the visible light image
using HOG descriptors: if the object has a sharp outline in the infrared, then HOG
matching tends to work well, otherwise there can be multiple high scoring matches
in the visible light image, and (ii) the difficulty in determining if tracking has failed
in the visible light image.

Video D (Figure 4.7)

This video is an example of where an incorrect mapping between infrared and visible
light images will result in tracking failure. The tracker is initialised with a bounding

box in the infrared and this is then projected into the visible light. This video shows
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Frame #1 Frame 18 Frame 38

Figure 4.6: Frame grabs from tracking example C

that the mapping is incorrect, and the visible light tracker gets initialised on a section
of the wall behind the man. The weather conditions on this day were such that there
were very few infrared measurements, so HeatTrack was relying solely on the visible

light tracker. The full video is shown in Appendix A.38.

Summary

In summary, the most common reasons a tracker is likely to fail are:

e Incorrect data association. This can happen if the tracker associates the wrong
infrared bounding box with the person, if it has the best histogram score for ex-
ample, or if it takes the closest bounding box to the previous tracker estimate,
which can happen when two people overlap. Incorrect data association can also
happen if there are no infrared measurements and the system trusts the visible
light tracker when it is wrong — again due to a good histogram score. In that case
the tracker should simply use the Kalman filter prediction instead of incorporating

any measurements.

e Incorrect mapping between infrared and visible light. Either of the two

methods for mapping from infrared to visible light — homography or HOG descriptor
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Figure 4.7: Frame grabs from tracking example D

matching — can give erroneous results. The method of matching HOG descriptors
is particularly susceptible to failure if the infrared signature of the person does
not have much contrast against the background, or if the person is in very poor
illumination in the visible light. In both cases the distribution of image gradients
around the person may not be similar in both images, and this confuses the HOG

matching method.

e Lack of measurements early on. If the Kalman filter ceases receiving measure-
ments from both modalities early on during tracking (within the first 20 frames,
say), then relying on its prediction only will lead to errors, because the filter has

not had enough time to converge on the true velocity.

The next section examines in detail some of the situations in which HeatTrack
outperforms the best of the visible light trackers.

4.3.3 Where Infrared Improves Tracking

Figure 4.3 shows that HeatTrack outperforms Struck in terms of proportion of frames
having a low tracking error. The difference is accounted for by the situations in which

infrared provides better information than the visible light. Figure 4.8 shows tracking
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Figure 4.8: Tracker error plots for each of the videos described in the text. Tracker
error is the distance in pixels (in the visible image) between the centre of the tracker
bounding box and the ground truth location of the person.

error plots for six videos in which HeatTrack outperformed Struck by a large margin.

Given the image resolution and the approximate size of a person in these images, if

we want the tracker bounding box to overlap with ground truth by at least 50%, then

a good tracker would be within approximately 80 pixels of ground truth (doing rough

calculations). These calculations are done in the visible image. Each of the six videos
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Figure 4.9: Tracking sequences. Purple bounding box is the estimate of HeatTrack.
Green bounding box is the estimate of the Struck tracker.

is now examined in detail.

Video E (Figure 4.9)

In this clip a person is walking along a footpath and then goes behind a lamppost
briefly, then re-emerges, and then goes behind a tree for a couple of seconds be-
fore re-emerging again. As soon as the person goes behind the lamppost the Struck
tracker loses it and fails to pick it up again. The person has quite a distinctive in-
frared signature, and this is detected by the local binary pattern detector. HeatTrack
continues to track the woman with the aid of infrared measurements. By this stage
(80 frames in) the Kalman filter has converged on a reasonably accurate velocity es-
timate so that, when the women goes behind the tree and there are no longer any
infrared measurements, the filter is able to predict the location of the woman as she
is occluded. When she re-emerges, there is an infrared measurement which is within
the covariance ellipse of the Kalman filter, and tracking continues. The full video is

shown in Appendix A.14.
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Figure 4.10: Tracking sequences. Purple bounding box is the estimate of HeatTrack.
The green bounding box is the estimate of the Struck tracker.

Video F (Figure 4.10)

In this clip there are two people walking in a grassy area who cross paths after
about 110 frames. Both are being tracked with separate Kalman filters. Notice the
difference in the infrared between the area of grass in the shade and the area which
is under strong sunlight. The background is so hot as to make the person on the
left appear indistinct. As a consequence, there are no infrared measurements for the
person on the left, at least initially. HeatTrack is therefore relying solely on the visible
light tracker which performs very well in this situation. As soon as the person on
the left moves into the shade, they are picked up in the infrared image and this is
used as a measurement in the Kalman filter. When the two people cross paths the
Struck tracker gets confused and switches to tracking the other person. HeatTrack
senses that there is an overlap and momentarily ceases to incorporate any visual
measurements, relying instead on the filter prediction. When the two people become
distinct again the Kalman filter starts incorporating the infrared measurements. The

full video is shown in Appendix A.9.
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Figure 4.11: Tracking sequences. Purple bounding box is the estimate of HeatTrack.
The green bounding box is the estimate of the Struck tracker.

Video G (Figure 4.11)

In this clip the camera was quite a bit closer to the people than in the other video
sequences, and therefore the person occupies a larger part of the image. This is
a common situation in which the other trackers fail. A person is walking along
the footpath. The initial bounding box supplied to the tracker included part of
the dark background on the left. As soon as the person passes the pillar on the
left (and the background changes) the Struck tracker fails, presumably because it
has not had enough time to learn an accurate representation of the appearance.
This highlights another issue with the tracking-by-detection approach — the tracker
is more susceptible to failure early on than later, as it has not been able to learn all
the sources of variation in the appearance of the person. This scene is an example
of where HeatTrack performs particularly well. In this scene the person’s infrared
signature is highly distinctive given how close the camera is, and the video was taken
on a cold day. As a consequence HeatTrack is able to track solely with the infrared

measurements. The full video is shown in Appendix ?77.
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Figure 4.12: Tracking sequences. Purple bounding box is the estimate of HeatTrack.
The green bounding box is the estimate of the Struck tracker.

Video H (Figure 4.12)

In this clip there is a person walking up a set of steps wearing clothing of a similar
colour to the wall behind them. Given the small size of the man in the image and
the similar background, the Struck tracker fails almost straight away. In the infrared,
however, the person shows up very clearly. The person has a very distinct silhouette,
and this is used as the sole input to the Kalman filter. By the time the person reaches
the top of the steps and goes behind some foliage, the Kalman filter has converged
to a velocity estimate so that, in the absence of measurements from either infrared
or visible light, the prediction of the Kalman filter keeps within a reasonably small

distance of ground truth. The full video is shown in Appendix A.12.

Video I (Figure 4.13)

In this clip a person is walking along a footpath. Both trackers continue to track him
as he approaches the tree on the left. As soon as he becomes partially occluded by
the branches of the tree, the Struck tracker loses him. The sparsity of the branches
on the tree mean that the person is still detectable in infrared, and this continues to

provide measurements periodically. By this stage, 100 frames in, the Kalman filter
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Figure 4.13: Tracking sequences. Purple bounding box is the estimate of HeatTrack.
The green bounding box is the estimate of the Struck tracker.

has converged to an accurate estimate of the velocity of the person, and this is used
when there are no longer any measurements from infrared or visible light. This clip
also highlights the advantage of using a filter such as a Kalman filter — when the
measurements stop, the filter can continue tracking reasonably accurately. The full

video is shown in Appendix A.19.

Video J (Figure 4.14)

In this clip a person starts being tracked as he is walking along the footpath. He then
picks up pace and runs into the grass. As he does so, the Struck tracker loses him
because his background changes early on. Here again the person has a sharp infrared
signature, especially so because he is in the shade, and this provides the Kalman filter
with consistent measurements which enable it to continue tracking for the remainder

of the video. The full video is shown in Appendix A.7.

Summary

It does not come as a surprise that HeatTrack outperforms the other trackers when

the person has a sharp infrared signature, as in that case it can rely solely on infrared

105



Figure 4.14: Tracking sequences. Purple bounding box is estimate of HeatTrack. The
green bounding box is the estimate of the Struck tracker.

measurements and there is less room for confusion than in the visible light. However,
what is surprising is that the conditions under which a person will blend into the
background are not necessary high outdoor temperatures. High humidity levels will
tend to make the person appear indistinct, especially if they are far away. The camera

essentially has to ‘see’ through water in the air.

4.3.4 Tuning the Kalman Filter

Recall from Section 2.3.2.1 the two parameters () and R which are the measurement
and process noise covariance of the Kalman filter, respectively. The measurement
noise covariance () reflects how much we trust the measurement process. The process
noise covariance R reflects how much we trust the process model, in this case, how
much we think the person follows a constant velocity model. The values chosen
for these have a significant effect on the success of tracking, and can be tweaked
depending on how well one wants the tracker to perform under occlusion versus how
closely one wants the tracker to follow the object when there are measurements. The
main sources of noise are expected to result from the approximation error inherent

in converting image coordinates between infrared and visible light, and the error in
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Figure 4.15: Effect of varying @ and R for a typical video with occlusion (from frame
60 onwards). In general, the longer it takes for the Kalman filter to converge to the
true posterior, the better it is at tracking when there is occlusion.

the homographies estimated between each pair of visible light frames. It is difficult
to estimate exactly what the values should be for a particular system. There is
surprisingly little information available in the literature on appropriate values of @)
and R to track people in images. This set of experiments was done in an attempt to
estimate () and R empirically.

Figure 4.15 shows a tracking error plot for a typical video where occlusion hap-
pened at around frame 60. On the left is a plot of different tracking errors got by
keeping R fixed and varying (). Similarly, on the right is a plot of different track-
ing errors produced by keeping R fixed (left), and varying Q. If @ is low, K (the
Kalman gain) is large and therefore the measurements are trusted more than the
process model. The filter is able to deal with large fluctuations in the movement of
the person because it relies more on measurements. With a higher @), the Kalman
gain is lower which means that the state does not change much from frame to frame
and it can take a while for the estimated state to converge to the true state. This is
because with larger Q, less credence is given to the measurements.

The importance of choosing the right () and R is highlighted when considering
what happens when the person becomes occluded. In this case there are no mea-
surements, so the filter is relying solely on its process model. As Figure 4.15 shows,

if process noise covariance R is high, then the measurements are trusted more than
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the process model, but when there are no longer any measurements, the estimated
state moves further and further away from the true state. Looking at the plot for
measurement noise covariance @), a higher () means the filter takes longer to converge
to the true state, because measurements are trusted less, but when there are no longer
any measurements, the process model can continue tracking the person because it has
converged on an accurate velocity estimate.

From the experiments it appears that the constant velocity model is valid, and
that therefore small values of R (~ 1.0 x 1072) are suitable. The measurement process
is more noisy — the main sources of error arising from homography computation and
conversion between visible light and infrared image coordinates. Therefore higher
values of @ (5 to 10 pixels) give better results. Note also that values of ) and R which
are set too high means that the covariance around the state will be large and therefore
not of much use in the data association step when deciding which measurements are

more plausible than others.

4.3.5 How Lighting Affects Tracking

This set of experiments looks at the effect which outdoor lighting levels have on
tracking. Intuitively, low lighting levels should have no effect on tracking if the person
shows up clearly in the infrared, and this is indeed what happens with HeatTrack.
Figures 4.16 and 4.17 show three videos taken at the exact same location but at
different times of day: morning, dusk and night. These times were chosen specifically
because there is a very noticeable difference in the lighting levels between these times
(full video summaries are shown in Appendix A).

In the first video it was 2°C outside but the person is seemingly wearing very
heavy clothing because they are barely perceptible in the infrared. HeatTrack is
entirely dependent on the visible light tracker which works very well in this case due
to the lighting. (The fact that it has latched onto the wheel of the bicycle and not
the person is due to incorrect matching resulting from a lack of clarity in the initial
infrared box provided). The full video is shown in Appendix A.20.

In the second video, taken at dusk, it is very dark outside and the person is
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(b) Dusk video

Figure 4.16: An example of tracking in the morning and at dusk

hardly visible in the visible light image, even to a human observer. However, it is
-4°C, and therefore not a surprise that the infrared signature is very clear and tracking
is successful. Note that even though it is dark, there is still enough detail in the visible
light images to be able to compute accurate motion estimates between consecutive

frames. The full video is shown in Appendix A.39.
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Figure 4.17: An example of tracking at night

In the last video, taken at night, the visible light camera shows very little apart
from black. Although the infrared image shows the person very clearly, HeatTrack
fails. This is a surprising result but the explanation is straightforward: without any
detail in the visible light image it is impossible to compute the homographies which
are necessary to cancel out the camera motion. By default, the identity matrix is
used as the homography for every frame — which would apply if the camera were
stationary — and since this is used to convert coordinates from the current frame back
to the reference frame of the Kalman filter, the results are inaccurate. The full video
is shown in Appendix A.45.

We can deduce that HeatTrack will work in the dark if either (i) the camera
is stationary, in which case there is no need to estimate camera motion from the
visible band, (ii) there is sufficient artificial lighting to light up the scene e.g. street
lamps as in the case of Figure A.48, or (iii) there is some other way of estimating
the camera motion between image frames. One might ask why the infrared image
can not be used to estimate the inter-frame homographies. Computing homographies
between pairs of infrared images tends to give bad results due to excessive blur and

the ambiguity of matching when there are too many similar points. While there may
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be accurate results every couple of frames, in general the system is not robust enough
to use as a consistent estimate of camera motion. An alternative to looking at image
displacements, if the images were coming from a UAV, is to use the pitch/roll/yaw
information coming from the onboard Inertial Measurement Unit (IMU) in order
to gauge how much the camera has moved between frames. This would require
synchronising the IMU information with the two cameras (specifically the infrared
camera in this case) and reduce the dependency on the visible band in situations
where it is not helpful. The IMU itself is prone to noisy measurements; in practice
the measurements from different sensors including the IMU are fused in a Kalman

filter which helps to smooth the noise.

4.3.6 Tracking in Different Image Resolutions

This section examines the effect which changing the resolution of the visible light
image has on the success of tracking. For the initial detection of people with a
part-based detection algorithm, higher resolutions are better. However, in the case
of tracking it would appear that having a high resolution image is detrimental to
tracking. Figure 4.18 shows the effect which downsampling the original 1280 x 960
visible light image by a factor of 2, 4 and 8 has on the success of tracking over all
the videos. The best results were obtained using a resolution of 320 x 240, that
is, a quarter the original size. Note that although tracking occurs in the reduced
resolution, the result is then projected back into the original 1280 x 960 image to
make the results comparable across different resolutions.

Tracking in the original high resolution image gives results as poor as if the image is
down-sampled so much as to make the person unrecognisable. At high resolutions, the
person appears in quite a bit of detail and their appearance can change significantly
from frame to frame. This level of detail confuses the tracker, which is trying to learn
a common appearance of the person as the video goes on.

If the video is down-sampled by a factor of 2, that is, the image is first blurred
and then every second pixel is removed in order to create an image of half the size,

this improves tracking results. The tracking is even better if the image is reduced by
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Figure 4.18: Effect of different visible light resolutions on tracking. This shows, for
a given threshold in pixels (horizontal axis), what proportion of frames had tracking
error which was less than that threshold. Tracking error is the Euclidean distance
between the centres of the estimated and ground truth bounding boxes. Although
tracking occurs in the reduced resolution, the result is then projected back into the
original 1280 x 960 image to make the results comparable across different resolutions.

a factor of 4, to a size of 320 x 240. At that resolution, the appearance of a person is
characterised mainly by colour and overall shape, and the trackers are better able to
learn the general appearance of the person. While a resolution of 320 x 240 gives a
noticeable improvement in tracking compared to the other image resolutions, below
this resolution, there is no significant degradation in tracking quality, because the
infrared takes over.

This suggests that the optimal image resolution for tracking in these videos is
somewhere between 320 x 240 and 640 x 480. For this set of videos, this means the
person has a bounding box of roughly 25 x 50 pixels. At that size, there is still enough
colour information to track the person but the effect of background clutter which
usually causes the tracker to fail is minimised. Tracking-by-detection algorithms work
by learning the general appearance of an object, and this is best done by blurring or

reducing the size of the image.
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Distribution of homography errors after 75 frames
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Figure 4.19: Distribution of homography errors over all videos after 75 frames.

4.3.7 Homographies as an Estimate of Camera Motion

Given that the scenes in our dataset are not planar, there was a suspicion that a 2D
homography would not be a valid model of camera motion. Furthermore, for each of
the videos recorded, there was a significant amount of camera shake induced in order
to simulate the type of footage one would expect to get from a UAV. This section
examines how valid the homography model is for approximating camera motion. To
test it, a random pixel location is selected from a frame near the end of a video
and reprojected back to the initial frame using the intermediate homographies as the
transformation matrix. If the homographies are accurate, this point, when reprojected
to the first frame, should represent the exact same scene point. We did this for each
of the 47 videos recorded. Figure 4.19 shows the distribution of the 47 error values,
where the error is calculated as the distance between the reprojected point and where
it should be.

This shows that the majority of the videos had a homography error of less than

around 10 pixels after 75 frames, which suggests that for the majority of the videos
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Figure 4.20: Examples of where the homography model is not valid. Left: The roof
in the foreground is much closer to the camera than the rest of the scene. Right: The
boat and the foliage in the foreground result also result in an inaccurate homography
being computed between pairs of consecutive frames.

the homography model is indeed valid. The saving grace is that for most of the videos,
the effects of parallax are not as severe as if the videos had been recorded at a closer
range. However, nearly 20% of the videos had an error of more than 20 pixels, and
this goes some way to explain the poor tracking performance shown in Figure 4.3.
This error, combined with the error in mapping points from visible light to infrared,
resulted in the tracker estimates being way off for these videos. Figure 4.20 shows
some examples of where the homography estimates were incorrect. In both examples
shown, the scene is very clearly not planar. In Figure 4.20 (left), there is a roof near
to the camera taking up a significant chunk of the image; in Figure 4.20 (right), the
boat and the tree foliage in the foreground result in an incorrect homography estimate
which is then propagated through the rest of the video.

Using homographies as a motion estimate works as long as the homography can be
accurately computed, and there are cases when the homography cannot be computed
accurately, such as at night time or when there is too much camera shake resulting
in blurry images. The homographies are computed from consecutive pairs of visible-
band images; one might ask why not use the infrared instead? If the infrared image is
sharp and full of detail, then quite accurate homographies can be computed. However,

given the nature of the infrared imaging process, a lot of the images tend to have
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Table 4.2: Computation times for tracking

IR Segmentation (584x474 px)

Segmentation method Computation time (ms) ms per 1000 px
Thresholding & connected 3 0.01
components

HOG detector 482 1.74

LBP detector 63 0.23

Visible band processing (1280x960 px)

Visible light processing Computation time (ms) ms per 1000 px
Homography computation 74 0.06
Struck [58] 26 0.02
MILTrack [12] 136 0.11
TLD [66] 43 0.03

some blur (especially if the camera is moving) and there tends not to be enough
stable key points which are repeatable across images. This applies to the standard
SIFT matching algorithm of [81], though of course it would be possible to compute
a coarse homography estimate possibly using more context around individual key
points. Given the results in [99], which is able to compute a coarse depth map by
matching HOG descriptors across stereo infrared pairs, it is likely that one could also
compute homographies using a similar optimisation procedure. This is a possible area
for future improvement.

Another possibility is to track the homographies over time using a Kalman filter,
and this would provide robustness in the case of spurious inaccuracies which could
throw off the whole computed trajectory. Alternatively, given a history of the last
n frames, and assuming that there is some loop closure, i.e. seeing the same scene
again, one could correct for errors by minimising the distance between scene points
imaged in the current frame and their estimated location based on the homography

trajectory.
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4.4 Computation Times

Table 4.2 shows the computation times to track a person using a single core on a
Machook Pro 2.5 GHz Intel Core i5 with 4 GB of RAM and no GPU. The tracking
code is currently unoptimised and therefore the figures shown are illustrative estimates
of computational performance. To recap from Figure 4.1 in Section 4.1, the image

processing pipeline of HeatTrack is:

1. Compute the homography between the last visible light frame and the current
frame in order to estimate the camera motion. This is used to project current

frame coordinates into the coordinate system of the Kalman filter.

2. Run the segmentation method on the infrared image. This is to find potential

candidate bounding boxes which may correspond to the person being tracked.

3. Do data association in order to associate the correct infrared bounding box with

the person being tracked.

4. If there is no infrared measurement, run the visible light tracker.

If the infrared is guiding the tracking i.e. the person shows up clearly in the infrared,
then the computation time is approximately 74 4+ 63 = 137 ms per frame, that is,
the time to compute the homography plus the infrared segmentation, which in the
current implementation means running a LBP detector over the image. If there is no
useful information in the infrared, then the visible light image must be searched, and
this requires the previous steps plus executing the visible light tracker. Assuming that
Struck is used, then the total computation time if there are no infrared measurements
is 74 + 63 4+ 26 = 163 ms per frame. The bottleneck here is running the LBP detector,
which as mentioned in the previous chapter, is parallelisable, and therefore, possible

to run at standard frame rates.
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4.5 Summary of Results

This section summarises the results that were observed in the experiments presented

in this chapter.
Correct data association is crucial

HeatTrack is successful as long as the system does correct data association with
measurements from either modality. A classic example is when a person becomes
occluded and the infrared ceases to give measurements. The system must determine
from the visible light image whether or not the person has become occluded or not.
If it can be determined that tracking has failed in the visible light, then the system
should use the Kalman filter prediction. Knowing whether to trust the infrared image
is easier than for the visible light — there is either a white blob or there is not. Knowing
whether to trust the visible light tracker currently boils down to determining what is
a good score for the histogram match between the current hypothesis and the saved
image patch. Knowing what this score should be determines whether the tracker can

cope in the face of occlusion.

Tune the Kalman filter according to requirements

There is a trade-off between tracking accuracy in terms of pixel error and how well
the tracker can continue to track during periods of occlusion. This is governed by the
values chosen for the measurement and process noise covariances, () and R. With a
higher (), the Kalman gain is lower which means that the state does not change much
from frame to frame and it can take a while for the estimated state to converge to the
true state. This is because with larger (), less credence is given to the measurements.
If R is high, then the measurements are followed more, but when there are no longer
any measurements, the estimated state moves further and further away from the true

state.
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The longer a person is successfully tracked, the longer they will be suc-
cessfully tracked

The longer tracking goes on successfully, the less likely it is to fail. This is because
the more measurements the Kalman filter has received, the more likely it is to have
converged to the correct velocity estimate, and this is useful during periods of occlu-
sion. The visible light trackers are also more likely to continue tracking if they have
successfully tracked an object for a while; this is because with more positive and neg-
ative training examples they have been able to learn a more accurate representation
of the person which is robust to occlusion and changes in the background.

The homography model is a valid model of camera motion for most of the
videos

Some of the tracking error results presented in this chapter can be attributed to in-
accuracies in the homography model as an estimate of 2D camera motion between
consecutive frames. FEven if the tracker can determine correctly whether measure-
ments can be trusted, and does data association correctly, the reported tracking error
will be high if there is an error in the mapping between the current frame and the
reference frame of the Kalman filter. The homography model is only valid as long as

the scene is far enough away as to appear almost planar.

This concludes the explanation of the basic method used to track people using
a combination of infrared and visual light imagery. As there is no prior published
work on tracking people in aerial video footage by combining modalities, this work
was compared against the three state of the art trackers operating on the visible band
image only, namely [12], [66] and [58]. Overall, our method outperforms these trackers
judging by the its lower average tracking error (Table 4.1) and its higher percentage of
image frames for which the tracking error was under an acceptable threshold (Figure
4.3). Furthermore, we showed that our method outperforms the other trackers when
the person becomes occluded (Figure 4.8) and provided an in-depth analysis with

examples of where it performs well and where it fails.
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Chapter 5

Discussion

This chapter discusses in more detail some of the main findings of the thesis, and
delves into the issue of putting the system onboard a UAV, one of the potential

applications of this thesis.
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Figure 5.1: Where infrared should not be trusted. (a) The person blends into a large
hot region. (b) The person is wearing heavy clothing.

5.1 When to Trust One Modality over the Other

Given the complementary information often provided by the infrared and visible band
modalities, a desirable capability would be to automatically know when to trust one
modality over the other. Sometimes it is possible to do tracking in the infrared
modality only; sometimes the infrared should be ignored altogether and the entire
visible light image should be searched. Knowing that one modality could not be
trusted would save needless computation time and prevent tracking errors arising
from incorrect data association.

In the current implementation of HeatTrack, the infrared image is always searched

first. The assumption is that it is easier to quickly filter out unlikely regions in the
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infrared image than the visible band, and doing this will narrow down the search to
the more likely regions of the visible light modality. It was an obvious approach to take
at the outset, because one tends to think that the thermal image is less susceptible
to confusion in person identification than the visible band. However, the analysis of
Chapter 4 identified some situations in which the infrared should have been ignored
and the entire visible light image searched instead. Take, for example, Figure 5.1a,
which shows a person blending into the background in the infrared image on a hot
day, or Figure 5.1b, which shows a situation where the person is barely visible in
the infrared because of what they are wearing. Conversely, there were a couple of
situations in which the visible light image should definitely have been ignored, such
as when it was very dark outside. The circumstances under which a person shows
up clearly in the thermal image is also dependent on the thermal sensitivity of the
camera, that is, how much of a temperature difference in the scene the camera is able
to discern, as discussed in Section 3.1.1. Is it possible to automatically know when

to switch from one modality to the other from a quick analysis of the images?

Temperature / Time of day

Table 5.1 summarises the videos recorded for this thesis in terms of lighting level
and temperature at the time of recording (with links to snapshots in Appendix A).
From the experiments conducted it would appear that time of day is one of the most
straight-forward indicators of when to trust one modality over the other. When it is
very dark outside the visible light image should obviously not be trusted. Early morn-
ings, evenings and nights tend to be cooler than daytime and these are the conditions
under which a person shows up more clearly in the infrared. The particularly diffi-
cult videos to track (where the person blended in to the background in the infrared)
were taken in mid-afternoon when the sun was beaming down directly on a large
open grassy area. Previous work has attempted to deal with the issue of low-contrast
thermal signatures against a warm background through the use of phase congruency

maps [92] as discussed in Section 2.4.1.
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Figure 5.2: Example of a large hot region in the infrared

A large hot region in the infrared

A large hot region in the infrared image (of a scene a considerable distance away)
usually suggests that it is hot outside. In warm/hot weather there is a likelihood
the person may blend into the background. Large hot regions are easy to identify:
a simple thresholding operation can do this in a single scan over the image, but it
is not always the best indicator of whether the infrared should be trusted; in Figure
5.2 there is a large white blob in the foreground but the person in the background is
still detectable with a classifier. A lot also depends on the scene. A grassy wilderness
scenario will exhibit different thermal characteristics to a street scene with hot moving
vehicles. Nonetheless, large hot regions should alert the system to the fact that the
infrared may actually be camouflaging the person and that therefore it may not be

as useful as it would be under cooler conditions.
No infrared blobs of the right size

The infrared image is processed with a blob classifier in order to find candidate regions
which should be subjected to further tests in the visible band. Currently, these are
filtered based on their size given the height of the camera above the ground, similar to
[51, 109]. However, this is not always a reliable indicator. Depending on the detection

algorithm used, there might always be detections fired in the image. For example, the
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classifiers trained for this DPhil were deliberately undertrained, that is, not trained
with the lowest possible false positive rate in mind, because we were not aiming for
precision detection in the infrared. The idea was to use these detections as initial
candidates which would be subjected to more tests in the visible light. The result of
under-training the classifiers is that there might always be false positive detections

fired in the image.

In summary, although there are various ways one might think of deducing how
useful a modality is going to be, there is no exact science to automatically determining
this. Previous work such as [51] processes both modalities independently and then
combines the results, avoiding the need to chose one modality over the other. Knowing

the weather conditions at the time of recording seems to be the best indicator of all.

5.2 The Data Association Problem

One of the main failure modes of HeatTrack is incorrect data association with either
infrared or visible light measurements, that is, given a hypothesised location in either
image, does it correspond to the person being tracked or should it be ignored? As
discussed in Section 4.1.3, the following criteria are taken into account when deciding

whether a measurement is correct:
e size/aspect ratio

e proximity to previous estimate
e appearance match

The main issue in data association is determining what values to use for these different
criteria, as so much depends on the scenario. Tracking someone in a grassy region is
a lot easier than tracking someone against a complex background, and certain scores
for an appearance match will be very different depending on the background.

Size is probably the easiest to filter on — blobs which are implausibly large can be

discarded. The same cannot be said for blobs which are too small, because often only
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Table 5.1: Summary of videos under different temperature and lighting conditions. Though it is tempting to look for a correlation
between temperature/time of day and tracking performance, in reality these factors on their own are not enough to predict
whether tracking will succeed. Rather, it comes down to whether the system does correct data association.

Daylight

Dusk

Night

<5 °C

A.20, A46: In A.20, even though it
is -4 °C, the person does not have a
sharp infrared signature. In spite of
this, tracking is successful because the
person is clearly visible in the visible
band. In A.46 the person has a very
sharp infrared signature and this drives
the tracking.

A.32, A.39: Tracking is successful be-
cause the person has a distinct infrared
signature. Although daylight is fading,
there is still enough detail to be able
to accurately compute an estimate of
camera motion between frames.

A.48: Tracking is successful because
the camera was stationary, and there-
fore the camera motion does not need
to be computed with the aid of visual
information.

6-10°C

A.1-A.6, A.21 — A.30: The infrared is
driving the tracking here because the
person has a sharp infrared signature.

A.47 Tracking is successful because
there is still enough light to estimate
the camera motion from visual infor-
mation.

A.45: Tracking fails because camera
motion cannot be estimated in the dark
— feature matching is inaccurate.

11-20 °C

A7T—-A19, A31, A.40 — A.44: At this
temperature range we start to see peo-
ple blending into the background in the
infrared image. The success of tracking
is dependent on whether HeatTrack is
correct in deciding to switch from one
modality to the other, or in doing cor-
rect data association after an occlusion.

21-30 °C

A.33 — A.38: In these videos the person
blends into the hot background and are
therefore not detectable in the infrared
image. Whether or not tracking suc-
ceeds depends on whether the visible
light tracker can track them.




Figure 5.3: Left: screen-grab from video. Middle: SURF key point matches between
two image patches 3 frames apart. Right: SURF key point matches between two im-
age patches, one before the two people overlap, and one after the overlap. The further
apart in time two image patches are, the worse this matching method performs. This
method tends to always produce matches however.

the exposed regions of a person show up clearly in infrared. Aspect ratio is arguably
more difficult to filter on; much depends on whether we expect someone to appear
standing up, lying down or in a crouched position. Someone standing up will have
more of a rectangular aspect ratio than someone who is curled up.

The proximity measure is a measure of how far the measurement is from the
previous known location of the person, and would ideally be related to the estimated
velocity of the person in the video. Knowing what velocity a person was moving at,
we can discard measurements which are too far from the expected location given the
velocity. The difficulty with this is that early on in tracking, the Kalman filter has
not yet converged to an accurate velocity estimate, so this can only be approximated.

Another way to test if a measurement corresponds to the tracked person — his-
togram matching — is only useful if we know what an appropriate score for the his-
togram match should be. If the background of the person has not changed much
since the last frame in which tracking took place, then the histogram score is likely
to be high. Where things go wrong is if the person is occluded for a couple of frames
and then re-emerges. In that case, the background could have changed a lot from the
previously tracked patch, and the histogram score is likely to be low even though it is
the same person. Another method tested was to look at the percentage of SURF key

points correctly matched between two image patches of a person: the saved image
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patch and the hypothesised image patch in the current frame. The idea is to extract
SURF key points from both patches, match them, compute the homography from
the matches and then consider the percentage of inlying projected points. Figure 5.3
shows some examples of this. This works well as long as the two patches are simi-
lar, but runs into the same problems as histogram matching if the background has
changed in any way, and this is to be expected if the person is moving. Another issue
with SURF matching is that there always tends to be matches, even if the images
are completely different. SURF key points are more suited to matching images of the
exact same scene but under different viewpoints.

Closely related to the problem of matching two image patches is the problem of
drift in the tracker’s internal representation of the person. In the current implemen-
tation, each time a person is deemed to be successfully tracked, the current visible
light image patch is saved as the new representation for the person. If this contains
some of the background, then there can be a gradual process of the tracker matching
more to the background than to the person, and the saved representation moves away
from the person until tracking completely fails. Another difficulty is when two people
overlap and the saved image patch includes some of the other person, resulting in
incorrect data association in future frames. One way to circumvent this issue is to
store a history of the last n sightings of the person, and to compare new hypotheses
with all the previous patches rather than just the most recent one. This makes it
more robust to drift but it is still fallible in the case of changing backgrounds. An-
other way to deal with it is to compare the hypothesised location of the visible light
tracker with the predicted location according to the Kalman filter. If the two are very
different, or if the hypothesised location is outside the covariance ellipse, then that is
a good indication that the visible light tracker is wrong. However, this goes back to
the issue of whether the covariance of the Kalman filter is useful enough to be able
to narrow down the search; if the wrong process and measurement noise covariances
are chosen, the covariance ellipse may cover the entire image if no measurements have

recently come in.
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In summary, data association is a difficult problem, especially with people moving
against a changing background. In the current implementation of HeatTrack, the
score for a candidate measurement is a combination of different similarity measures
including histogram match score and whether the hypothesis is within the covariance
ellipse of the Kalman filter. A greedy approach to data association is adopted — taking
the highest scoring patch — but it would be better to have a more statistically robust
method of data association. An alternative to this method of data association is the
JPDAF (Joint Probabilistic Data Association Filter) [48], which has previously been
used with success for visual target tracking in computer vision. This puts the data
association problem into a Bayesian framework and hence has a more theoretically

sound grounding than the current greedy data association.

5.3 The Planar Assumption

A fundamental assumption of this DPhil is that the scene is planar or near planar;
that is, the variation in depth to various points in the scene is negligible compared to
the distance from the camera to the scene. In the videos I captured for this DPhil,
the scene is not planar in most cases, and this introduces error in two main aspects

of the method:

1. Mapping an infrared image to its visible light counterpart. If there are objects at
different depths in the scene, then using a single homography to map all image
points in one image to the other image will not given an accurate mapping because

of the effects of parallax.

2. Approximating the camera motion between two visible light frames. This is re-
quired in order to cancel out the camera motion to provide a common 2D coordi-
nate system for the Kalman filter. The assumption is that the camera undergoes

an in-plane rotation and translation between two image frames.

In practice, this appears not to have been a huge issue for the videos recorded for

this DPhil, as discussed in Section 4.3.7. However, if the camera were to move over
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large distances and where the scene depths change significantly then we can expect
the homography model to fail. Previous work in UAV-based detection such as [51,
103, 109] uses a homography to map from one image to another, but in those cases
the camera was quite far from the scene (>60 metres), making the homography
mapping more applicable than in our case where the video footage was captured
roughly 20 metres from the scene. This section discusses the shortcomings of the

current approach and discusses ways it could be improved.

Mapping Infrared to Visible Light

In Section 3.3.3, we proposed a method to deal partially with the problem of mapping
an infrared image to its corresponding visible light image: given a salient image patch
in the infrared (a person’s silhouette, for example), look for the most similar HOG
descriptor match in the visible light image (after downscaling the visible light image
so that the person should appear the same size in both images). In the majority of
cases tested, this gives a more accurate estimate of point correspondence than the
homography mapping. For this to work well, the distribution of gradients around the
object of interest should be fairly similar in both images. As long as the object does
not completely blend into the background in the visible light image, the method is
successful.

The major downside of the matching method is that it only works when matching
infrared to visible light, and not the other way round — matching a visible light
image patch to infrared. The nature of the visible light modality means that a patch
extracted from the visible light image will most likely be full of detail (and noise),
and trying to match this to the less detailed infrared image using HOG descriptors
tends to give incorrect results. Matching a simple template to a detailed image works

better than matching a detailed template to a simple image.

Approximating Image Motion with a Homography

Section 4.2 showed that if the inter-frame image motion could be estimated accurately,

then the images could be warped to produce a sequence of frames which look like they
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were taken from the same viewpoint. An alternative way of looking at it, if we do
not wish to stabilise the images, is that by cancelling out the effect of image motion,
a point in frame n can be expressed in the same (image) coordinate system of frame
1. This means that we can treat the tracking problem as that of tracking an object
in 2D image space with a stationary camera.

If the scene is planar, then a homography is a reasonable model to approximate
the image motion between frames. If the scene is not planar, but still far away, the
method still provides a reasonably accurate mapping between two consecutive frames,
but the errors accumulate over time especially if the camera moves a lot and/or the
scene structure changes a lot from what it was initially.

Ultimately the goal should be to track the object in 3D. This would eliminate the
need to convert image coordinates to a common coordinate system, as there is one
already - the world coordinate system — but the difficulty is in estimating the depth
to a point in the scene. The next section describes how one might go about doing

this.

5.4 Towards 3D Tracking in Aerial Views

It is possible to calculate the distance to a point in the scene from two views of the
scene [60], provided the images were captured sufficiently far apart as to make it
possible to triangulate the point accurately. The further away the camera is from the
scene, the wider apart the views would need to be. This is because points which are
far away have much less disparity between two views than points which are close-up.

In the camera rig used for this DPhil, there is not a sufficiently wide baseline
between the two cameras in order to triangulate scene points accurately. The only way
this could be done is by doing something similar to Parallel Tracking and Mapping
(PTAM) [68] — triangulate scene points between two views from the same camera
taken at different times (say, every n seconds, where n is chosen depending on the
speed of the camera and the distance to the scene).

If the tracking method is eventually to be ported to a UAV, then an obvious thing
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to do is use the onboard Inertial Measurement Unit (IMU) and altimeter in order to
get estimates of the pitch/roll/yaw as well as approximate altitude above sea level.
One caveat with the IMU is that the raw values from it are almost never reliable on
their own. Instead, they give a reading that is somewhat close to the actual value, but
with random noise added. There is also the issue of synchronising the measurements
from different sensors which are coming in at different rates. Given the inaccuracies
inherent in individual sensor measurements, in practice the outputs from multiple
sensors would be fused with a Kalman filter.

Knowing the altitude of the camera can help in computing the distance to an
object on the ground. The altitude above sea level is computed from the pressure
and temperature sensors of the IMU; atmospheric pressure drops as you gain altitude,
allowing the change in elevation to be calculated. However, barometric altimeters are
affected by changes in the weather, such as when a high or low pressure system
moves in, so they must be recalibrated at the start of every flight. GPS, on the
other hand, is very accurate in terms of horizontal positioning, but it can give grossly
inaccurate altitude estimates especially if the nearest satellite is near the horizon!.
Both estimators give a height estimate above a certain point; this poses a problem for
UAVs travelling in mountainous regions, the most likely application area of this DPhil.
In that case the altitude estimates would need to be combined with a topographical
map which would allow one to compute the distance to the ground at a given point.

A final depth estimation method not mentioned in this context is laser scanners.
They send out a laser beam in all directions and measure the time it takes for the laser
beam to bounce back. The time taken is then used a measure of the distance to the
object. Laser scanners are widely used in robotics on ground robots, for generating a
map of a building [120], say, and onboard large helicopters, for generating elevation
maps or 3D city models [36]. They are however less applicable to the small robotic
helicopters popular today due to their weight: small robotic helicopters typically

have limited payloads which are usually taken up by processors, camera, battery

'https://support.garmin.com/support/searchSupport/case.faces?caseld=
%7B66f1b0a0-4cd6-11dc-4733-000000000000%7D
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Figure 5.4: AscTec Falcon 8 octocoper

etc. A laser scanner combined with other payload can make it impossible to fly or
significantly hinder flight time, which at best is only around 20 minutes. There is also
a significant synchronisation issue which must be solved — how to correctly match a

laser reading with its corresponding image.

5.5 Implementation on a UAV

The results presented in this thesis are for a handheld camera rig with a certain
amount of camera shake induced to simulate the footage one might get from a UAV.
This section describes our initial experiments with getting the camera rig onto a
UAV, and describes the challenges encountered when trying to put a multi-modal
camera rig on a UAV with limited payload. The system developed as part of this
DPhil was intended to fly onboard an AscTec Falcon 8 Octocopter? but, following a
crash during initial experiments due to loss of a radio link with the controller, it was
deemed premature to put the whole camera rig onboard. The infrared camera was
the main item at stake due to its value (about $8,000).

UAVs are typically equipped with an IMU, GPS and wireless radio link, and

Zhttp://www.asctec.de/en/uav-uas-drone-products/asctec-falcon-8/
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some have an autonomous mode whereby the operator can set waypoints for the
UAV to automatically follow. Some, such as the Ascending Technologies Falcon 8
shown in Figure 5.4, are designed with aerial photography in mind; this is made
possible by a gimbal stabiliser for the camera which ensures that the camera stays
pointing in the same direction even in high winds. Given the limited payload of
small autonomous UAVs, there is a limitation to the amount of computing power it is
possible to equip them with. Therefore, special attention must be paid toward getting
the right hardware onboard which is light enough to fly but also powerful enough to
capture images from two cameras and write them to disk without sacrificing frame
rate or overflowing memory buffers.

As already mentioned, using a UAV to capture video footage has the added benefit
of an IMU to provide better motion estimates than looking at visual information alone.
One of the main issues in combining information from an IMU with camera images is
synchronisation. This is especially important if the UAV is moving fast, because even
a small shift in the platform can result in a large change in the field of view of the
camera. The cameras used in this DPhil have frame rates of 15 and 25fps but IMUs
typically have much faster refresh rates. To synchronise them to a reasonable degree
of accuracy would require time-stamping sensors so that information from different
sensors can be temporally aligned. Ideally, time-stamping would match the sensor
acquisition times — when the sensor reads a value originating from the real world.
However, time-stamping the sensor data is affected by various phenomena in the
data acquisition chain, such as communication between the sensor and the CPU and
operating system scheduling. State of the art approaches to clock synchronisation
involve estimating a linear function between the timestamps of two clocks. One
synchronisation algorithm widely used in mobile robotics is that of [59], which uses
an efficient convex hull algorithm to estimate the relative skew and offset between
two clocks. It operates by performing a linear programming optimisation on one-way
offset measurements gathered from two clocks which are separated by a variable delay
data network. The algorithm can also recover the offset between the clocks, up to

but not including the minimum transport delay, which is unobservable from one-way
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timing data alone. That algorithm typically achieves better than millisecond accuracy

within a few seconds.

This chapter touched on the main problem which prevents successful tracking
— incorrect data association. Various factors contribute to the HeatTrack algorithm
losing a person, including hot weather masking the person in infrared, or occlusions of
the person in either modality, but if there was perfect data association these factors
would cease to affect the tracker. Incorrect data association is the main limiting
factor of HeatTrack. Another key issue highlighted was the assumption that the
imaged scene is planar. This chapter proposes an extension to the current work
which would relax that assumption and instead estimate the distance to points in the
scene. We highlighted the main implementation issues associated with tracking in 3D
from onboard a UAV, and proposed several solutions which draw upon previous work

in both ground and UAV-based detection/tracking.
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Chapter 6

Conclusions

This chapter summarises the overall body of work, highlighting the most important
contributions and discussing the limitations of the proposed techniques. Potential
directions for future work are described, including further developments to the ap-

proaches presented and related open questions.
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6.1 Summary of Contributions

The principal contributions of this thesis are (i) integrated infrared/visible light de-
tection of people from aerial views, (ii) HeatTrack, an algorithm for tracking a person
in such imagery by combining information from both modalities and (iii) a method
of compensating for camera shake so that a velocity of a person can be estimated,

which means that tracking can continue during occlusion.

Integrated infrared/visible light detection

As an alternative to searching an entire visible light image for a person, we proposed
an integrated approach which uses the infrared image to guide the search in the
visible light. This demonstrated two useful characteristics: it leads to faster initial
detection of people than if the whole visible light image was searched, and it leads
to fewer false positives (and therefore higher confidence in the detection) than if
there was no infrared camera. Two significant improvements to the method were
introduced. First, the use of either local binary patterns or histogram of oriented
gradients to find potential person candidates in the infrared does a better job than
thresholding of segmenting out the person. Second, the use of HOG descriptors allows
for better matching of the infrared signature of a person to their corresponding visible
light image patch. The method was tested on 250 image pairs sampled randomly
from the data set of 47 videos recorded specifically for the DPhil. This extends the
previous work of [51, 104, 109], which dealt with video footage recorded at much
higher altitudes, thus precluding the use of complex part-based algorithms for the

detection of people.

HeatTrack

To track the person from frame to frame we proposed HeatTrack, a novel algorithm

for combining measurements from two modalities in order to localise a person in
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subsequent frames. HeatTrack has several advantages over existing state of the art
tracking algorithms operating in one modality only. First, it is a more computa-
tionally efficient way of localising a person in an image frame than if a part-based
detection algorithm were to be run over an entire frame. Second, it is better able
to track a person in situations where visible light trackers fail, due to the insensitiv-
ity of infrared to illumination. Third, it outperforms in situations where there is a
high level of detail which normally confuses a tracker, specifically in close-up imagery
where the person can change quite a lot from frame to frame. This is again due to
the insensitivity of infrared to colour changes. To the best of our knowledge, this is
the first published algorithm for tracking people in combined infrared/visible video

footage taken from aerial views.

Motion Compensation

HeatTrack was adapted to work in the case of a moving camera. If the scene is planar
or far away, a homography can approximate the mapping between consecutive video
frames. Using a sequence of intermediate homographies to convert image coordinates
to a reference frame, tracking can proceed in a fixed 2D coordinate system. The im-
age velocity of a person can be estimated, and this enables tracking even with major

shifts in the camera and during periods of occlusion.

The method was tested on 47 different videos recorded specifically for the DPhil,
and this data set has been made publicly available. To the best of our knowledge,
this is the only combined infrared /visible light video data set publicly available where
the videos were taken from aerial view points with a moving camera. The method
was compared with a situation where there is no infrared modality available. In the
case of detecting a person initially, HeatTrack works better than a full image search
in cold weather, because the infrared is able to narrow down the search to just the
warm parts of the image. In the case of tracking, HeatTrack outperforms three state
of the art tracking-by-detection algorithms in all weather conditions tested. The ad-

ditional modality means that HeatTrack can only do better than algorithms operating
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in the visible light domain only. In cases where the infrared does not allow for a good
segmentation of the person, HeatTrack is generally as good as the best algorithm op-
erating on the visible band image. In particular, we demonstrated the improvement
of HeatTrack over the three state of the art tracking-by-detection algorithms [12], [66]
and [58].

6.2 Strengths and Weaknesses

The in-depth analysis of chapter 4 identified various situations where HeatTrack out-
performs existing state of the art trackers. This is due to the additional information
provided by infrared, and a method of camera motion cancellation which allows the
velocity of a person to be estimated, which in turn makes it possible to track a person
during periods of occlusion. The algorithm is robust to lighting changes, making it
useful when a person goes into the shade, is camouflaged against a similar coloured
background or when daylight levels are fading. When it comes to the initial detection
of a person, HeatTrack is able to discard large parts of the visible light image and
focus on a smaller region of interest which makes computation times much quicker
than if the whole visible light image were searched.

An area of future improvement is in making the system less dependent on the
visible band to provide motion estimates. Chapter 4 showed some videos taken at
night where HeatTrack failed in spite of the clear infrared signature of the person.
An inability to estimate the camera motion from dark detail-less images meant that
measurements could not be expressed correctly in the common coordinate system of
the Kalman filter. Another caveat of HeatTrack is the assumption that the scene
is planar, which would not be the case in mountainous terrain or in close-up video
footage. Chapter 5 proposed a solution which involved using inertial measurement
unit data to estimate depth to points in the scene and to provide an alternative
method of estimating camera motion. Finally, a major point of failure for HeatTrack
is incorrect data association — not knowing with a reasonable degree of certainty

whether image measurements should be trusted or whether the motion model of the
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Kalman filter should be used instead. It suggests the use of an online machine learning

algorithm to learn the appearance model of a person as tracking proceeds.

6.3 Future Work

There are many ways in which the work presented in this thesis could be extended

or improved. This section explores several such possibilities.

Better Data Association Methods

In the current implementation, once tracking has failed, no attempt is made to re-
detect the person. An obvious next step would be to run the initial detection step
again in order to re-localise the person. This would require knowing when exactly
tracking has failed, and once a new detection comes in, determine whether it is a
new person that needs to be tracked, or whether it is associated with an existing
tracker. Both of these require comparing a new image patch with a previous one and
determining whether they are referring to the same thing. As discussed in Section 5.2,
matching a current image patch to a previously tracked person is difficult especially
if the background of the person has changed significantly. Rather than use simplistic
methods like histogram or key point matching, it would be better to use something
akin to what tracking-by-detection algorithms like [12, 58, 66] do — use machine
learning to learn the appearance of an object as tracking proceeds. HeatTrack already
uses the Structured Output SVM tracker of [58], but this is for the visible band image
only. It would be interesting to combine information from both modalities in such a

framework.

More Detailed Infrared Processing

This thesis uses the infrared to remove large regions of the scene from further con-
sideration, with the idea of doing more complex image processing in the visible light
modality. This is because of the perceived greater level of detail available in the visible

modality. To this end it uses classifiers based on local binary patterns or histograms
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of image gradients to find blobs of approximately the right shape in the infrared im-
age. Given the relatively high resolution of the infrared camera, however, it may (and
probably is) possible to get more detailed information from the infrared image itself.
While most of the infrared detection literature focuses on rigid templates for human
detection, there has been some work done on parts-based detection in reasonably
close video footage [56]. That system is focused on localising individual body parts
in infrared to the extent that it is possible to do human pose classification. With the
lowering cost of higher resolution infrared cameras available outside of the military
domain, it seems like an obvious next step to apply more complex vision algorithms,

those traditionally used in visible band imagery, to infrared imagery.

3D Tracking

Each video recorded for this DPhil was recorded from a fixed location, but with a
considerable amount of camera shake induced to simulate the type of footage one
would expect to get from a UAV. However, if a UAV is travelling across a wide area
of varying topology, the homography model for compensating image motion would
most likely no longer work. Accurate tracking would only be possible by estimating
the 3D scene structure. Doing 3D tracking would require a calibrated camera rig and
an estimate of the distance to objects in the scene; as discussed in Section 5.4, this
would require multiple views of the object with a sufficiently wide baseline in order
to do triangulation, or using the estimated altitude of the UAV in combination with
terrain maps. There is the added challenge of synchronising the outputs from various
sensors such as IMU and GPS, which have varying latencies, and matching these up
with video frames from cameras with different frame rates. It is a very challenging
problem, but one which is receiving a lot of attention in the UAV research community;,
and seems to be an obvious next step in the drive to make UAVs useful for a wider

range of tasks.

The idea of using combined infrared and visible light video footage in an aerial
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setup is still a relatively unexplored area of research. To date, not much work has
been done on in this area, and it is hoped that the ideas in this thesis provide an early
stepping stone for future work. The reduction in cost of infrared technology outside
the military and the increased use of small robotic helicopters both inside and outside

of academia means there is likely to be a lot more interest in this area in the future.
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Appendix A

Tracking Sequences

This section shows a series of tracking sequences which demonstrate the characteristic
behaviour of HeatTrack in various different scenarios. In all of the examples which
follow, a red box denotes the hypothesis of the visible light tracker operating inde-
pendently in the visible light modality, but being re-initialised with every infrared
measurement. A green cross denotes the prediction of the Kalman filter before tak-
ing into account any measurements; a red cross denotes the updated estimate of the

Kalman filter having taken into account a measurement.
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Figure A.1: This is the first of a number of videos which were taken on a reasonably
cold winters” day, with temperatures of around 8°C. Here, the infrared is driving the
tracking. The person shows up so clearly in the infrared in almost every frame, and
therefore there is a well-defined infrared bounding box which is used as input to the
Kalman filter. Incidentally, this set of videos is where the visible light tracker tends
to fail, as the person is much closer to the camera than in the other locations, and it
is thought that the extra amount of detail on the person confuses the tracker.

143



Figure A.2: Similar to previous video.
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Figure A.3: Similar to previous video.
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Figure A.4: An example of what happens when two people overlap. Initially there
is one person in the scene, and a Kalman filter is initialised on that person. A new
person enters the frame and a new Kalman filter is initialised on that person also.
When they overlap, the system detects this and ceases taking infrared measurements.
When the two people are re-detected separately, the system fails to associate one of
the detections with one of the people. This is because of the particular score which
was chosen for the histogram similarity criteria.
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Figure A.5: This is a repeat of the previous video, but with a lower score chosen
for the required histogram similarity. In this case the system does the correct data
association when the two people are re-detected after the overlap.
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Figure A.6: Here is another example of incorrect data association after two people
overlap.
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Figure A.7: This video is an example of the two modalities complementing each other.
In the beginning, the person is standing in direct sunlight and therefore blends into
the hot footpath in the infrared. The Struck tracker is able to track them up to about
frame 40. When the person moves into the shade, they are detected in infrared and
the system switches to using infrared measurements to track for the remainder of the
video.
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Figure A.8: Similar to previous.
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Figure A.9: Similar to previous.
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Figure A.10: Early on in the video, the field of view of the camera shifts significantly
and the person goes out of view for approximately 17 frames. When the person
reappears, they have moved into the hotter part of the scene and are therefore not
detectable in infrared. The visible light tracker fails to pick them up either.
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Frame #36

Figure A.11: An example of incorrect data association after the two people overlap.
One of the trackers latches onto the wrong person.
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Figure A.12: Another example of where infrared helps tracking. In this case the
person is hardly distinguishable against a similar-coloured background, but because
their infrared signature is so sharp, the system can continue tracking them right up
until they become fully occluded. In the last 15 or so frames, the system is reliant on
the prediction of the Kalman filter in the absence of any measurements from either
modality.
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Figure A.13: An example of successful tracking.
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Frame #1 Frame #46
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Figure A.14: Another example of incorrect data association — where trusting the
visible light tracker too much can result in tracking failure.
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Figure A.15: An example of successful tracking before and after two people overlap.
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Frame #1 Frame #16 Frame #36

Frame #5351 Frame #71 Frame #86

Figure A.16: An example of what happens when the person becomes occluded very
early on, before the system has had time to converge to an accurate velocity estimate.
The camera moves abruptly and the infrared image becomes blurred. The person is
detected in infrared and the system attempts to find the corresponding match in
the visible light image, by searching for the image patch which matches the HOG
descriptor of the person the best. Unfortunately, the estimate of the corresponding
location in the visible light image is wrong. This patch is then compared with the
saved image patch of the person, produces a poor match, and consequently, the
infrared measurement is not used. The reason it produces a match is presumably
because there is a sudden movement in the camera and both images become very
blurred. The system checks the output of the visible light tracker, and this is also
wrong, also because of the blur. Unfortunately, the system cannot tell that this is
wrong, because it passes the histogram match test.
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Frame #56

Figure A.17: Another example of successful tracking.
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Figure A.18: An example of successful tracking under occlusion.
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Figure A.19: Another example of successful tracking.
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Figure A.20: This is an example of how clothing affects the infrared signature of
a person. The video was recorded when the outside temperature was -4 °C, but
because the man was wearing a very heavy coat, he was barely perceptible in infrared.
However, lighting conditions were sufficient to be able to track the man entirely using
the visible band.
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Figure A.21: Another example of successful tracking.
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Frame #1

Frame #66

Frame #21 Frame #41

Frame #B86

Figure A.22: Another example of successful tracking under occlusion.
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Frame #1 Frame #21 Frame #46

Frame #71 Frame #116

Figure A.23: An example of where tracking fails

165



Frame #1 Frame #31

Frame #51 Frame #66 Frame #81

Figure A.24: Another example of successful tracking.
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Figure A.25: Another example of successful tracking. This and the following videos
A.26 to A.30 are characteristic examples of successful tracking in closer range video
footage where the person appears in much greater detail. Tracking a moving person
at close range in the visible band often fails due to the extra amount of detail; in
these examples the tracking is driven by the sharp infrared signature of the person.
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Figure A.26: Another example of successful tracking.
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Figure A.27: Another example of successful tracking.
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Figure A.28: Another example of successful tracking.
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Figure A.29: Another example of successful tracking.

171



Figure A.30: Another example of successful tracking.
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Figure A.31: Excessive camera vibration early on in the video meant that the person
was lost beyond recovery.
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Frame #71 Frame #96 Frame #116

Figure A.32: A video taken at dusk. It is dark but there is still enough light to
compute accurate homographies between consecutive visible frames. The infrared
is driving the tracking here; without infrared, the visible light tracker will lose the
person.

174



>

Frame #106 Frame #141 Frame #176

Figure A.33: Without a clear infrared signature, the system is reliant on the visible
band to track the person. This is an example of tracker drift, where the tracker

gradually includes more and more of the background in its internal representation
until it finally loses the person.
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Figure A.34: An example of mostly successful tracking until the person becomes
occluded. In this video the person is never detected in infrared, and the system is
totally reliant on the visible band. When the person goes behind the tree, the tracker
loses them, and the system cannot correctly determine whether tracking has failed,
or whether it should use the estimated location of the visible light tracker.
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Figure A.35: An example of successful tracking, even though it was entirely dependent
on the visible band.
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Figure A.36: Similar to previous.

178



Figure A.37: A tricky example where there are no infrared measurements to help
with tracking. Here, the visible light tracker fails very early on and cannot recover.
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Figure A.38: An example of where an incorrect bounding box initialisation leads to
tracking failure. The original bounding box is in the infrared image. The system
looks for the corresponding location in the visible light image based on the closest
HOG descriptor. The match is incorrect.
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Frame #1

Frame #136

Figure A.39: This video was taken when it was -4°C outside and snowing — perfect
conditions for tracking in infrared. It was dusk and, therefore, dark outside so the
tracking is driven entirely by infrared.
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Figure A.40: An example of successful tracking.
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Figure A.41: Similar to previous.
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Figure A.42: Similar to previous.
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Figure A.43: Similar to previous.
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Figure A.44: Similar to previous.
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Figure A.45: This video is an example of how relying on the visible band alone to do
motion estimates will result in tracking failure. It was taken at night, so there is not
enough detail to compute homographies between consecutive frames. As the Kalman
filter is reliant on measurements being converted into a fixed coordinate system using
the estimated motion of the camera, tracking fails. This example calls for the use of
alternative ways to estimate the camera motion between frames.
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Figure A.46: An example of successful tracking.
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Frame #1 Frame #26 Frame #5351

Frame #76 Frame #101 Frame #121

Figure A.47: This video was taken at dusk when light was fading. This and the
next video are examples of how HeatTrack performs with a stationary camera in poor
lighting conditions. Due to the fact that the camera was not moving, the identity
matrix is used as the motion estimate of the camera and hence there are no errors
arising out of incorrect motion estimates.
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Frame #1 Frame #26 Frame #5351

Frame #76 Frame #101 Frame #121

Figure A.48: Same as previous, but recorded 2 hours later.
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