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Abstract

A fundamental challenge in deploying vision-based object detection on a robotic
platform is achieving sufficient perceptual performance for safe and effective opera-
tion. While general purpose object detectors have steadily improved in performance,
we are still some way from being able to rely solely on purely vision-based robotic
perception systems.

This thesis seeks to resolve this problem by exploiting a characteristic of
computer vision unique to robotic applications, with a particular focus on pedestrian
detection for autonomous driving. Robots - even mobile ones - typically have some
inherent structure to the visual data they process. Firstly, they operate in the same
environment (for example, regular commuting or errands with autonomous cars),
and secondly, they are able to localise within that environment.

Place matters in robotics, as we can exploit this additional context to boost
perceptual performance by constructing object detector models fitted to a mobile
robot’s place of operation. We demonstrate that, in an ideal scenario with ground
truth labels, we can significantly improve the detection performance of lightweight
object detectors by exploiting place. Our results suggest that a key factor limiting
detection performance is the model capacity, suggesting that this approach could
equally be applied to higher capacity models as the computational budget dictates.

This local expert detector is developed into a deployable, self-supervised system,
using offline image segmentation and spatial heuristics to construct the detector
models and a visual localisation system to retrieve them at run time. This approach
boosts the perceptual performance of our lightweight object detector models.

Finally, this ensemble approach to local expert object detection is extended
further with a neural network trained to generate detector models conditioned on
the input image, an approach we refer to as a Dynamic Detection Filter Network.
The network learns a representation of the operating environment, generating model
parameters based on the input image. This offers a general approach to constructing
place specific object detectors independently of localisation, with the potential to

operate on larger scales with many different environments.
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1.1 Robot Perception

Robotic systems are often described as having three key phases of operation:
Sense, Plan, Act [1]. Robotic technology has evolved since this general approach
was first described (and critiqued [2]), but the core tasks of any robot system
architecture broadly encompass one or more of these three areas. A robot must
sense the environment (using sensors such as cameras or lasers), perceive the scene
from raw sensor data, then form a plan for what it is going to do. Finally the
robot acts on this plan, sending the appropriate commands to the underlying
control systems. Each of these components must work successfully for the robotic
system to function as a whole.

A robot’s sensing suite frequently consists of a number of different sensor
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modalities, using a collection of passive and active sensors to infer something about
the robot’s internal state and the external environment surrounding the robot.

A large part of this sensing process (and the focus of a significant body of
research) is perception: understanding the robot’s environment from the raw sensor
data. Robot perception includes tasks such as object detection (finding relevant
objects around the object), scene segmentation (dividing the scene into categories
to help the robot make better planning decisions), and localisation (recognising
where the robot is located).

As autonomous robotic systems are becoming increasingly normalised in society,
there is an ever increasing push towards robotic systems which work robustly in
real world environments. Robots no longer only exist in research laboratories or
large, automated factories. The idea of autonomous systems being responsible
for transportation is well accepted [3, 4], with both automotive and technology
companies pushing to be the first to deploy autonomous cars in urban environments.
Senior automotive executives have publicly stated that this will be available for
consumers from 2020 [5], with public policy challenges being a key obstacle facing
increased automation in driving, arguably larger than the technological challenge [6].
Pilot studies in robotics for domestic use care are also becoming more common |7,
including specialised robots to assist the elderly and people with impairments
in daily living tasks [8, 9].

Enabling all these robotic applications (and more) are reliable perception systems.
These systems are crucial to a robot’s operation: the adage garbage in, garbage
out holds true in robotic systems as with general computing, with the added
complication that robots can move. Mistakes in a robot’s perception propagate
through the wider system, resulting in poor high level decision making. Mitigating
these mistakes requires adding layers of complexity to the higher level motion
generation systems, such as in [10].

Fundamentally, the better the perception system performs, the better other
system components which depend on perception (and indeed the robot as a whole)

will also perform.
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1.2 Object Detection in Mobile Robotics

One key pillar of robot perception is object detection, which finds notable objects
of various classes in the environment around the robot. These object classes are
task dependent. In a warehouse this might be detecting conveyer belts or racking
for pallets, whereas for autonomous driving applications this includes pedestrians,
cars, buses, traffic lights, and more. Knowing information about key objects in
a robot’s workspace is helpful: telling the difference between a pedestrian and a
plastic bag blowing across the road will help a robot car’s planning system decide
whether to slam on the brakes, or continue driving.

Object detection is commonly performed on laser scans (both 2D and 3D) or
images. Pedestrian, cyclist, and car detection have been successfully implemented
using 3D laser scanners (also called LIDAR) |11} 12], as well as using camera image
data [13, |14]. Visual object detection is popular, a large part of which can be
attributed to the low cost and prevalence of cameras compared to LIDAR. However,
vision based detection has significant challenges associated with it.

All vision systems are subject to drastic appearance change, including image
lighting, seasonal effects, and structural change in the scene. Addressing this
challenge of varying image appearance has been a staple of robotic vision research,
particularly in visual localisation [15]. Various methods have been proposed,
including illumination invariant image representations [16H18]|, predicting appearance
change to generate synthetic images [19], or designing visual localisation systems to
store multiple representations of the same place under appearance change |20} 21].

In contrast, active sensors such as LIDAR which ‘touch’ the world do not typically
suffer from these issues: a 3D point cloud of a scene is very similar regardless of
time of day. They also have the benefit of consistent geometric measurements,
a feature which has helped further object detection [22]. Nevertheless, the low
cost and simplicity of fitting cameras to robots motivates using computer vision
over laser sensing for many applications.

Underpinning all these methods is one critical, absolute requirement: a robot

must be able to run this in real time. In this aspect, robotics diverges from computer
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vision. Robots must be able to sense and perceive the environment sufficiently
quickly to ensure safe operation.

The key problem facing visual object detection in robotics is how to achieve a
high level of detection performance across the varied, changing environments a robot
operates in, while also meeting this critical run-time performance requirement.

This thesis addresses this problem using an approach unique to robotics, as
there are two factors distinguishing visual perception in robotics from general

purpose computer vision:

1. Visual data in mobile robotics is temporally and spatially correlated, gathered

sequentially as the robotic moves in its environment.

2. Robots - even mobile ones - typically operate in the same environment
repeatedly, rather than discovering novel environments. An example of this is
an autonomous car performing the same commute or regular trips around a

neighbourhood.

These factors provide an opportunity to address both aspects of our key detection
problem: mitigating the non-stationarity in visual data, and doing this in a manner
which meets the computational efficiency needs of mobile robots.

The core message of this thesis is that we are able to improve detector perfor-
mance under scene variation using fast, light-weight detector models, exceeding
the detection performance of more complex, prohibitively slow state-of-the-art
detectors. This is possible by exploiting the fact that robots typically operate
in the same environment, building expert detector models fitted to a known

operating environment.

1.3 Exploiting Local Expertise
Visual data in mobile robotics changes drastically due to a number of factors:
1. Lighting: shadows, time of day.

2. Season: bare winter trees, green leaves in summer.
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3. Weather: overcast or sunny, rain or snow.
4. Scene structure: road works, changing billboards.

All of these collectively influence the performance of our visual perception
systems. This non-stationarity (or constant change) is common-place in robotics,
and must be managed by robotic systems seeking to operate outside a con-
strained environment.

In visual localisation, Churchill et al. proposed a radical shift in managing
this change [20]. Rather than trying to have one model which we use everywhere,
we accept that the world appears differently - even in the same spatial location
- and we build a system which localises against all the different ways the robot
experiences the world. In practice, if the robot can no longer localise to an existing
topometric map as it is moving (for instance due to structural scene change from
construction work), it begins to form a new branch. In doing so it keeps a separate
parallel representation of the same spatial place.

We can draw on this idea for object detection: rather than using one common
model everywhere, we use local expert models suited to the robot’s operating
environment. If we know our robot is driving through London, we need our object
detection to perform exceptionally well there. Its detection performance in Tokyo or
Berlin (or indeed off-road environments) is irrelevant. This argument is strengthened
by the fact that the majority of vehicle trips tend to be repeated: commuting to
work, driving to local schools, or running errands to the local shops [23-26]. This
repetition means that it is advantageous to optimise all perception systems for the
robot’s place of operation, rather than use general purpose systems.

Through the addition of navigation data (using localisation systems running in
parallel with object detection), we can use better informed visual models which
are experts in their place of operation. These expert models can be constructed
to suit not only the spatial location, but other environmental conditions specific

to the robot’s place of operation. Knowing where a robot is important, not only
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in generating appropriate motion commands but also in that it can be exploited
to improve the performance of other robotic systems.

This ensemble approach relaxes the usual requirement for generality in machine
learning, opting instead to boost performance by using many expert detector
models. In doing so we hope to improve detection performance in the places the
robot operates using computationally lightweight models which satisfy the run-time
performance requirements needed in robotics.

New computer vision approaches using deep learning have been particularly
successful at object classification |27, 28], and have recently become viable for object
detection. These tasks differ subtly: object classification typically assumes that an
object of a known class exists in the image, and it occupies a sizeable proportion
of the image area. In object detection this is frequently not the case. The object
class we are trying to detect may or may not be present, and - particularly in
the case of pedestrian detection - the objects may be very small. This has made
pedestrian detection difficult for these deep learning methods [29], and it took a
number of years before these methods began to top the various canonical benchmark
leaderboards [30, [31]. The majority of work in this area has sought to achieve
state-of-the-art performance, resulting in large, heavy-weight CNN detectors which
achieve benchmark leading peformance but often only run at 1 — 2 Hz [31]. In
contrast, classical object detection methods (e.g., [32,[33]) have traditionally favoured
run-time performance over absolute detection performance.

Our experience-based approach to object detection targets the computational
efficiency of classical object detection methods for our local expert detectors, though
equally applies to any detection system.

This approach is agnostic to the specific detector model employed, and we
except to be able to boost detection performance with more complex, high capacity

CNN models using an experience-based approach.

1.4 Contributions

This thesis presents six contributions to object detection for mobile robotics:
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1. We introduce the idea of experience-based object detection: using local expert
detectors suited to a mobile robot’s operating environment. This theme

underpins the entire thesis.

2. We present a method for constructing object detector models using self-
supervised data mining on unlabelled data based on spatial heuristics (Chapter

2)), and extend this with image segmentation (Chapter |3)).

3. We assess the merits of fitting detector models to known categories of operating
environment: firstly to seasonal effects along a known route, and secondly to

seasonal and spatial effects incorporating both route and season (Chapter [2)).

4. We demonstrate an approach to building local expert detection models,
boosting performance by relaxing the requirement by strongly fitting highly
specialised detectors to a narrow window of operation (Chapter |3)). This
approach mitigates the impact of limited model capacity for lightweight

detector models.

5. We design a system (Chapter [3|) to scale this highly specialised expert detector
approach to operate with unlabelled data, coupling object detection to an
experience-based visual localisation system. Quantitative and qualitative
results demonstrate the effectiveness of these models in their operating

environment.

6. We propose a more extensible approach which decouples the expert object
detector from visual localisation, instead relying on a deep learning approach

which conditions the detector model on the input image (Chapter {4)).

Some of the work presented here is taken from the following publications:
J. Hawke, C. Gurau, C. H. Tong, and I. Posner, "Wrong Today, Right Tomorrow:
Experience-Based Classification for Robot Perception," in Field and Service Robotics

(FSR), Toronto, ON, Canada, 2015.
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J Hawke, A. Bewley, I. Posner, "What Makes a Place? Building Bespoke Place
Dependent Object Detectors for Robotics," IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS), Vancouver, BC, Canada, 2017

C. Gurau, J. Hawke, C. H. Tong, and I. Posner, "Learning on the Job: Im-
proving Robot Perception Through Experience," in Neural Information Processing
Systems (NIPS) Workshop on "Autonomously Learning Robots", Montreal, Quebec,
Canada, 2014.

1.5 Thesis Structure

This thesis is structured in three main chapters, followed by concluding remarks.
Each chapter has its own background section, and relevant literature review for
the problem addressed by that chapter.

The theme of this thesis is constructing local expert object detectors suited
to the data a robot experiences in its operating environment. Throughout the
thesis we use pedestrian detection as our case study in object detection as this is
a well researched problem applicable to autonomous robot driving, though none
of the methods we use are specific to this task.

Chapter [2] outlines how we can construct these local expert detector models,
and presents experiments demonstrating that we can fit detector models to a known
route and operating season (categories of operating environment).

Chapter [3| extends this initial work, looking at how the resolution of these
models affects performance: how narrow an operating environment should these
be fitted to? We extend the initial, controlled experiments into a self-supervised
detector system coupled tightly to a visual localisation system, enabling local expert
detectors constructed with unlabelled data.

Finally, Chapter [4] presents a more extensible, general approach to experience-
based object detection, learning an artificial neural network which conditions the
detector model parameters based on input. This decouples the expert detector from

a visual localisation system while retaining the same benefits.
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This thesis concludes in Chapter[5} Overall, this thesis proposes and investigates
how we as roboticists can leverage the knowledge of where the robot is to improve

perceptual performance in the robot’s operating environment.
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2.1 Introduction

Object detection forms one of the cornerstones of autonomous operation in complex,
dynamic environments. Whether it concerns the detection of assets in an infrastruc-
ture survey, the detection of goods and co-workers in logistics, or the detection of

other traffic participants in an autonomous driving context, object detectors need
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to provide fast, reliable performance across a number of operating environments.
This is explicitly encouraged in the machine vision community as witnessed by, for
example, the ImageNet Large Scale Visual Recognition Challenge [34].

However, while much progress is being made, error rates of state-of-the-art
approaches are still prohibitive, particularly for safety critical applications (e.g.
[29, 131, |35 for the case of pedestrian detection). This is often due to a significant
amount of variation in the negative class which, in reality, is not captured in the
training data [36]. While it is relatively easy to obtain negative samples (selecting
images which contain no examples of the target class), computational limits imply
that we should only include ones that have a large effect on the decision boundary.

The standard method for obtaining relevant negative samples is known as
hard negative mining (HNM) [37, [38], which is commonly used to bootstrap the
underlying classifier used in an object detector. HNM is widely considered a
mandatory part of detector training, where the classifier is first trained on the
original training data and then used to perform object detection on a labelled
dataset. False positives are identified using the ground truth labels provided and
included for classifier retraining. This provides considerable improvement over the
original detector, but the data used for negative mining strongly influences the
resulting performance due to dataset bias [39, |40]. In addition, HNM does not
account for non-stationarity in the data. As the robot moves, the data (and innate
bias) changes with the operating environment and image appearance. As we know
something about the operating environment (due to running localisation in parallel)
we can exploit this bias and non-stationarity in image data with a detector model
trained to suit the robot’s operating environment.

In order to improve performance for a particular application, scene context —
obtained through online sensing or contained in (semantic) map priors — is commonly
leveraged as a filter (e.g. |41}, |42]). Typically, this takes the form of discarding
detections as spurious if certain validation criteria are not met (e.g. a car needs

to be found on or near a road [43]).
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In this chapter we cover fitting a detector model to a robot’s operating envi-
ronment by exploiting scene context to validate the detections obtained. This is a
substantially different detector deployment model from the status quo, and provides
the tools necessary for self-supervised and environment-dependent performance
improvement over the lifetime of the detector. This reflects our desire for lifelong
learning systems which excel in a robot’s specific application domain instead of
providing mediocre performance everywhere.

This approach is, from one perspective, simple and straightforward. However, it
brings significant benefits to our problem of embedding visual object detection in
mobile autonomous systems, which is bounded by hard real-time constraints and high
performance expectations. Some applications of embedded perception can afford to
trade generality for specificity. Robotic agents should adjust to a subset of possible
operating environments: the ones they operate in, or ‘experience’, on a daily basis.

Inspired by hard negative mining, we continue to train our detectors in a
self-supervised manner by exploiting scene context from the robot’s operating envi-
ronment. This is achieved by continuously feeding back into the training process of
the detector any false positives identified by a validation step throughout the lifetime
of the system. We refer to this process as Experience-Based Classification (EBC),
where the detector’s classifier responds to the environment a robot experiences.

In effect, EBC automatically trains detectors for specific operating environments.
While this may lead to overfitting to the background encountered, we argue that
this is exactly what is required in mobile robotics where autonomous agents often
traverse the same workspace over and over again. In fact, EBC relies on this
behaviour and, inspired by work in the vision community such as [44], exploits
similarities in geo-spatially related locations. Furthermore, the self-supervised,
operational nature of this approach means that it can incorporate considerably more
data in training than conventionally performing HNM on small canonical datasets.
This opens up the possibility for life-long learning in robot perception, building up

a collection of environment dependent object detectors over the robot’s lifetime.
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The robot’s navigation system provides the key tool which enables this: the ability
to localise and both build and retrieve experienced-based detector models.

EBC is agnostic to the application domain, detection framework and object class
considered. However, we frame the discussion in this chapter (and thesis as a whole)
in the context of pedestrian detection for autonomous driving. In this chapter we
utilise the fact that object detection is commonly performed alongside navigation
and that current navigation solutions localise against a previously-acquired map
[20, 45, |46]. This provides the scene context for EBC as we are able to draw on
additional knowledge of the operating environment at runtime.

This chapter first outlines the basic building blocks of object detection, and
describes how we can use scene context in robotics to fit detector models to a known
environment using EBC, providing us with experience-based object detection.

With these tools in hand, we then investigate the efficacy of building experience
based detector models. We compare the use of this self-supervised model fitting
method to conventional Hard Negative Mining with our SVM+HOG detector
model, then use the same method and model to fit the detector model to different
seasons along the same operating route.

Building on this, we consider both the operating route and season when fitting a
higher capacity SVM+ACF detector model to unlabelled driving data. In doing so,
we demonstrate that we can adapt a generic detector model to suit the operating

conditions experienced by our mobile robot.

2.2 Background

This thesis focuses on pedestrian detection as the target object class for two reasons.
Firstly, pedestrian detection is a mature field of research with established methods.
Secondly, as we have an interest in autonomous driving, pedestrian detection is one
of the primary object classes our robot must detect during operation.

One significant work on pedestrian detection from monocular imagery proposed

using a linear SVM classifier on Histogram of Oriented Gradients (HOG) features
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[47]. The use of a linear model permits efficient sliding window computation [4§]
when a sliding window detector is implemented using this classifier.

More recent work in pedestrian detection improved performance through use
of alternative feature types such as Aggregate Channel Features (ACF) [33], or
alternative classifiers such as Latent SVMs with deformable parts models [3§],
and decision trees with Adaboost [32].

These classical sliding window methods have very recently been surpassed in
performance by deep learning methods |29} 31], but this performance comes at a
large computational cost, potentially prohibitive for many robotics applications. At
the time of writing these typically require a dedicated, high end Graphics Processing
Unit (GPU) card, and typically process images significantly slower than camera
frame rates (2Hz, compared to common 20Hz or higher frame rates).

Various approaches have been investigated to boost the performance of object
detectors by additional pre- or post-processing steps. A common approach is to
incorporate additional information from the scene.

3D scene information has been primarily used in object detection to generate
Regions of Interest (ROIs). For example, a ground plane computed from stereo
imagery can provide a search space for detections (e.g. [41} 42]), or enforce scale [49].
Enzweiler et al. [50] extend this idea by maintaining a height-based representation
of the local environment to generate ROIs, and Ess et al. [51] jointly infer
the depth, ground plane and object detections. Instead of generating ROIs to
present to our classifier, we invert the order and apply scene information after we
compute detections. While both approaches provide us with a set of valid positive
classifications, this ordering also allows us to obtain a set of informative negative
data samples that can be used for detector improvement.

As mentioned in this chapter’s introduction, the conventional approach for
obtaining these hard negatives when initially training a detector is Hard Negative
Mining (HNM), performed on a labelled training dataset. Initially introduced
by Sung and Poggio [37] as a bootstrap method for expanding the training set,
Felzenszwalb et al. [38] tailor it for structural SVMs by defining ‘hard’ negatives as
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examples that are incorrectly classified or within the margin of the SVM classifier.
HNM has also been used for multiclass object detection [52], where positive samples
of other classes can serve as hard negatives.

Instead of HNM, Hariharan et al. [53] suggested training Linear Discriminant
Analysis (LDA) classifiers with an extremely large negative class. This was made
possible for SVM classifiers by Henriques et al. [54], who used block-circulant
decomposition to train with an approximation to the set of all negative samples from
a series of images. In effect, training with a vast set of negatives reduces the need to
specifically mine for hard negatives. While efficient, the training remains limited by
computational resources, and does not escape the core requirement of labelled data.

This prior work on HNM for object detectors is complementary to our work.
HNM still forms a critical step when initially training a detector, and we build on
this to continue bootstrapping the detector to the robot’s operating environment.
In addition, many of these techniques to extend HNM could equally be applied here.

In all these approaches, labelled data are used to identify negative samples. While
the labelling effort may be tolerated for individual datasets, real-world operation is
subject to variation from seasonal, lighting and environmental changes. This has a
significant impact on detection performance, but manually labelling data for all of
these scenarios is impractical for life-long learning in robotics. EBC is able to meet
these requirements by identifying relevant samples in a self-supervised manner.

We share some similarities with the concept of group induction [55], where
self-supervised training is performed by alternating between classifying unlabelled
tracks and incorporating the most confident positive classifications in retraining.
Our approach differs by the fact that we use an external signal in the form of
an environmental prior to provide labels for the whole scene. This allows us
to focus only on hard samples and provides a means to automatically train our

detectors for specific environments.
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2.3 Experience-Based Detection Framework

We want to be able to fit an object detector to suit the operating environment it
is deployed in. To do this we need to be able to adapt an object detector model
to data drawn from this environment.

This section outlines a general framework for building detector models fitted to
the environment the robot experiences (shown in Figure, and our implementation
of each component in the framework.

An experience-based detection framework augments a standard perception
pipeline by introducing a self-supervised data mining module after the output of an
object detector, gathering data from the environment through spatial heuristics.
These data are stored, then used to augment training dataset for the detector. We
focus solely on augmenting the training data with negative samples, as these are
significantly easier than positive samples to collect using a self-supervised method.

This section first covers our implementation of an object detector in Section
with a specific focus on pedestrian detection. Section explains the scene
filter, and how it is used to perform self-supervised data mining. The final step

in the process, the model update, is outlined in Section [2.3.3]

2.3.1 Object Detector Implementation
Approach

An object detector in computer vision processes a stream of images and produces
candidate detections with an associated score (or probability measure). These
detections are commonly represented as bounding boxes, or the coordinates of a
rectangle which bounds the object in the image.

Most object detection methods to date use one of (or a combination of) three key
approaches. The first approach finds interest points in the image, then compares
patches from these interest points to the training set (e.g., Implicit Shape Models
[56]). The second (and most common) approach is sliding window detection, in which
a test window is exhaustively moved through the image, evaluating each image patch

with a classifier |32} 33|, 47]. The final approach uses region proposals: sub-regions
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Figure 2.1: The experience-based detector architecture implemented in this work. (a)
An object detector provides detections based on the image feed. (b) A scene prior is used
to filter out detections that do not touch the ground plane or have an unexpected scale.
(c) Rejected samples are stored. (d) The detector is retrained at the end of an experience
using additional rejected samples. The wrapped detector improves through successive
outings as it automatically adjusts to what it experiences.

of the image (or candidate detections) are presented to a classifier for evaluation [57].
A major benefit of the region proposal approach is reducing the computation time by
limiting the number of patches to evaluate, enabling the use of more computationally
complex classifiers. There is a secondary benefit: this can improve detector precision
by reducing the number of tested image patches to only those which are more likely
to contain the object. Recent object detectors using deep learning frequently use a
region proposal approach [29-31], as do detectors which combine a sliding window
detector with additional scene context to limit the search space [50].

We focus this work on an approach-agnostic framework for building experience-
based detector models. As such, we heavily base our object detector models on
existing prior work in [33] 58|, with minor variations to suit our implementation
requirements. For completeness we cover this detector implementation, though all
aspects of the work in this thesis can be applied to any object detector.

Our object detector implementation is based on a classical multi-scale sliding
window detector, illustrated in Figure The input image is resized into an image

pyramid based on a predefined set of scales. Each layer of the image pyramid (each
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Figure 2.2: A multi-scale sliding window detector pipeline. The input image is first
converted to the desired colour space (e.g., LUV ), then resized to a number of
different scales in an image pyramid. The image pyramid is converted to a feature
pyramid, computing a feature descriptor (e.g., ACF [33]) for each image in the pyramid.
Each model-sized patch in the feature pyramid is then evaluated by a classifier (e.g., a
linear SVM or Adaboost ), producing an output score pyramid. Bounding boxes are
then produced for high scoring detection locations using the model size. These boxes are
then pruned using non maximum suppression, favouring the highest scoring overlapping
boxes.

a scaled copy of the input image) is processed by a feature computation function,
converting the scaled image into an abstracted dense feature descriptor. The feature
pyramid is then evaluated by a sliding window detector: we ‘slide’ a window of the
right size for our object model around each layer of the feature pyramid, evaluating
each patch with a discriminative classifier. For implementations using a linear
classifier, this operation is simply the cross-correlation between the linear filter and
the feature image. The classifier returns a score for each patch. Candidate detections
are created by thresholding each score image to find high scoring image patches,
rescaling the detections to map these back to the original image size. Finally, non-
maximum suppression is used to filter out overlapping detections across all scales .
This is a greedy algorithm which sorts the detections based on scores, sequentially

suppressing detections which sufficient overlap any higher scoring bounding boxes.

Feature Descriptor

The feature descriptor used is a major influence on the object detector performance,

accounting for much of the improvement in performance over the past decade
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(Benenson et al. ) We implemented two dense feature descriptors: Histogram
of Gradients (HOG) [47], and Aggregate Channel Features (ACF) [33].

The Histogram of Gradients was first proposed by Dalal and Triggs for
use in pedestrian detection in static imagery, though it has been applied to many
other tasks since. HOG computes the image gradients using simple [—1 0 1]
and [—1 0 l]T filter kernels. The gradients in a group of pixels (commonly a
cell of 8x8 pixels) are then binned based on their orientation. These cells can be
rectangular or circular, and are evenly spread over a range of 0 — 180° (an unsigned
descriptor) or 0 — 360° (a signed descriptor). We use unsigned rectangular bins,
as in the original work for pedestrian detection. The contribution of the gradient
for a given pixel to the histogram is linearly weighted between the two closest
bins to the pixels gradient. The descriptor is then block normalised: rather than
normalise each histogram individually, blocks of 2x2 cells are grouped and stacked
into a single vector v, dividing v by its [?>-norm: v = v/,/llvll% + €, where € is a

very small number to prevent dividing by zero.

(a) RGB image. (b) HOG descriptor visualisation.

Figure 2.3: Visualisation of the Histogram of Gradients (HOG) feature descriptor for
one of the training samples from the INRIA pedestrian dataset . The intensity of the
greyscale lines in each cell indicate the strength of response for that orientation.

Aggregate Channel Features are based on the channel features [62], consisting of a
number of colour channels, gradient magnitude, and gradient orientation (illustrated
in Figure [2.4)). The gradient orientation channels are computed similarly to HOG,

but channel features have fewer orientation bins. There have been many variants of
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channel features (e.g., [32, [63]), with subtle variations in which colour channels are
used and the way the features are grouped. ACF aggregates the channel features over
a small cell window. As with HOG, this was introduced for the problem of pedestrian

detection but has been applied to other object detection tasks successfully .

(a) RGB image.

Colour Grad. magnitude  Orientation 1 Orientation 2

&
v

Orientation 3 Orientation 4 Orientation 5 Orientation 6

(b) ACF descriptor visualisation.

Figure 2.4: Aggregate Channel Features (ACF) visualisation for one of the training
samples from the INRIA pedestrian dataset . The colour channels here are CIELUV.
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Classifier

The classifier used in a sliding window detector can vary, though commonly this
is either a linear Support Vector Machine (SVM) or boosted decision tree (e.g.,
Adaboost). Wojek et al. argued that there is little difference between these
two common classifiers provided the dimensionality of the feature space is great
enough [66]. Linear approximations to nonlinear SVMs have been tested [67],
though this typically comes at a very large computational cost with only a small
improvement in performance. Our detector uses a linear SVM as the underlying
clagsifier, primarily due to the ease of implementation and run-time performance

on general purpose hardware.

Benchmark Performance

We compare this detector on a 2km urban driving dataset gathered in Oxford,
along with three publicly available pedestrian detectors in Figure 2.5 This labelled
dataset - referred to as North Ozford January - consists of two laps of the same
route and is used throughout this thesis as a benchmark. The objective here is
to verify our implementation, and show commensurate performance with existing
similar approaches. The first detector compared is DPM from Felzenswalb et al.
[38] is the original deformable parts model detector, using HOG features with a
Latent SVM trained on INRIA pedestrian data [47].

Our detector (SVM+ACEF, as in Chapter |3)) performs comparably to Dollar’s
FPDW detector 33|, using the same ACF feature descriptor but a linear SVM
classifier rather than FPDW’s boosted decision tree. Both detectors are fast, able
to process images at the camera frame rate of 20Hz given a reasonable selection of
image scales. We use the author provided model trained on INRIA data.

Finally, we also assess our object detector against the KITTI benchmark [6§]
leader at the time of writing: MSCNN [31]. This multi-scale convolutional neural
network object detector was trained on the Caltech pedestrian dataset [63] as
INRIA is a cropped dataset which can’t be used for training this type of detector.

This is an extremely high capacity neural network detector, with over 80 million
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parameters. As a result it requires a high performance NVIDIA GTX graphics
card to run, and can only run at around 2Hz.

We acknowledge that these benchmark results will be influenced by the different
data used in training MSCNN. INRIA is widely recognised as a diverse training
dataset which offers slightly better performance under domain transfer than other
common training datasets such as Caltech or KITTI [36]. Unfortunately, there
is no way to avoid this as MSCNN and similar detectors require whole images
in training rather than cropped patches.

Run-time performance requirements will always be task dependent for robotics.
For the mobile robotics applications we are interested in (e.g., pedestrian detection
for urban driving) we would ideally like our object detectors to be able to run in
excess of 20Hz. This is largely based on the speed of the robots: a car moving at
50kmh~! will cover almost 14 metres in a second. A 2Hz frame rate would mean
the robot will move 7 metres between captured images - far too significant a risk
for robot safety. Our requirement for such a high run-time performance from the
detector means that operational performance is then limited by the frame rate
of the cameras used. Our platforms use Pointgrey Bumblebee2 or Bumblebee3
cameras, which record images at 20 and 16 Hz respectively.

Throughout this thesis we compare detection performance using Precision -
Recall and Miss Rate - False Positives Per Image plots. We also use a number
of aggregate metrics which help quantify the difference between detector models.
These metrics are: average precision, log-average miss rate, and the maximum F1
score. These metrics for the benchmark detectors are listed in Table 2,11

To generate these metrics, we perform data association between ground truth
annotations and detections in the same manner as [69], where we check if the area
of overlap between the ground truth bounding box BB, and a detection BBy, is
greater than a threshold ¢ € [0,1]. The area of overlap is defined by calculating
the intersection-over-union of the two bounding boxes. Commonly, ¢ is set to 0.5.
Detection bounding boxes with an area of overlap greater than ¢ to any ground

truth boxes are given a positive label, with all others a negative label.
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BB; N BB
area(BBg; ot) - (2.1)
area(BBy; U BBy,

With the candidate detections labelled, we can then compute a number of

Aoverlap =

performance measures from binary classification. Each of these is based on the
number of true (and false) positive (and negative) classifications. These detection
counts are referred to as TP (true positive count), FP (false positive count), TN
(true negative count), and FN (false negative count).

Precision measures how often a detector is correct when it returns a positive

candidate detection.

- TP
Precision = ———— (2.2)
TP+ FP

Recall, or the true positive rate, measures how many of the true detections

were picked up by the detector.

TP

TPR= ——
TP+ FN

(2.3)

Together, these are used to plot a Precision - Recall curve from a list of candidate
detections as the detection score used to assign positive and negative labels varies.
The first aggregate metric, Average Precision (AP), is simply the area under

a Precision - Recall curve, defined as:

1
AP = / p(r)dr (2.4)
0

where r is the recall and p(r) the precision at a given recall value.

The log-average miss rate is a similar metric to average precision, proposed
initially by Dollar et al. in [69]. Object detection is a variation on binary
classification and using per-image metrics rather than per-window can give a
better understanding of performance. This metric is computed from a Miss Rate -
False Positives Per Image plot. The False Positives Per Image (or FPPI) used as
the independent variable is self-descriptive: the average number of false positives

per image. The miss rate (or False Negative Rate) is defined as:

_ _FN
FNR =N (2.5)

~1-TPR (2.6)
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This log-average miss rate metric computes the average miss rate at nine FPPI
rates, evenly spaced in log-space in the range 1072 to 10°.

Finally, the F-score is the weighted harmonic mean of precision and recall,
adjusted by the parameter 8. For the F-score (formally Fl-score), 8 = 1, favouring
precision and recall equally. We report the maximum F-score for a detector as an

aggregate metric, which corresponds to the knee of a Precision - Recall curve.

precision - recall

2
Fp=01+p )(,82 - precision) + recall (2.7)

Model Average Log-Average | Maximum

Precision Miss Rate F1 Score
DPM [3§] 0.201 0.698 0.285
FPDW [33] 0.481 0.440 0.491
MSCNN [31] 0.588 0.371 0.579
SVM+ACF 0.483 0.485 0.473

Table 2.1: Aggregate performance metrics for detection benchmarks. A higher number
is better for Average Precision and F1 Scores, lower is better for Log-Average Miss Rate.

2.3.2 Spatial Scene Filter

Candidate detections from this object detector are then processed by the scene filter
in the second stage of this self-supervised model fitting framework, outlined earlier
in Figure 2.1, Our approach to this filter uses spatial heuristics, as it is possible to
define an explicit set of heuristics for our desired object class (pedestrians).

Given a set of detections, the scene filter employs local context to filter out false
positives according to strong heuristics. Accepted detections are passed through
the filter to the object detection pipeline’s output, while rejected detections are
filtered and stored. Since the rejected samples are detections that scored highly
in the previous step these are by definition ‘hard’ negatives.

Using localisation information and a 3D scene prior, we first look up the local
ground plane for our current location, then project this ground plane into the image,
illustrated in Figure 2.6, This is used by a first filter, which rejects detections

that lie off the ground plane (above the horizon) for the current navigation frame.
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Figure 2.5: Benchmark performance for our SVM+ACF pedestrian detector and a
range of publicly available pedestrian detectors on our labelled North Oxford January
driving dataset, consisting of two 1km loops through North Oxford. We use this dataset
throughout this thesis. This detector is very similar in operation to FPDW, and achieves
similar performance.
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Figure 2.6: An illustration of our geometric scene filter. Given localisation information
and a 3D scene prior, we first project the local ground plane into the image. This is used
by first filter, which rejects detections that lie outside of a ground polygon. Our second
filter then projects each remaining bounding box into the 3D scene to ensure detections
are of viable heights.

Our second filter then projects each remaining bounding box into the 3D scene
to ensure detections are of a viable scale. An example of the resulting output

of these filters is shown in Figure [2.7]

Ground Plane Estimation

Mobile robots frequently have a map of their operating environment which they
can localise against. We use a 3D scene prior, a pointcloud collected by driving a
planar laser scanner through the environment. An example of this pointcloud
can be seen in Figure [2.0]

From this scene prior we estimate the ground plane for short (50m) segments of
the map using Mazimum Likelihood Estimation Sampling Snd Consensus (MLESAC)
[70]. This variant of the Random Sampling and Consensus algorithm (RANSAC)
maximises the likelihood of the data fitting the model, rather than simply the
number of inliers.

Each ground plane is defined in Hessian normal form in the robot frame, where
il is the plane’s unit normal and p is the distance to the plane along the normal from

the origin. The vector x represents a valid point on the plane, where x = [x y z].



28 2.3. FExperience-Based Detection Framework

Figure 2.7: Screen capture of the scene filter rejecting candidate detections. Orange
boxes are rejected by the horizon filter, whereas purple boxes are rejected by the scale
filter.

=
P
1

-p (2.8)
Horizon filter

The horizon is computed by picking two points h; and hy far ahead of the robot
on the ground plane, then projecting these back into the image. The line defined
by these two points is used as the horizon estimate.

We select the two horizon points h; and hy by choosing x = lkm (forward
direction in the robot frame) with y = +50m (left /right from the robot’s perspective),
solving for z using the plane equation.

These are then projected from the robot’s coordinate frame to camera uv coordi-
nates using the intrinsic calibration matrix K and a pinhole model for the camera.

The intrinsic matrix K is parameterised by Hartley and Zisserman as:

fr s xo
K=10 fy Yo (2.9)
0O 0 1
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where fy and f, are the focal length (identical with a pinhole camera model), s
is the axis skew, and xo and yg are the principal point offset.

Using K and the extrinsic transform G,. (from robot frame to camera frame) we
can transform the horizon from robot frame [x y z] to camera frame [xc Ve zc],

then project these into the image [u v].

u Xe
vl =K |y, (2.10)
1 Ze

The horizon is then computed as the line formed between the two points in

image coordinates, parameterised by the gradient m; and intercept cj.

my, = 2” VK (2.11)

Up2 — Upl
Chp = Vpo —mMpupo (2.12)

T
The horizon filter is then simply a binary test using the centre [uc VC] of the
lower edge of the candidate detection (where a detection is defined as a bounding
box [ul Vi U9 VQ]): if this is above the horizon, the detection is rejected. The

T
detection location [uc vc] is defined by:

Uz —uy

e = — (2.13)
Ve =V (2.14)
Therefore the filter is computed as:
0 if >
fhorizon = 1 Mhlte - Ch > Ve (215)
1 if mpue +cp < ve

Scale filter

To estimate an object’s height, the second stage of the scene filter makes the as-
sumption that the object is located on the ground plane and is oriented orthogonally

to the ground plane. For most of the object detection tasks we are interested in for
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mobile robotics (pedestrians, cars, etc.), this is a reasonable assertion. For other
classes (and robot tasks) other heuristics may be required.

For each candidate object detection we define the detection plane: a plane
orthogonal to the ground plane defined by the projection of the two lower corners of
the candidate bounding box onto the ground plane and the ground plane’s normal.

We can then estimate the height of the candidate detection by projecting the
centre of the bounding box’s upper and lower edges onto this detection plane, taking
the [?-norm of the difference vector between these projected points as the estimate

of our candidate object’s height. This process is illustrated in Figure [2.§]

Detection
plane

af

etection height

Ground plane

Figure 2.8: The scale filter estimates detection heights by projecting candidate detections
into the scene.

Firstly, the object intersection with the ground plane is assumed to be located
at the lower edge of the bounding box.
Using the pinhole camera model in we find the equation of the line L.

from the camera origin to a point in the image [u v].

X
Lo=|y|=K1v (2.16)
<

We can now find the intersection between this line and the ground plane,
after first converting it from the camera frame ¢ to the robot frame r using

the transform matrix G,..
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T
A line is parameterised by a direction vector L = [x y z] and a point on the

T
line Ly = [xo Yo Zo] . A point P on the line L is defined by the equation
P=dL+ L (2.17)

where d is a scalar distance along the line.

The ground plane is defined in Hessian normal form comprised of the unit
normal vector fi and a scalar distance p. We pick an point Py on the plane. This
can be any valid point on the plane; we select one by following the z axis.

The intersection of a line with a plane can be calculated by substituting the
equation for P into the plane definition n - (P — Py) and solving for d, where n

is the plane normal and Py the plane origin.

_ (Pp—Lp) -1

d A
L-n

(2.18)

With d we now have the intersection of the line and the plane by substituting
this back into the original line equation [2.17]

We can compute two points on the ground plane corresponding to the lower
corners of the detection bounding box. The detection plane is defined by these
two points, and a third point by stepping along the ground plane normal fi. This
detection plane is orthogonal to the ground plane.

The detection height is then estimated by computing the intersection of detection
plane and the vectors to the centre of the upper and lower edges of the bounding
box. This yields two points d; and d2 in 3D space, and the detection height estimate

is then simply the /2-norm of the difference between these points.

h=ylldi - dsl2 (2.19)

The scene filtering step should be conservative to avoid rejecting a valid
detection (true positive), which may lead to semantic drift [72]. The goal of
this filtering component is to reduce the number of false positives while not

introducing false negatives.
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Figure 2.9: Object height estimates for all true positives from a pedestrian detector
trained on INRIA data. We use the 157 and 99" percentile values from this to set a
reasonable acceptance range for the scale filter (1.3m through 3.1m). This approach
encapsulates the many sources of error which influence the height estimate: detection
localisation, box padding, natural variance in the object height, and noise in the ground
plane estimate.

The filter heuristics have only two parameters: the lower and upper bounds for
the expected object height in the second scale step. Rather than try to estimate
these based on real-world properties (e.g., population statistics for pedestrians) and
task specific parameters (e.g., noise in ground plane estimates, poorly localised
bounding boxes, training image patches being larger than the actual object), we
instead consider the distribution of estimated object height for a large number of
ground truth labels for our desired task. This data centric approach encapsulates
all these sources of variance without trying to explicitly model or separate them.
We collated all true positive detections from our labelled North Ozford data for a
pedestrian detector trained on INRIA, and set the scale filter bounds to the 1%
(minimum) and 99" (maximum) percentiles of the estimated object height. For this
pedestrian detector model, the acceptable range of height estimates is to 1.3 m and
3.1 m (shown in Figure . This coarse range is very loose, but ensures that the
filter is overly conservative and accounts for the various sources of error.

The second filtering stage (scale) is simply a check that the estimated detection

height hg, lies in these bounds.
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0 if hdet < hmin
fscale =41 if hmin < hdet < hmax (220)
0 if hmax < hdet

Combined filter

We then combine the two filters, requiring a detection d to pass both spatial

heuristic checks to be considered wvalidated.

fscene(d) = fhorizon(d) A fscale(d) (221)

2.3.3 Model Retraining

The final component of this self-supervised detector fitting framework constructs the
experience-based detection model by augmenting the original training set with the
rejected environmental data from the scene filter then retraining the classifier model.
Since these additional negatives are obtained during operation, each subsequent
training cycle further adapts the classifier to the specific operating environment.

The training method for the augmented dataset is identical to the original
training pass used for the detector model. We select the same hyperparameters (a
single optimisation parameter C for linear SVMs; initially set by cross validation on
the general training set), and we ensure class balance during training by weighting

the negative data:

w, = 1 (2.22)

N
W, = —F— (2.23)
N, + N,

The optimisation parameters are set initially through cross-validation on the
training set, selecting appropriate values to ensure the model generalises to the
variance of the training set. We maintain this value as we assume that the variance of
the augmented training set will not be substantially different to the non-augmented
training set. We also ensure that class balance is maintained as we wish to prioritise

type I and II errors equally, even as we expand the data in the negative training set.
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2.4 Self-Supervised Data Mining

We evaluate the capability of this self-supervised data mining method to fit a
classifier model to data, firstly directly comparing this method to HNM on a
single labelled dataset, then applying this same method to fit detector models to
unlabelled data from different seasons on a known route.

The object detector used in this section’s experiments is the detector in Section
using HOG features. The detector’s linear SVM classifier was trained using
LIBLINEAR [73] and OpenCV [74] on the Daimler Pedestrian Detection Benchmark
Dataset [75]. We performed ten-fold cross validation for parameter selection on
the training set, consisting of 52,112 positive and 32,465 negative cropped samples.
The base detector model has no hard negative mining performed on it as we wish
to assess data mining images from the robot’s operating environment.

To evaluate our self-supervised data mining approach we require data from
multiple traverses of the same operating environment. We also require labelled
data from this operating environment, hence we must use our own datasets rather
than canonical computer vision datasets. We used nine different datasets gathered
with a Bumblebee2 stereo camera mounted on our vehicle driving in an urban
environment. These datasets consisted of multiple runs of the same North Ozxford
route split into four runs per route for training, and one for testing. They are
referred to in this section as Urban Driving January and Urban Driving May. The
labelled test set is a lap of this route driven in January, referred to as North Ozford
January. In both datasets, we used only the left stereo image with a capture rate
of 20Hz. This provided a total of 14km of unlabelled training data and 2km of
labelled test data. The datasets are summarised in Table 2.2l

2.4.1 Comparison to Hard Negative Mining

The model retraining procedure in Section is analogous to typical Hard
Negative Mining (HNM), where a detector model iteratively mines high scoring
false positives from a set of labelled negative images. HNM improves a detector’s

performance by improving precision, retraining the model on an augmented training
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set consisting of the original training data plus the high scoring false positives.
Low scoring ‘easy’ negatives can be dropped from the training set over successive
HNM cycles, though we do not do this.

We first compare our self-supervised method to HNM, to see if we can achieve
comparable improvement without the need for labelled data. Since HNM requires
ground truth labels, we split the labelled Urban Driving January test set into
two parts, with 70% allocated for training and 30% for testing. Figure
shows the six training iterations performed for each method and the raw detector
performance without scene filtering.

While the classifier performs well on the training set, we see that the baseline
detector performance in Figure [2.10] using this classifier is poor. A large part of
this is due to the negative training set not being sufficiently representative of the
background class in our test data. Sliding window detectors present tens of thousands
of windows to the classifier per image, with the majority being negative. In effect,
the training set is not representative of the test data. This issue is well known in
object detection and is typically addressed through Hard Negative Mining (HNM).

As expected, we see a dramatic improvement in performance through successive
HNM training cycles. We also see that self-supervised data mining using EBC
yields similar performance to HNM. This demonstrates that using scene context
is a useful practical alternative to using manually labelled data when training

an object detector.

2.4.2 Fitting to Seasons

Changes in image appearance can drastically affect the performance of computer
vision algorithms, and addressing this has been heavily researched in robotics, with a
particular focus on visual localisation [16} |76, 77]. We expect the appearance change
due to seasonal effects to impact an object detector’s performance accordingly.
We therefore seek to investigate whether object detector models fitted to a given

operating route are able to capture this seasonal variation.



36 2.4. Self-Supervised Data Mining

—— Baseline
HNM Cycle 1
HNM Cycle 2
HNM Cycle 3

—— HNM Cycle 4

——HNM Cycle 5

—— HNM Cycle 6

0.9

0.8

0.7

0.6

0.5r

Precision

0.4r

0.3

0.2

0.1

N i

0 0.2 0.4 0.6 0.8 1
Recall

(a) Hard Negative Mining (using ground truth).

—— Baseline
0.9 EBC Cycle 1
EBC Cycle 2
0.8 EBC Cycle 3
——EBC Cycle 4
0.7 ——EBC Cycle 5
—— EBC Cycle 6
: L
s
7]
-6 0_5,
(1)
S
o 04r
0.3
0.2
0.1
0 r\\ ‘
0 0.2 0.4 0.6 0.8 1

"Recall
(b) Self-supervised data mining (using spatial heuristics).

Figure 2.10: Precision-Recall curves comparing HNM to EBC training on a segment
of the Urban Driving January dataset. There is a dramatic improvement after the first
iteration, and similar performance from both approaches. This demonstrates the value of
environment-specific tuning and that EBC is a practical alternative to HNM.



2. Ezperience-Based Classification 37

We use the same detector as earlier in Section [2.4] using the scene filter to
mine data from a common urban driving route. The unlabelled training data is
organised into two seasonal categories: January (Winter) and May (Spring) in
Table 2.2l Each training category consists of four repeats of the same driving
route, and we perform four passes of self-supervised training on each seasonal
category. We evaluate the performance of this detector after each training cycle

on the labelled training dataset from January.

Urban Driving January Urban Driving May
Average per Total Total Average per Total Total
training cycle | training | testing | training cycle | training | testing

Kilometers 2.11 8.45 1.99 1.35 5.40 -
Images 9651 38605 9155 5680 22720 -
Minutes 8.05 32.2 7.63 4.73 18.9 -

Table 2.2: A summary of the North Ozford route datasets used for fitting detector models
to seasons. We use one fully annotated North Oxford January dataset for evaluation.

Figure [2.11] shows the detector performance as training progresses. We see a
large performance gain which is common to both training datasets, indicating that
there is some shared task or route bias to the data which is mutually captured.

We see a further boost in performance when training on unlabelled data from
the same season as the test dataset. This demonstrates that we can indeed increase

an object detector’s performance by capturing seasonal effects on image appearance.

2.5 Fitting Models to Different Environments

Section demonstrated the capability of self supervised data mining as a tool
for building object detectors fitted to a known environment. We also see that it is
possible to improve performance by fitting the model to unlabelled data drawn from
the same season as the test environment. However this raises further questions: can
we fit to a given route, rather than just appearance change along a route?

This section expands the work in the previous section on fitting object detectors

to an operating season, by fitting to different operating routes in addition to season.
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Figure 2.11: The average precision (area under PR curve) for EBC classifiers trained
on unlabelled seasonal data (January, May) from a common operating route, tested on
labelled data from January. This demonstrates that we can fit models to our driving
route in a self-supervised manner. We also note that there is a seasonal effect to the
performance of our detector after training. Both models have been trained on scene data
from the same route, however, the one trained on driving data from the same season as
our test dataset performs better. This implies an underlying difference in the image data
in driving this route at different times of year.

2.5.1 Methodology

We seek to evaluate the implications of an object detector learning from the
environment it experiences. We do this by taking a common baseline detector model,
then use this to train separate detectors for different classes of data, comparing
their performance on test datasets from these same classes. To do this, we put a
baseline pedestrian detector through successive training cycles on urban driving
datasets gathered from two different routes in Oxford at different times of year.
We anticipate that the detector which has learned from operating data which most
closely matches the test data (place and season) will perform the best, as the

detector becomes fitted to the operating environment.
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A single experiment consisted of the baseline detector being presented with
driving data from successive days, with a detector retraining step between each
dataset. This process follows the EBC system architecture diagram outlined earlier
in this Chapter in Figure 2.1, For a given detector model, the image data from
the single specified urban driving dataset was processed to compute detections.
The detections were then processed by the scene filter to validate or reject the
samples according to spatial heuristics. The resulting negative samples were then
sampled (taking the top 10 false positives from a random frame in every second of
time), aggregated with prior rejected negative data samples, then used to retrain
the detector along with the original training data. The negative data were weighted
to ensure the class balance from the original training data was maintained.

Each experimental run was evaluated against a manually labelled test dataset
which shared the same location and environmental conditions as one of the train-
ing categories.

For all experiments in this section we use the object detector in [2.3.1] but with
ACF features rather than HOG (as in the previous section). ACF has demonstrably
better performance than HOG for object detection [33]. We train the linear SVM
classifier using ACF features from the INRIA pedestrian dataset [47], selecting
the SVM optimisation parameter C as 275 through ten fold cross validation. This
parameter selection through cross validation aims to ensure the model generalises
across the training data. We also perform hard negative mining on the INRIA
negative image set, maintaining class balance by weighting the positive and negative
classes as in Section [2.3.3] This improved feature set and hard negative mining
provides a much stronger baseline classifier than the starting model in Section [2.4.2]
one we would reasonably expect to use as-is in a pedestrian detector.

To show the impact of environmental variation and to evaluate our self-supervised
learning approach, we used twelve different urban driving training datasets gathered
with a Bumblebee2 stereo camera mounted on our Wildcat vehicle (Figure
driving around Oxford. These unlabelled datasets were gathered from two different

routes from successive outings at different times of year. We allocated these datasets
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Figure 2.12: The Wildcat vehicle (a) used to gather the image data, and a map (b)
depicting the routes for our datasets, where we gathered images in January, May, and
August. The difference in time of year provided seasonal variation, which affects the
visual appearance of the scene. The two North Oxford routes, illustrated in blue, provided
variation in season, and the Central Oxford route, depicted in red, provided a difference
in location.

to three categories based on the route and time of year (season), with 4 training
datasets per category. These categories are referred to in this section as North
Ozxford January, North Oxford May, and Central Ozford August. A map of the
routes is provided in Figure 2.12B with no overlap between the North Oxford
and Central Oxford routes. For all datasets, we used only the left stereo image
with a capture rate of 20Hz.

For evaluation, we used an additional manually labelled test dataset from the
North Oxford January category. This provided a total of 40km of unlabelled training

data and 2km of labelled test data. The datasets are summarised in Table 2.3l

2.5.2 Results

We trained three different detectors from the same starting base detector, one per
category. These detectors are referred to by their category name: North Oxford
January and North Ozford May, and Central Ozford August. Each detector was
evaluated against a separate test dataset also derived from the North Oxford

route during January.
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Route Metric Train 1 | Train 2 | Train 3 | Train 4 | Train | Test
Total

North | Distance (km) 2.60 2.01 1.92 1.92 8.45 | 1.99
Oxford | Image frames 12782 9436 8172 8215 | 38605 | 9154

January | Time (min) 10.7 7.86 6.81 6.84 32.2 | 7.63
North | Distance (km) 1.43 1.95 1.01 1.01 5.40 -
Oxford | Image frames 6066 8676 4001 3977 | 22720 -

May | Time (min) 506 | 723|333 331 189 -

Central | Distance (km) 6.91 6.79 6.68 6.56 | 26.94 -
Oxford | Image frames 36472 | 27720 | 27607 | 23463 | 115262 -
August Time (min) 30.4 23.1 23.0 19.6 96.1 -

Table 2.3: A summary of the datasets used for training and evaluation. We use 4 runs
through each operating environment for training. Two the operating environments are
driving the same route at different times of year, whereas the third is a different route
entirely.

Performance Gains Using Experience-Based Detectors

Firstly, the results in Figure [2.13]| show that we are able to improve the perceptual
performance of a detector by training it on data gathered from the environment it
operates in. However place is clearly important in Figure [2.14 We see that both
detectors trained in the same place (North Oxford) improve notably in performance,
whereas the detector trained in a different place (Central Oxford) does not.
Secondly, the same figure shows that there is a seasonal effect in addition to
the spatial similarities. There are clear perceptual differences between the two
North Oxford seasons, and a detector trained on a driving route in January has
improved performance when operating in January compared to a detector which

learned from the same driving route in May.

Failure Cases: Learning the Global Environment

These results support our argument for experience-specific classifiers. However,
while it is clear that a detector trained for its operating environment is better than
the general baseline detector, this raises questions around the necessary spatial and
temporal resolution for these experiences in robot perception.

To confirm the value of experience-specific classifiers, we also investigated the

effects of simply amalgamating all the training data into one classifier, with all
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Figure 2.13: The precision-recall (a) and miss rate-false positives per image (b)
performance of the detector during self-supervised learning while driving the North
Oxford route in January, tested an additional labelled dataset from the same route and
season. The PR curve performance increases with the first three training routes, moving
to the top right corner of the graph and converging by the fourth repetition of the same
operating route. The same trend is visible in the MR-FPPI graph with the curves moving
to the lower left corner.

twelve datasets processed in temporal order (January through August). The results
in Figure show that the global detector’s performance is significantly worse
compared to the detector trained solely on data from the same place and season
as the evaluation data, with performance degrading substantially as dissimilar
data are observed and learned.

This result adds further weight to the argument for training place dependent
classifiers, and emphasises the need for research into what defines a ‘place’. Our
trials considered a small set of possible places and conditions, and it is likely that
experiences in robot perception will be influenced by more than simply season and
route. These factors could include weather, lighting, and additional environmental

changes such as traffic.

Experience-based Detectors and Scene Filtering

Finally, we note that we have only focussed on the raw detector performance in our
experimental trials, rather than the detector and scene filter as a whole. Since the

scene filter is already incorporated into the EBC framework, we can also validate
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Figure 2.14: Aggregate detection performance metrics for three detectors trained using
EBC, evaluated on the North Oxford January test dataset. Learning from operating on
the same route (North Oxford) improves performance over the baseline detector, with
the detector shown data from the same season as the evaluation set performing the best
(January). The detector which learned from operation on a different route and time of
year (Central Oxford August) does not improve performance.
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Figure 2.15: The average precision (obtained by computing the area under a PR curve)
for a detector trained using EBC on all datasets (both routes), evaluated on the North
Oxford January test dataset. The detector shows a performance improvement with
January data, but drops as it incorporates data from dissimilar environments, changing
seasons to May, then changing route and season to August.
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our detections while running online if a 3D scene prior and localisation information
are available. The performance increase from the scene filter on the detector’s
output decreases over successive training cycles, with a large initial improvement
tapering off to a very small difference by the end of our trials in Figure [2.16] The
small difference at the end may be attributed to the fact that the SVM+ACF
model is sufficiently expressive to cover what the scene filter is able to invalidate. A
more comprehensive scene filter will be needed to further improve the filter results,

potentially including computationally expensive offline processing.

Detector Model Average | Log-Average | Maximum
Precision Miss Rate F1 Score
Baseline 0.360 0.573 0.414
Filtered Baseline 0.600 0.383 0.592
Experience-based 0.491 0.486 0.493
Filtered Experience-based 0.485 0.499 0.485

Table 2.4: Aggregate performance metrics for the base and experience-based detector
models in Figure including the validated output from the scene filter.

2.6 Conclusions

Though general object detection remains the ultimate goal, applications in robotics
tend to be constrained to particular operating environments. We can exploit this
fact to obtain practical systems which excel in a specific application domain. This is
a major step towards reliable performance for real-world safety-critical systems. In
particular, we make use of scene context to validate detections, and feed the rejected
samples back to retrain the detector. This augmentation to the standard perception
pipeline provides self-supervised environment-dependent improvement over the
lifetime of the system. We call this process Experience-Based Classification (EBC).

Using urban driving data, we demonstrate that EBC provides a means to improve
a general baseline object detector beyond what conventional negative data mining
on a training dataset achieves. This suggests great utility in training experience-
specific classifiers, potentially leading to life-long learning in robot perception

without the need for human assistance. Perceptual systems benefit from being
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Figure 2.16: Performance increase provided by the scene filter (referred to as ‘validating’
a classifier) when applied to both the base classifier and the final EBC detector on the
North Oxford January test dataset. The invalidated data from the scene filter facilitates

learning from the environment. Table outlines the aggregate performance metrics for
these plots.



2. Experience-Based Classification 47

trained to suit the local environment and their performance varies as the robot
experiences different environments.

Our experimental results show that environment-specific tuning provides benefits
in performance at the cost of generality, but the results raise a number of research
questions, primarily around what defines a robot’s perceptual experience.

While we manually divided the datasets here (based on known seasons and
routes), we require an automated method to determine when to train new classifiers.
This could be achieved through localisation, with a new detector model for every
small map segment or GPS location.

However a purely spatial approach would not accommodate normal variation
in weather, lighting, and seasons. We believe that this could be accommodated
by using experience-based visual localisation (rather than simply GPS), where
we rely on the localisation system to maintain multiple representations of the
same spatial location under appearance change. An alternative approach could fit
models purely based on image appearance, relying on image similarity measure
or clustering to group similar data.

The granularity of the experience we fit a model to is also likely to be a major
influence on performance: we saw in these results that fitting a model to every
operating condition degrades performance. Should we therefore go as far as possible
to the other extreme, fitting models to as little as a single image? Other issues which
we need to be aware of are semantic drift (the potential for the target class to shift
as more data are mined, minimised here by only fitting to the background class),
and the limits of model capacity (likely to be coupled with model granularity).

We continue this line of investigation in Chapter [3] looking at what should
define the ‘place’ we fit detector models to, comparing models created via spatial

proximity and image appearance.
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3.1 Introduction

Place matters in robotics. Mobile robots frequently traverse the same operating
environment over and over, such as an autonomous car performing the same
weekday commute, or an autonomous forklift moving goods around the same
warehouse. In object detection for robotics, we care about achieving the best
possible performance on the data the robot observes in its operating environment.
We propose that relaxing the need for detector generalisation in favour of fitting
to the environment the robot experiences leads to better perception performance
using a computationally simpler detector.

Our initial work in this area (Chapter [2)) demonstrated that it is possible to fit
a detector model to a given operating environment, biasing the detector to favour a
mobile robot’s route and the season [78]. Similar ideas have motivated other work
in object detection [79], terrain assessment [80], and visual localisation 21} |81].
However, these results also indicated that simply learning a ‘global’ model from
multiple routes does not offer this boost to detection performance.

A key question in considering environment specific models is therefore: what
defines the ‘place’ we fit if we want to improve a perception system’s performance?

This chapter investigates the effect of ‘place’ granularity or resolution on
performance, seeking to understand the key factors linked to model performance
as this resolution changes.

Some of the variability in object detector performance will be spatially dependent,
with the general scene structure and image texture remaining the same between
images taken in the same location.

In addition, we have many temporal sources of environmental variation which
will affect image appearance, and therefore detector performance. This variation
includes appearance change from seasonal change (summer to autumn), lighting
change (day to dusk), and other dynamic objects operating in the same environment.

We also expect the defined operating environment for a local expert detector to
play a large part in determining detector performance. The smaller the model’s

defined environment the more specialised the model will be, meaning that we can
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achieve class separability with limited model capacity. Conversely, if we fit a model
to a large category of environmental data, we will likely have to ensure the model
generalises somewhat (as in the approach in Chapter [2)).

Our goal here is to maximise the performance of a predetermined perception
system within the constraints of a robot’s operating environment.

Our results demonstrate that overcoming limited model capacity (the ability of a
classifier to separate the data classes) is the key benefit of using local expert detectors,
enabling a lightweight detector to achieve a substantial performance increase over
our baseline pedestrian detector. We are able to do this by limiting the variability of
the background (negative) class to local regions of the robot’s operational envelope.

To conclude the chapter, we show that the approach derived from constrained
experiments can be extended to operate on unlabelled data, using a visual lo-
calisation against a topometric map and scene segmentation as a supervisory

signal in training models.

Outline

This chapter is structured in two parts. Firstly we seek to find the upper bound
of what we can achieve with bespoke environmental detector models in an ideal,
best-case scenario in which we have ground truth labels and the test and training
data are taken from consecutive laps of the same route. These constraints ensure
that we minimise performance variation due to appearance change (with test and
training data derived from the route and time), and we maximise the ability of
the detector to fit the exact background class for the operating environment (with
ground truth labels). In doing so we strongly overfit the model to the constrained
environment to maximise the potential performance.

We expect data taken from the same spatial location and time to have similar
structure, enabling us to construct bespoke detector models on sequential images.
Section |3.3| considers a scenario using this strict spatiotemporal definition of a place.

We use an ensemble approach for building bespoke place dependent models based
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on nearest neighbour methods, creating models based on the nearest frames to each
mapping frame, and retrieving these models at run time using localisation.

However, we also expect structure in imagery based on appearance, not just the
spatial location. Section [3.4] extends this bespoke model methodology to use the
nearest neighbouring frames based on image appearance rather than spatial location.

Our results demonstrate that circumventing limited model capacity is the key
benefit of using bespoke place dependent detector models, enabling a lightweight,
fast detector to achieve a substantial performance increase over our reference
baseline, brining the performance of this lightweight model in line with a much
more complex neural network detector. We are able to do this because we are
limiting the variability of the background set (or negative class) to data from
the robot’s operational envelope.

The second half of this chapter (Section takes the best approach in the ideal
scenario and builds on this with a self-supervised local expert detector system.

This system couples object detection with visual localisation, where each key
frame in an experience-based visual map has an associated object detector model.
The detector models are constructed using the approach from the first part of this
chapter, using self-supervised scene filtering to build a model for a sequence of
unlabelled images centred around the map key frame.

We see a healthy improvement in detector performance using this system,
surpassing a generic base detector model. As the system is self-supervised, this
boost in performance is not as large as the one we achieved in the first half of
this chapter, when using ground-truth object annotations. Analysis of the detector
models indicates the models fit the background class better than a generic model,
demonstrated by the local expert models’ errors on other dynamic objects in the

scene rather than the static background.

3.2 Background

Pedestrian detection has an extensive body of literature. Much of this work can

be summarised as focussing on the development of progressively better engineered
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features 33| |82], different classifiers [66], deformable parts models [83], or adding
additional data or context |49 50, (84} [85].

Recent developments in deep learning in the broader computer vision community
have lead to convolutional neural networks being applied to the problem [29,
31, 86]. These approaches are now achieving state-of-the-art performance but
tend to be slower at run-time, which makes these ill-suited for use in resource
constrained robotic applications.

Zhang et al. [36] presented a comprehensive failure analysis of state-of-the-art
pedestrian detectors on the Caltech pedestrian dataset [33]. They hypothesised
that many of the false negatives (i.e., cases where the detector fails to detect a
pedestrian even though the pedestrian is large enough in the image) are due to
dataset bias in training, which can be solved by augmenting the training dataset.
Their analysis of common sources of false positives highlighted two categories of
error: localisation errors where the false detection overlaps with a ground truth
bounding box, and background errors where there is zero overlap with ground
truth. These background errors were the most common error type, spuriously
detecting parts of the background as pedestrians.

In the previous chapter |78] we focussed on addressing these background errors
in object detection by applying the concept of robot ‘experiences’ from localisation
and navigation |20, [87-89] to object detection. In an experience-based approach we
accept that the world has many different forms of appearance and fit local experts
to suit each experience. For perception tasks such as object detection, this means
training our detector model to suit the class of data (e.g., season, spatial location)
the robot currently experiences. We exploited the fact that mobile robots tend to
be constrained to a particular operating environment to boost test performance
by fitting models to data captured at a similar time of the year for the same
traversed route. Notably, this experience-based detector outperformed a global
model which has been trained on data across multiple experiences, highlighting

the importance of defining the environment to fit to.
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Geospatial bias in imagery has been highlighted by Doersch et al. [44], who
showed that it is possible to automatically find distinctive visual elements for a
certain geo-spatial area, comparing data between major cities (for example, Paris
and London) and data between districts of a city (Paris). We also know that dataset
bias [39] is an influence on the performance of our object detectors, with the training
data used being a systematic factor influencing performance across different test
datasets [61]. This data bias, however, provides a potential tool to be exploited.

Malisiewicz et al. addressed bias in intra-class variability (such as different
types of buses) in general purpose image recognition with Exemplar SVMs [90],
an ensemble approach which uses a nearest neighbour method to train a unique
model for each positive training datum, fitted to a single positive sample and
many thousands of negatives.

Various approaches have been taken to leverage data bias to form scene specific
classifiers, largely motivated by visual surveillance tasks. Hattori et al. took the
concept of scene specific classifiers to one extreme, training a unique detector model
for a specific image location in a static scene using synthetic data [91]. Wang et
al. used a transfer learning framework to adjust a generic pedestrian detector to a
scene specific detector [92]. They used visual cues to generate scene specific data
in a self-supervised manner, weighting training data samples based on similarity
to the observed test data using an affinity graph.

In the domain of mobile robotics, Suzuo et al. divided a driven route into
a fixed number of scenes using visual bag-of-words, then trained models using
negative data gathered from each scene [93]. Bewley and Upcroft presented similar
evidence for the need to adapt object detectors to their operating environment in
[94], augmenting a generalised object detector by validating each detection against
a background model trained on environment specific data.

Berczi et al. [80] created bespoke terrain assessment classifier models for finite
patches of a route driven with visual teach and repeat. These models detect when
the path in front of a mobile robot has changed from the initial teach pass and

previous repeat runs. They demonstrated a marked performance improvement over
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place independent methods, comparing their bespoke place dependent models to a
place independent learned classifier and a traditional heuristic based method.
Similarly, McManus et al. [81] and Linegar et al. [21] both proposed using
distinct scene specific patches to weakly localise across large appearance change.
These methods all have similar motivation: solving a simpler problem than
a generic model which works well everywhere. However, why do these work so
well?  Why can’t we simply use a generic model? Here we present evidence
for why bespoke, place dependent models work well for solving these sorts of
problems in robotics, and offer insight into how we should approach the construction

of bespoke expert detectors.

3.3 Bespoke Local Expert Detectors

We evaluate how to build bespoke place dependent models by firstly adopting a
fine-grained, strict spatiotemporal definition of a place, where we construct a place
dependent model for every single frame in a known route. We then immediately
repeat the route, localise each image to our mapping run, then retrieve and apply
the detector model associated with the localised map frame.

This is the best possible scenario we could hope for when fitting models to
similar data. By using a strict spatiotemporal prior we are able to control most
sources of variation in scene content (as the images are from the same spatial
location) and appearance (as the images are from effectively the same time). In
addition, we use a very fine grained approach, associating a model with every
frame, rather than select key frames.

In practice, this will form the upper bound of what we could hope a place
dependent method to achieve with this model (classifier and feature type), though
we expect to be able to get close to this using experience-based visual localisation
[20] with models associated with mapping key frames.

This approach is very efficient at mapping scales we operate at today: simply
retrieving a small detector model (approximately 10kB) from a database indexed

by a key-frame identifier. However, this approach will unnecessarily duplicate
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Model Index Frame

Training on neighbouring frames

Map frames

—O—0O-O—

Live images

Figure 3.1: We can use the knowledge of where our robot is to improve object detection
performance using a local expert model fitted to that specific place. Using lightweight,
fast detector models with limited model capacity we can boost performance beyond
more computationally complex state-of-the-art detectors. We achieve this by limiting
the variability of the negative (background) class our model is trained on, mitigating the
model capacity limits of these lightweight detector models.

models where they may not strictly be required, and potentially suffer from scale
as the map sizes increase. We seek to address this limitation later in Chapter
though learning, though there may be other possible approaches for managing

model growth and duplication.

3.3.1 Methodology

We select an urban driving dataset consisting of two consecutive loops of the
same route in the Oxford driving dataset [95]. This dataset is the same one used
for evaluation in Chapter [2| referred to as North Ozford January. Fach loop is
approximately 1km in length and we have fully annotated this with pedestrian labels.

For each image (or model index frame) in this dataset, we fit a model to the closest
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N images in time to the model index frame (including the index frame), illustrated
in Figure 3.1} At run time, we localise each image to the alternate lap and retrieve

that model, using the models built on the second lap during the first and vice versa.

3.3.2 Object Detector and Training

The object detector here is the same as in Chapter [2} a lightweight sliding window
implementation using Aggregate Channel Features (ACF) on LUV images [33], with
a linear Support Vector Machine (SVM) as the primary classifier. We refer to this
detector as SVM+ACEF. This is a general purpose object detector which is extremely
lightweight, able to run at frame rate on general purpose hardware. Variations on
sliding window detectors using the ACF feature type have been used for detection
tasks such as traffic lights [64] and road signs [65] in addition to the original purpose
of pedestrian detection. Further details on this are in Chapter [2.3.1]

We fit detector models to the nearest N frames in time by performing hard
negative mining (HNM) against our ground truth labels until convergence (or a
maximum number of 20 iterations), using the INRIA pedestrian dataset [47] for
positive samples and an initial seed negative set. Unlike earlier in Chapter [2] here we
heavily penalise misclassification of training data by setting the SVM optimization
parameter to a very large number (C = 100), forcing the model to strongly fit to
the training data presented. The training data is weighted based on the number

of samples to ensure class balance, as in Chapter [2.3.3]

3.3.3 Results

To assess the merits of a precise spatiotemporal definition of a place, we compare
our place-fitted detector to a generic model for our pedestrian detector trained
only on a canonical dataset. This generic model is trained on the same initial
training data as the place dependent models, but with HNM performed on the
INRIA negative training data rather than data from the robot’s environment. We
refer to this baseline trained on generic data as the SVM+ACF model. Table

outlines the performance metrics on our test dataset.
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Detector Model Average Log- Maximum
Precision Average F1 Score
Miss Rate
Baseline: 0.483 0.485 0.473
SVM+ACF
Baseline: FPDW 0.481 0.440 0.491
33]
Baseline: 0.588 0.371 0.579
MSCNN [31]
PD Model: N=1 0.622 0.354 0.592
PD Model: 0.689 0.292 0.651
N=10
PD Model: 0.689 0.288 0.672
N=100
PD Model: 0.450 0.564 0.521
N=1000
PD Model: 0.305 0.712 0.405
N=~4100 (full
lap)

Table 3.1: Aggregate performance metrics comparing our bespoke place dependent (PD)
detector models to a number of generic baselines, where N is the length of image sequence
used to train a model for a given frame. A higher number is better for Average Precision
and F1 Scores, whereas a lower number is better for Log-Average Miss Rate.

Benchmarks

Results from two publicly available detectors are included to provide a baseline from
which to assess potential performance gains. These are FPDW [33], and MSCNN
[31]. We use models provided by the respective authors, trained on INRIA (for
FPDW) and Caltech pedestrian datasets [33] (for MSCNN). There will be some
difference in performance attributable to different training data, particularly for the
higher capacity neural network. The influence training data has on performance is
known, but has not been extensively researched as most computer vision research
tends to be constrained to improving performance on canonical datasets due to the
difficulty in creating new datasets. INRIA has been shown to generalise well across
a diverse range of benchmark datasets [61], as fewer, diverse pedestrian data is
more useful than many samples of the same (or similar) pedestrians. Unfortunately,

as INRIA is a cropped dataset, it is only applicable to sliding window approaches
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making it unsuitable for training detectors like MSCNN. This issue around selection
of training data will always be present in robotics as our robots will inevitably
operate in a different domain than the training data. We therefore include these
benchmarks as reference points, but draw our conclusions on the performance
change with respect to the SVM+ACF reference model trained on the same data.

FPDW is very similar to our SVM+ACF generic model, using ACF features
but with a boosted decision tree classifier (AdaBoost) rather than an SVM. These
two detectors are largely equivalent in performance and speed, able to run at
camera frame rate (20Hz) for a reasonable range of scales using only a moderate
CPU. MSCNN, a multi-scale convolutional neural network detector, is currently
one of the best performing object detectors. However, it does require significant
GPU computational power and runs at approximately 2Hz on the current top-end
NVIDIA GTX graphics card. The authors state a run-time performance of 0.4s
per frame on KITTI object detection images (1242 x 375) [68]. For many robotics
applications, this level of computation (and power) is not feasible, or the application
requires a much higher frame rate. An example of this type of application is
pedestrian detection for autonomous driving, where a car travelling at highway

speeds of 100kmh™" covers nearly 30 metres per second.

Detector Performance

The bespoke place-fitted detector significantly outperforms the baseline generic
model, with an absolute twenty percentage point improvement over the reference
model of the same type (SVM+ACF). Figure shows the characteristic perfor-
mance curves for these models as the training sequence length varies.

The dotted lines on each plot are the performance of the model on the training
data, providing us with an understanding of when our problem suffers from limited
model capacity. Model capacity refers to the ability of a model to accurately fit the
data: a low capacity model being unable to separate the two classes (object and
background). This model capacity is influenced by both the features and model

used, and the environment itself. We would expect a high capacity classifier or a
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more informative feature definition to increase this. Similarly, we would expect a
more uniform environment to enable the use of a lower capacity model without
impacting detector performance.

From the results in Figure [3.2 we see that this proxy for model capacity reduces
as we increase the size of the training swathe. This logically holds: we have
fixed, finite model capacity for a given classifier and feature type, hence as we
increase the extent (variability and size) of the background class we reduce the
performance of the detector model on the training set. We discuss the relationship
between performance and training swathe size further in the subsequent section,

as it relates to model capacity.

Training Swathe Size and Model Capacity

The detection performance results in Figure highlight a clear relationship
between detection performance the size of training swathe used for each model.
We attribute this to the increase in extent (variability) of the background class
with finite model capacity.

Model capacity refers to the ability of a machine learning model to fit data.
This capacity will be dependent on the feature type, classifier type, and the data
distribution. In a binary classification scenario like this, a useful proxy for capacity
is the performance (for example, accuracy) of the classifier model on the training
set. For the generic baseline model used in this section, the accuracy on the INRIA
training set is 77%. This fact that this metric is less than 100% on the training data
indicates that the model has insufficient capacity to fully represent the classes given
the classifier and feature type. In these circumstances (when we want a generic
model) we must ensure the model generalises between the classes, by selecting
appropriate training parameters through cross validation.

Given we have finite model capacity, the variability (and thus separability) of
the two classes will affect detection performance. If we can reduce the variability
of one of the classes (the background, in this case), performance improves due to

greater separability of the smaller classes. Figure [3.3]illustrates this conceptually.
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—— Generic Model: SVM+ACF —— Generic Model: FPDW (Dollar, PAMI 2014) —— Generic Model: MSCNN (Cai, ECCV 2016) — Place fitted model (N frames) «*-= Model Capacity (N frames, same lap)
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Figure 3.2: [Continued] Performance of an ideal case place dependent detector compared to detectors using generic models. The place
fitted detector uses models fitted on a frame-by-frame basis to a sequence of N images centred on the closest matching frame from a second
lap (the solid coloured lines). The dotted line on each plot represents an proxy for the model capacity of the place fitted models, i.e., the
performance when applying models to the same index frame they were trained on. This highlights the necessary trade-off between the extent
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(variability and size) of negative class we fit to and the point at which we need the model to generalise.
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The positive class is represented by red, and the background of the two operating
environments is represented by the orange and green points. A single model
(represented by the dashed red line) is unable to separate the complete positive (red)
and negative (orange plus green) classes, making misclassification errors. When
using a unique model for each operating environment (the orange and green dashed

lines), the detection performance is boosted with fewer misclassification errors.
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Figure 3.3: This illustration outlines a simple example of where using a simpler (faster)
classifier can mean that it is impossible to separate the positive and negative class perfectly.
We can reduce the variability of the background (negative) class to boost performance by
constructing models associated with a certain place, allowing a lower capacity model to
capture the reduced negative set without misclassification errors.

From the detection performance curves in Figure [3.2] we firstly note that using
an extremely tightly fitted model (spatially, where the model is fitted to the single
closest frame) offers a good improvement, but this is outperformed by models which
are fitted to a slightly longer swathe (N = 10 — 100). There are a number of factors
which will affect this. Firstly, longer training swathes will inevitably add more
training data, which will generally help performance. In addition, these longer
swathes will also help to account for the differences in pose between the image
and the model index frame, illustrated in Figure This pose error is small
(as per Figure , but will limit the efficacy of models fitted to a single frame

due to variation in perspective and scene content.
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Map Keyframes

Localised images

(a) Localised images will not necessarily align due to differences in the mapping and
localisation trajectories. This variation makes fitting models to a single frame undesirable.
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(b) In our best-case scenario fitting models to sequences of images, we see a median
distance in pose of 0.40m between the map and localised model frames.

Figure 3.4: Variation in pose between localised images on subsequent laps will limit the
efficacy of models fitted to a single frame.
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On the other hand, using a large sequence of frames comes with a penalty. As
we are forcing the model to fit the training data firmly, we begin to see a drop
in performance due to model capacity once the negative set is sufficiently large
(dotted lines on each plot in Figure [3.2)). In this case with our classifier and feature
type, this occurs at a training swathe of between 100 and 1000 frames. Beyond
1000 frames we suffer dramatically from limited model capacity, where the linear
SVM classifier is unable to separate the positive and negative training data with no
errors and fails to generalise (illustrated in Figure . As we weight the training
data for class balance, this lack of class separability results in the hard negative
mining reaching the maximum number of cycles rather than converging.

This performance drop due to model capacity is even clearer in the global
model case, where we fit the model to the entire dataset. In this case, we only
have a model capacity plot as we train the model on every image (N = 9154).
Even though we are training the global model on the exact test data (with a high
penalty for misclassification), it is unable to separate the positive and negative

class, requiring the model to generalise.

Summary

Using a simple, lightweight pedestrian detector we are able to boost performance
using models which have a very specific notion of a place. We should avoid using
models fitted to as small a window as a single frame due to pose differences between
training and testing data, but we should also ensure that we use a somewhat narrow
definition of a place and thus a relatively small background class. In doing so,
we can fit models to this narrow background class while avoiding issues of class
separability and model capacity. For our classifier, features, and environment this

means using a sequence of around 10 — 100 frames.
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Figure 3.5: Aggregate performance metrics for place dependent detector models as a function of N, the number of frames in the spatial
sequence training swathe. The dotted line represents training performance, interpreted as a proxy for model capacity. Note that our generic
model (SVM+ACF) and FPDW score almost identically in average precision.
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3.4 Local Expert Detectors using Image Appear-
ance

Spatial location is important, but we also expect to see significant image appearance
change over time: seasons, lighting, and other moving objects. From visual
localisation literature we know that image appearance change is significant, and
has a dramatic effect on the performance of perception systems [20].

As we are attempting to boost performance by reducing the extent of the
background class our model fits to, it logically holds that we should build models on
images with similar appearance. In many cases this will have a spatial component,
as shown in Figure 3.7, However this is frequently not the case. A key example
of this is a collection of images taken while driving around a corner: these will

be dissimilar but are spatially very close (Figure [3.6)).

3.4.1 Methodology

We adopt the same experimental scenario as before in Section [3.3] where we have
two consecutive laps of an urban driving route, along with ground truth localisation
and pedestrian annotations. For every image, we localise to the closest frame in
the alternate lap, retrieving the detector model associated with the map frame and
apply it. The object detector setup and training is as per Section [3.3.2]

However, to build the detector models we now use the N nearest frames based
on image similarity metrics, rather than N nearest temporal frames. We use two
similarity measures: the /?-norm between two GIST global image descriptors [96],
and mutual information [97] between two intensity images. We selected these due
to their success in other image matching tasks: image retrieval and scene matching
with GIST [98], and image registration with mutual information [99].

Our results in Section .3 indicate that our detector model was able to fit
well for a place definition of between 10 — 100 frames, with 1000 frame detector
models suffering in performance due to model capacity (Figure . This result
agrees with the data we see in Figure [3.7] which indicates that the correlation

between image appearance and distance no longer applies beyond 100 frames at
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Figure 3.6: Images only one second apart (a-c, approximately 3 metres of travel each
step) can be substantially different by image similarity metrics (I?>-norm between GIST
descriptors) due to the perspective changing while cornering. Figure shows the
full distribution of pair-wise image similarities for this test dataset, where the similarity
between the first image in the pictured sequence (a) and the subsequent two (b,c) lie on
the 61st and 71st percentiles respectively.

the average vehicle speed. We focussed our experiments on models built using
the same number of frames as before (N = 1 — 100), starting from a single frame

and increasing by a decade at each step.

3.4.2 Results

To assess the merits of using detector models based on image similarity (rather
than spatial location), we use the same experimental methodology as in Section
using localisation to retrieve the model associated with the map frame closest
to the current image.

In Figure [3.9 and Table [3.2] we see a performance boost over the reference
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Figure 3.7: Image similarity metrics correlate with the distance travelled along the
robot’s trajectory, highlighting the spatial structure present in image data. It is this
structure which we exploit in Section [3.3] through spatiotemporal models, and in this
section (Section through models constructed using image appearance. The mean
similarity is shown by the solid line, and the filled polygons represent the 20- and maximum
extent. The red dashed lines indicate the distance travelled within N = 1,10,100 frames
during this test route at the vehicle’s average speed of 4.3 ms™!.
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baseline detectors. Using the nearest images based on GIST yields more or less

equivalent performance to the spatiotemporal models.

This logically holds: for our dataset we expect the temporally adjacent frames
to be very similar in appearance, with the exception of turning corners. Using
mutual information is less beneficial: this can boost performance slightly over a
generic detector, but less than the gains when using spatial sequences or GIST to
group the images used to create a model. This can be attributed to the efficacy
of the similarity metric, indicated by the strength of correlation between spatial
distance and image similarity. In Figure we note that the correlation between
mutual information and distance plateaus at 5 metres, unlike with GIST. The
mutual information models are also trained on data which is much further from
the source frame than GIST, demonstrated in Figure [3.8] We expect that a better
metric would be using mutual information between each colour channel rather
than the intensity image, though this is unlikely to offer any gains over a temporal

sequence or the simpler GIST comparison.

Model Average Log-Average | Maximum

Precision Miss Rate F1 Score
Baseline: SVM+ACF 0.483 0.485 0.473
Baseline: FPDW |[33] 0.481 0.440 0.491
Baseline: MSCNN [31] 0.588 0.371 0.579
PD Spatial: N=1 0.622 0.354 0.592
PD Spatial: N=10 0.689 0.292 0.651
PD Spatial: N=100 0.689 0.288 0.672
PD /? GIST: N=10 0.678 0.303 0.652
PD 12 GIST: N=100 0.689 0.300 0.666
PD Mut. Inf.: N=10 0.594 0.382 0.584
PD Mut. Inf.: N=100 0.656 0.347 0.640

Table 3.2: Aggregate performance metrics comparing our bespoke place dependent (PD)
detector models to a number of generic baselines. A higher number is better for Average
Precision and F1 Scores, lower is better for Log-Average Miss Rate. The N = 1 case is the
same for all methods as this is simply the model trained on the closest localised frame.
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Figure 3.8: These histograms show the spatial distance from each frame used during
model construction to the model’s index frame. This highlights the differences in models’
training data when using different image similarity metrics. When using the nearest
spatial frames, a 100 frame model will on average have been trained on data up to 22
metres from the index frame (Figure. When using both GIST and mutual information

this can be up to 400 metres.
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Figure 3.9: Aggregate performance metrics for fitting models to the nearest N frames based on image similarity metrics and spatiotemporal
sequences. We can improve over the generic baseline model, with similar performance when using detector models created by grouping
images by the /2-norm between GIST descriptors and spatial sequences. Note that our generic model (SVM+ACF) and FPDW score almost
identically in average precision, and the dotted lines represent performance on the training data as a proxy for model capacity.
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3.5 Local Expert Detection Discussion

In robotics we have the opportunity to exploit knowledge of the world around our
robot to improve performance of vision systems. Here we demonstrate how prior
knowledge about what a robot will see (by repeated operation along the same route)
can be used to boost performance beyond what a more complex state-of-the-art
object detector can achieve. However, defining the place of operation is not trivial
for mobile robots. We present an assessment of approaches to building bespoke
place dependent detector models, investigating which factors influence performance.

Our results indicate that we can heavily leverage a strong spatiotemporal prior,
tightly fitting models to a narrow window of operation. Relaxing the need for
generality aids performance in bespoke place-fitted methods as we can ensure our
models fit a smaller negative background class, hence avoiding the trade-off between
model capacity and generalisation. When using appearance to build models, we are
able to achieve effectively the same performance on groups of similar images.

From a practical view, we suggest using local expert detector models built
using spatial sequences of images. Localisation provides a useful proxy for image
appearance, and as roboticists we have relatively robust, well developed methods
for localisation. We did not observe any significant improvement in using image
appearance metrics directly, hence we prefer the simpler approach with no further
computation required.

We see significant potential for this approach to be coupled to experience-based
visual localisation systems |20} 87-89], using their ability to localise to many parallel
‘experiences’ of the same location. These bespoke detector models are very sensitive
to the data they are applied to at test time: if the scene content changes substantially
from the environment they were trained on, it is likely that the detector would
generate false positive errors due to the change in background class. This brittleness
could be addressed by using models constructed from appearance rather than
spatiotemporal sequences, or more simply by using the ability of experience-based
localisation to localise across different appearances of the same place, with detector

models associated with each experience of the same spatial location.
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3.5.1 Higher Capacity Local Expert Detectors

In order to validate the influence of model capacity when using local expert detectors,
we repeat the experiments in [3.3] using a higher capacity pedestrian detector. The
method and data are as per Section training a model on ground-truth labelled
data from a given driving route and evaluating the model on a second instance
of that same driving route. For this experiment we selected MSCNN [31], a high
capacity convolutional neural network detector considered state-of-the-art. The
initial MSCNN model was trained on the Caltech dataset [62], provided by the
authors. MSCNN has a two-stage training procedure. The first phase randomly
samples negative patches from the training images, whereas the second performs
hard negative mining (HNM). This is split as the authors state that the model can
fail to converge if HNM is performed from the outset. To construct a local expert
detector using MSCNN we repeat the second phase of training using data from
the robot’s operating route (i.e., the same route as the test dataset).

Figure[3.10]shows the performance improvement of the baseline MSCNN detector
once fitted to the local operating route, showing a substantial increase fitting to
data derived from the full driving route. This detector demonstrates the ability to
fit to the entire driving route without loss of performance, unlike the much lower
capacity SVM detector (which as 3K parameters compared to MSCNN’s 300M).

Adapting a neural network to a different target domain is referred to as ‘fine-
tuning’ a model |100]. For example, when taking a model trained for a task on
one dataset and applying it to the same task on a different dataset, we may ‘fine-
tune’ the model to improve performance by training it on a training subset of
this second dataset.

Creating local expert models is fundamentally this same process: creating a
detector model fitted to operation in a given target domain. Here, the target

domain is the robot’s operating environment.
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3.6 EBC Deployment: A Local Expert Detection
System

The preceding sections of this chapter showed that we can leverage localisation
knowledge to improve detection performance, circumventing limited model capacity
by using bespoke models for the operating environment. This approach mitigates
the impact of model capacity by fitting to a smaller background (negative) set
with less variability.

The experiments in Section and sought to identify the upper bound
for expected performance, with many variables being constrained to ensure near
optimal results. These used ground truth labels, and the training data differed from
the test data by less than five minutes in time on the same driving route. In reality
we cannot expect to have all these factors working in our favour.

We want to move from an idealised scenario where these variables are controlled
to a deployable, self supervised system, coupling place dependent detector models
to a experienced-based visual localisation system.

Experience-based visual localisation systems such as |20, 21, |88|, 89] construct
locally consistent topometric maps, where geometric transforms are defined between
key frames in a map graph. These systems create new vertices in the graph if
they cannot localise to the existing map, joining back to the original graph when
successful localised. This approach has the benefit of being able to handle multiple
parallel experiences of the same spatial location, accommodating changes in image
appearance which would otherwise degrade localisation performance.

We integrate the object detector outlined in Chapter with the visual
localisation system in [21]. This section outlines the system structure, and presents

results on the earlier scenario in Section using this self-supervised approach.

3.6.1 System Outline

Our local expert object detector tightly couples object detection to a visual

localisation system [21], illustrated in the diagram in Figure [3.11]
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This visual localisation system has a topometric map, structured as a graph
where each vertex is a key frame. Each edge between two vertices has an associated
geometric transform, relating the pose of the two adjacent key frames. The map
is implemented as a database using the general purpose database interface in
[101], with a common software interface for both PostgreSQL or SQLite database
backends. SQLite is used for performance reasons.

We extend this topometric map using this same database interface as this
allows arbitrary data structures to be associated with vertices and edges in a
graph. For practical reasons associated with read-write permissions, the object
detector model database is structured as a clone of the SQLite map, rather than
additional entries in the same database.

Each key frame (vertex in the map graph) has a model associated with it. The
creation of these models is important, and is discussed later in Section [3.6.2]

When processing an image at runtime, the expert detector accepts localisation
information from the localisation system running simultaneously. This provides
a reference to a key frame in the map. The detector queries the model database
for this key frame identifier and retrieves the model for this locale, applying it to
the current frame using the multi-scale sliding window detector from Section [2.3.1]
In the event that localisation fails (or the key frame has no associated model),

the detector defaults to a generic model.

3.6.2 Model Initialisation

Model initialisation is a purely offline process, constructing local expert object detec-
tor models suited to the robot’s operating environment in a self-supervised manner.

We adopt a similar approach as before when creating local expert models;
the key difference here is that we do not have ground truth labels. We saw in
Section [3.3] that using models fitted to image sequences of 10-100 frames offered the
greatest performance boost, alleviating issues of model capacity while minimising

misclassifying the background class.
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Figure 3.11: The Local Expert Detector System Architecture. A standard object
detector as in Chapter [2.3.1]is tightly coupled with a visual localisation system. Each
image is localised, and the model associated with the localised key frame is retrieved
from the database and applied to the input image. In the event that localisation fails, the
system defaults to a generic object detection model rather than a local expert.

The model initialisation therefore uses the same approach, fitting detector models
to a sequence of 80 images centred on the map key frame. This corresponds to
a four second collection of images at a camera frame rate of 20 Hz. Each model
is created using a cropped training dataset for the desired class, training on the
positive samples and a small seed negative set. For a pedestrian detector, we use
the INRIA pedestrian dataset [47], with 2416 positive samples and 10 negative
samples randomly drawn from the each negative image. This seed set of negatives
increases the speed of model training as it reduces the number of negative mining
iterations required before convergence.

We then perform experience-based classification (the self-supervised hard neg-
ative mining method from Chapter [2)) using a scene filter to select high scoring
negative samples to augment the training dataset. The model is then retrained
using the augmented training data. This method is very similar to Chapter
with the key difference here being the way we manage data from the negative

class. The training process runs to a maximum of 20 iterations, or until 3 passes
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of training occur with no further negative data mined from the training image
set (i.e., convergence). Typically, we found that the models train in eight to ten
passes of training for a sequence of 80 frames.

This process is heavily parallelised, as the model for each map frame can be
generated independently of the key frames. This is implemented as multithreaded
application with a variable sized pool of worker threads, able to scale with the
computational resources available. On a 16 core server, the map used in the
experiments later in this chapter will be fully processed overnight, generating a
model for each of the 1818 map key-frames. This process runs offline, hence this

level of pre-processed computational time is not prohibitive.

3.6.3 Extending the Scene Filter: Robot Dreaming

Earlier in Section [2.3.2] we performed model initialisation using the scene filter
based solely on spatial heuristics. However, this earlier work started with a baseline
negative training dataset (usually derived through HNM), whereas this approach
here relies on a very targeted negative training dataset derived solely from the
operating environment.

Spatial heuristics alone are unable to filter out false positives of plausible size
for the desired object class. This means that the model initialisation process
will run to convergence on the map image data, yet will generate many false
positives on the original training images as the model has not captured the full
extent of the background class for those images. An example of this could be
a pedestrian detector which returns a positive detection on a postbox: this is
approximately the right scale as a potential pedestrian, thus we cannot discount
this through simple heuristics alone. We need additional information to aid this
process beyond geometric plausibility.

Model initialisation is an important process, but one which does not generally
need to performed online or in real time. This opens up new possibilities for our

mobile robots to generate models when idle, for example, when an autonomous
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car is parked up overnight with spare time and computational resources. We refer
to this offline model generation approach as robot dreaming.

As this model initialisation is performed when the robot is idle, we can utilise
computationally expensive algorithms. We need a method for self-supervised data
mining of image data, one which which can augment the simple spatial heuristics.

We opted to use image segmentation as a supervisory signal for the filter. We
selected Full Resolution Residual Network (FRRN) segmentation [102], the best
performing image segmentation algorithm on the Cityscapes segmentation dataset
[103] at the time of writing. This is implemented in Python with Theano, and
requires a high performance NVIDIA GTX Titan graphics processor to run. The per-
frame computation time is in the order of seconds; too slow for mobile robot operation
in real-time but perfectly adequate when the robot is idle, post-processing prior data.

FRRN generates a segmented image, where each pixel is allocated one of thirty
discrete classes defined in the Cityscapes dataset. These classes include a variety
static objects (fence, sidewalk, road, etc) and dynamic classes (pedestrian, car,
truck, bus, etc.). For our work on pedestrian detection we consider the person and
rider (cyclist) classes, as this matches the cropped INRIA training data.

We add a third scene filter criteria to the geometric filters in Section [2.3.2]
This filter looks at the fraction of the candidate detection segmented as the
desired object class.

We first get the cropped patch S(d) from the segmented image S defined by
the candidate detection d = [x1 Y1 X2 yg]. This patch is of size u, X v, where
U, = X2 — X1, v = y2 — y1. We then define the set of classes we are interested in, C.
The filter is controlled by a threshold parameter y € [0,1]: if less than this fraction of

area of the detection belongs to the classes in C, we reject the candidate detection.

Apatch = UpVp (3 1)

Aclass = Zp: Zp: (S(d)uy € C) (32)

v=1u=1

0 if Aclass/Apatch <vy

| (3.3)
1 if Aclass/Apatch = Y

fsegmentation = {
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The image segmentation filter performance will vary depending on the choice
of v. Figure [3.13| shows this performance on candidate detections generated by
the generic SVM+ACF detector model from [3.3.2] on the labelled North Ozford
January dataset. If we were able to run this filter live for real-time operation, we
might choose the knee of the curve in Figure maximising the filter efficacy.

However, we want the filter to be as conservative as possible as we are it as the
supervisor signal for negative data mining. We set y = 0.0, meaning that if even
one detection window is segmented as one of the object classes we are interested
in, it is accepted as valid by the filter. This parameter selection incorrectly filters
6% of true positives for correctly filtering 64% of the false positives. Qualitatively,
the filtered true positives are commonly in images with motion blur, or where
the target object is small in size.

We combine this filter with the previous two in Section [2.3.2] requiring a
candidate detection d to pass all three filters before being considered a valid
detection. In practice this is implemented sequentially: we only compute the
image segmentation filter results on candidate detections which have passed the

two preceding filters.

fscene (d) = fhorizon (d) A fscale(d) A fsegmentation (d) (34)

Combined, this multi-stage filter offers sufficiently high performance to be used
as a self-supervisory training signal for object detector models.

To compare the performance of various filter stages we compare a number of
metrics, each based on the assignment of positive and negative labels to the

candidate detections.

1. True Positive Rate (TPR, or recall), TPR = TPZ%

2. True Negative Rate (TNR, or specificity), TNR = %

.. . . _ TP
3. Precision, Precision = 7575

4. False Negative Rate (FNR, or Miss Rate), FNR = #JIFVTP



82 3.6. EBC Deployment: A Local Expert Detection System

Filter: Spatial Heuristics
G i e

Filter: Image Segmentation Filter: Heuristics+Segmentation

—— (Ground truth = False Pos. - Accepted

True Positive ——— [alse Pos. - Rejected

Figure 3.12: Further scene filtering using offline image segmentation. This provides
complementary information about patches mined from the scene, enabling us to filter
patches which pass geometric checks.
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Figure 3.13: Image segmentation filter performance for a pedestrian detector model
run on the labelled North Ozford January dataset. Detections are filtered based on the
fraction of the window corresponding to the object class (pedestrian, in this case). Figure
shows the filter performance on true and false positives from a detector model.
Figure shows the same data in a different format, plotting the True Positive Rate
against False Positive Rate as the filter parameter varies. If we were to select the optimal
filter performance, this would correspond to the knee of the curve. However, we prefer the
filter to be overly conservative to mistakenly filter the minimum number of true positives.
Hence we choose set this parameter to 0, corresponding to the y-axis in Figure

_ TP4TN

5. Accuracy, Accuracy = sprnrFpiEN
_ 2TP

6. F-measure, Fi = 575 %pr 7y

We want our filters to have extremely high recall (TPR), permitting every
potential positive detection through the filter while rejecting as many false positives
as possible, maximising the number of background patches rejected by the filter -
measured by the true negative rate (TNR). This is a conservative approach (hence
the filter output has extremely low precision), but necessary as we wish to avoid
any potential semantic label drift.

Table [3.3] outlines these performance metrics on an INRIA-trained pedestrian
detector model from earlier in Chapter [3| on the North Ozford January dataset. All
candidate detections (those with a score over 0.0) are passed through three filters:
the simple spatial heuristics used in Section [2.3.2] the image segmentation filter,
and the combined spatial heuristics and image segmentation. The combined filter

offers a healthy improvement to filter performance with minimal errors.



84 3.6. EBC Deployment: A Local Expert Detection System

Metric Raw Spatial Image Combined
Detections Heuristics Segmentation SH+IS
TPR 1.0 0.857 0.940 0.859
TNR 0.0 0.543 0.640 0.714
Precision 0.024 0.044 0.060 0.069
FNR 0.0 0.143 0.060 0.141
Accuracy 0.024 0.551 0.647 0.717
F-measure 0.047 0.084 0.114 0.127

Table 3.3: Filter performance on detections from the generic INRIA pedestrian detector
from earlier chapters applied to the North Ozford January dataset, with 1030 true positive
detections and 41853 false positives at the decision boundary, where the SVM score
threshold is 0.0. Here we want our filters to have extremely high recall (TPR) and true
negative rate (TNR), permitting instance of the positive class through the filter while
rejecting as many background patches as possible.

Figure shows an example of the model initialisation process in Section [3.6.2]
using the expanded scene filter, combining spatial heuristics and image segmentation
to achieve more informed data mining. The example model initially performs poorly
as it has a very small negative training set. We use this scene filter to reject
data which is either in an inappropriate part of the scene (above the horizon), an
inappropriate scale (too large or small for the expected class), or doesn’t match
the class allocated by preprocessed image segmentation. After five passes of data
mining a given image sequence, the model has converged, generating no detections
the filter is able to reject.

Figures [3.16] through [3.17] shows a random sample of the errors made by each
filter stage, providing a qualitative understanding of the key failure modes of each
filter, and insight into how each filter might be improved.

The true negative errors (true candidate detections rejected by the filter)
introduced by the spatial heuristics filter are largely attributable to errors in
the object scale estimate, frequently due to poorly localised bounding boxes. A
small change in the detection localisation (how well the box is centred on the
true location) can result in a comparatively large change in the scale estimate,
depending on where the object is in the scene. The dominant error mode for false
positives (false candidate detections permitted by the filter) is dictated by the very

conservative nature of the filter: all detections of a plausible scale are permitted.
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Figure 3.14: An example of model initialisation data mining using the multi-stage scene
filter, where mined negative samples are coloured by the filter selecting them. The horizon
filter is in orange, the scale filter is in purple, and the image segmentation filter is in
red.The first model in (a) has only been trained on the positive training set and a small
seed negative set, resulting in many rejected false positives. These are aggregated and
used to augment the training dataset. The model is retrained and the process repeats.
After five passes of data mining we see the model converge for this example in (e).
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We see similar key error modes in the image segmentation filter. False positives
can be grouped into two distinct categories: firstly, poorly localised detections
(patches partly containing the target object class), and secondly, false patches with
image segmentation noise (patches not containing the target class). The inverse
is true for true negative errors, where image segmentation consistently misses the
same individual across multiple frames.

It is likely that these errors could be addressed in future work, though the filter
accuracy in Table [3.3]is likely to be sufficient for initial self-supervised training. The
true negative errors could be addressed by adding a further offline filtering stage,
using a computationally complex object detector (rather than image segmentation)
to evaluate candidate detection patches rejected by the filter. This could be
implemented using the detection stage of many modern neural network detectors,
such as Faster RCNN [30]. We could address false positive errors due to image
segmentation noise through a better understanding of uncertainty in [104]. We
could also further improve the spatial heuristic filter, varying the permissible
scale estimate depending on the location of the object in the scene (for example,

distance from the camera).

3.6.4 Results

We compare the performance of the detector built from unlabelled data drawn from
the same route as the North Ozxford January test dataset to the ‘ideal” detector
model described earlier in Section 3.3l

The performance curves in Figure |3.18 and aggregate metrics in Table show
that this self-supervised system is still able to offer a substantial improvement
over the generic detector, though naturally not to the same extent as the ‘ideal’
scenario using ground truth labels to hard negative mine models for every single
frame in the mapping traverse.

Notably, the place dependent detector does not perform as well as the generic
model for the most high scoring detections. This corresponds to the upper left

corner of the Precision-Recall curve.
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Figure 3.15: A random sample of key errors made by the spatial heuristic scene filter
on pedestrian detections from the North Oxford January labelled dataset. The true
negative errors introduced by the spatial heuristics filter are largely attributable to errors
in the object scale estimate. This is often affected by bounding box localisation, where a
relatively small offset in the image frame can result in a comparatively large change in the
scale estimate. The dominant error mode for false positives (false candidate detections
permitted by the filter) is dictated by the very conservative nature of the filter: all
detections of a plausible scale are permitted.
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Figure 3.16: A random sample of key errors made by the image segmentation scene filter
on pedestrian detections from the North Ozford January labelled dataset. False positive
errors can be grouped into two distinct categories: firstly, poorly localised detections
(patches partly containing the target object class), and secondly, false patches with image
segmentation noise (patches not containing the target class). The inverse is true for true
negative errors, where image segmentation consistently misses the same individual across
multiple frames.
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Figure 3.17: A random sample of key errors made by the combined spatial heuristic &
image segmentation scene filter on pedestrian detections from the North Oxford January
labelled dataset. This has less obvious structure than the simpler filters, but can be largely
attributed to noise in the image segmentation, or bounding box localisation causing scale
estimate errors.
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Model Average Log-Average | Maximum

Precision Miss Rate F1 Score
Baseline: SVM+ACF 0.483 0.485 0.473
‘Ideal” PD Detector 0.689 0.292 0.651
Self-supervised PD Detector 0.547 0.372 0.567

Table 3.4: Aggregate performance metrics comparing our self-supervised place dependent
detector to a generic detector model, and the ‘ideal’ place dependent (PD) detector for
the same dataset (using ground truth labels to build models for every image, rather than

key frames).
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Figure 3.18: Detector performance curves for the self-supervised experience-based

detector.
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This provides some intuition for how brittle these place dependent models
are. The models are sensitive to changes in the background data, and are liable
to generate false positives when presented with data which deviates from the
scenes they were trained for.

A key example of this is dynamic objects in the robot’s operating environment.
A qualitative analysis of the top scoring false positives from the test dataset (Figure
shows that the top scoring false positives for the place dependent detector are
largely other dynamic objects (cars, trucks) or poorly localised detections (partially
overlapping with a pedestrian). In contrast, the generic model’s top scoring false
positives on the same test dataset consist of a mix of static patches (buildings
and windows) and dynamic objects (cars).

The influence of dynamic objects on false positive detections is further verified
using image segmentation. We investigate this effect by computing the fraction of
detection area occupied allocated to a dynamic object class. This is the same process
as with the image segmentation filter, but with an expanded list of object classes.

We compute the dynamic class areas for false positive detections from three
pedestrian detectors on the same dataset: the generic INRIA pedestrian detector
used previously, the ideal place-dependent detector trained in Chapter [3.3], and the
self-sueprvised place-dependent detector trained here in Chapter[3.6.2 We construct
a histogram from these dynamic class areas, shown in Figure[3.20] Table [3.5 outlines
the percentage of false positives generated from the static environment (defined
as < 5% detection area from dynamic objects). The results show a substantial
reduction in the error rate on the static environment, from 85.3% with the generic
detector to 49.0% with the self-supervised expert place-dependent detector.

This confirms the qualitative results, indicating that the local-expert detector
models’ errors are influenced by the presence of other dynamic objects sharing their
operating environment. This intuitively makes sense: they have been trained on
data drawn from this environment hence the static background class will be very

similar, changing with appearance rather than appearance and structure.
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Figure 3.19: Top scoring fifty false positives for pedestrian detectors run on the North
Ozxford January labelled dataset. The experience-based detector models’ errors (both
‘ideal’” ground-truth and self-supervised) tend to be dynamic objects or poorly localised
pedestrians (by definition also dynamic objects), whereas the generic model’s mistakes
include patches from the static background as well as objects moving through the scene.
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Figure 3.19: Continued: Top scoring fifty false positives for pedestrian detectors run

on the North Ozford January labelled dataset. The experience-based detector models

)

errors (both ‘ideal’ ground-truth and self-supervised) tend to be dynamic objects or poorly
localised pedestrians (by definition also dynamic objects), whereas the generic model’s
mistakes include patches from the static background as well as objects moving through

the scene.

Model

False Positives from the static
environment (%)

Generic SVM+ACF
‘Ideal’” Expert Detector
Self-supervised Expert Detector

85.3
58.5
49.0

Table 3.5: The percentage of false positive detections classed as static, where the fraction
of the detection patch that belongs to dynamic classes in image segmentation is less than
5%. These data points correspond to the first (left-most) bar in the histogram in Figure

B2
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Figure 3.20: Histogram showing the ratio of detection area belonging to a dynamic
object class for false positive detections on evaluation dataset. The place dependent
models (blue, green) demonstrate a lower rate of false positives on the static environment
(the left-most bar), and a higher rate of false positives on the dynamic environment (the
remainder of the graph). The rate of static false positives is outlined in Table These
local expert models are sensitive to changes in the background class which deviate from
the training scene, hence yielding a higher incidence of false positives on dynamic objects
compared to the generic model.

3.6.5 Discussion

The results validate the self-supervised approach to building place dependent
models, demonstrating an improvement in detection performance. This approach
couples an experience-based visual localisation system with fitted object detector
models. Using spatial heuristics and pre-processed image segmentation, we construct
models for each key frame in a topometric map by data mining a short sequence
of images centred on the key frame. At run time, localisation to the map is
used to retrieve the model associated with the localised key frame, applying the

detector model to the image.
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This system offers a substantial improvement over a generic model in our test
cases, though naturally not as substantial gains as the ideal, supervised scenario.
The self-supervised models are effective in the environment they were trained for but
can be brittle. We rely on the experience-based localisation system to accommodate
changes in appearance, though significantly more labelled data is required to
comprehensively test the capacity of the detector models (and localisation) to
handle appearance change.

We see that the place dependent models are susceptible to generating false
positives on other dynamic objects in the environment. Logically, this makes
sense: the model has not been trained to generalise and has not seen data like this
before. This is likely to mean that performance will degrade in highly dynamic
environments, though this could potentially be mitigated by separating the negative

training data into static and dynamic classes.

3.7 Conclusions

Fitting an object detector to a robot’s place of operation is a useful way to boost
detection performance. The method presented here trains detector models using
positive training data from a publicly available dataset, and negative training data
derived from a short sequence of images from initial mapping data. We use visual
localisation to retrieve the appropriate model for each frame during operation.
We evaluated this approach in an ideal scenario, where we trained a model
for every frame in the mapping route, using annotated ground truth labels to
construct detector models with Hard Negative Mining on the map image sequence.
This demonstrated that fitting models to a narrow background class is an effective
mechanism for mitigating the effects of having limited model capacity. For our
problem and model (the underlying classifier and feature types), we found that
using shorter sequences of 10-100 frames was appropriate in constructing these
models. Increasing the number of frames used for model construction beyond this

range degraded performance due to overfitting a limited capacity model.
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This approach provided an informative upper bound for what could hope to
achieve: we can use a computationally lightweight detector to achieve better
performance than a much more computationally complex (and often prohibitively
slow) state of the art object detector [31].

Deploying this method on operating robots requires removing a number of
constraints we imposed for this ideal scenario: we lack ground truth annotations,
and we use key frames in topometric maps rather than maintaining every frame.

Our self-supervised system addresses these by constructing models using spatial
heuristics and image segmentation to generate ‘hard’ negatives for further training.
Each key frame (vertex) in a topometric visual map has a detector model associated
with it, where this model is trained on a short sequence of frames surrounding the
key frame. At run-time, the detector queries a model database to retrieve the model
associated with the currently localised key frame. In the event that localisation
fails, the detector defaults seamlessly to a generic model.

This detection system offers a substantial performance improvement over using
a general model, though we do not see the same level of improvement as in our
‘ideal” scenario. This is to be expected for a self-supervised system.

The experience-based detector models are fitted to their operating environment,
hence substantial deviation from the background class of the training scene is
likely to result in spurious self positives. We see some evidence for this in our
results: the dominant mode of type I errors (false positives) in our experiments was
due to dynamic objects in the environment, representing image data the detector
has not been trained for. In contrast, the generic model type I errors were - as
expected - mixed in the image content.

Experience-based object detectors offer a mechanism to boost an object detector’s
performance substantially, mitigating limited model capacity. This is ideally suited
to mobile robotics applications, where we repeatedly operate (and localise) in

the same environment.
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4.1 Introduction

Our work in Chapter 2| demonstrated that we are able to fit detector models to
broad categories of operating conditions: seasonal and route effects. Following on

from this, Chapter [3] constructed a series of very local expert detection models:

97
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rather than trying to fit to a large, pre-defined category of operating conditions,
the detector models were highly specialised, tightly fitted to data from a known
place in a visual map, such as an experience-based navigation system.

A key factor in these approaches is picking the correct operating resolution
for the task. If we try to fit to a large set of operating conditions we see some
performance gains, but this is still limited by the detector model capacity as we
must have some degree of generalisation, demonstrated in Chapter [3] We see similar
patterns of behaviour for models fitted to predetermined categories of data (e.g.,
seasons for a given route as in Chapter [2)).

This presents us with a dilemma. How do we manage picking the appropriate
level of model resolution? We could avoid this question by limiting models to
known locations in a experience-based visual map (as in Chapter [3)), as we rely on
the localisation system to finely discretise the world - both spatially and over
appearance change.

However, this tightly coupled approach duplicates effort, training many more
detector models than we might need, and fundamentally requires an active localisa-
tion system. It is likely that we could merge data from adjacent map key frames to
construct a bespoke model which works along a sequence of the map graph vertices
rather than a single node. Conversely, in other areas we are likely to find that we
require a highly specialised model for just one node. This problem is difficult, as
it is dependent on both the model capacity we have available and the variability
in appearance of image data the model is trained on.

This approach also assumes that the visual localisation system is able to manage
appearance change in a way that benefits both localisation and the associated
detector models. While this is broadly true (and they both operate on the same
image data), these are different tasks and a single experience representation which
suits localisation may not be adequate for object detection on the same data.

One potential solution would be to organise a robot’s visual memory into clusters,
building models on each group. This approach would be heavily dependent on the

efficacy of grouping similar images, either with a global feature descriptor [96] or
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bag-of-features image retrieval approaches [98]. Models could then be retrieved
by associating the target image with one of these models. This is similar to
our approach in Section using image appearance, which offered comparable
performance gains to spatial grouping of image data.

At its core this is essentially a more generic variant of our localisation approach.
A visual localisation system is a highly specialised image retrieval system designed
to scale well for real-time robot operation, providing us with a robust spatial
prior for image data in the observed scene. A clustering approach would lose this
knowledge, and clustering doesn’t really address the core issue: we still have to
pick clusters, and how do we know what the right degree of clustering is for our
detector model and operating environment?

Rather, we propose adopting a machine learning approach. We want to use
detector models which are suited to a specific operating environment. This operating
environment is heavily influenced by the location as well as image appearance, which
are closely correlated. We know model capacity is a limiting factor in the specialised
detector models’ performance (thus well constrained ‘places’ are helpful), but we
lack the means to determine the point this becomes a limiting factor as this will
be both task and model dependent.

Our solution to this is to have a neural network learn this structure for us, relying
on their powerful representational capacity to generate the detector models used.
We propose a system we refer to as a Dynamic Detection Filter Network, or DDFN.

The DDFN provides a more flexible mechanism for local expert object detection
as it removes the dependency on localisation by generating models conditioned on
the input image. This facilitates using a local expert model even when we fail to
localise. Potentially, an approach based on this could also be used to scale local
expert detection to a diverse range of operating conditions and routes using the
self-supervised data mining methods discussed earlier in Chapters 2 and [3]

To evaluate the DDFN as a potential method, we structure experiments around
the prior work in Chapter [3.3] wrapping a neural network around a well tested object

detection pipeline. Specifically, we seek to replicate the same local expert model



100 4.1. Introduction

behaviour as the experiments in m (where we have a constrained experiment
consisting of two annotated laps of the same operating environment), generating
local expert models conditioned on the input image, rather than using localisation
as a tool to retrieve local expert models from a database.

The standard object detector pipeline described in Section [2.3.1] is augmented
with a filter generating network, which conditions the detector model based on the
input image. The structure is inspired by the Dynamic Filter Network proposed
by De Brabandere et al. [105].

Outline

This chapter first discusses the background and implementation of a Dynamic
Detection Filter Network, outlining how this approach can be merged with a
classical object detection pipeline and how it fits in the wider literature of deep
learning in computer vision.

We then discuss our implementation of the detector framework in Section
in Tensorflow [106] for learning. We train a generic detector model using
the same methodology throughout this thesis, using this model as a baseline
reference point between experiments.

We present results on experiments similar to those in Chapter [3, demonstrating
that we are able to substantially improve the performance of an object detector
operating in a known environment. The key difference is that, in this case, we
no longer require the tight coupling to a visual localisation system, relying purely
on the input image.

Finally we present a short qualitative assessment of the trained filter network,
assessing how the network’s feature representation of the scene varies along the
driving route. We finish with some concluding remarks, including how this approach
could be applied to modern deep learning perception systems where the necessary

specialist hardware is available.
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4.2 Background

Over the past five years we have seen substantial advances in deep learning, to
the point that this is arguably now the dominant approach to many machine
learning problems. These neural networks have enjoyed remarkable success in object
classification and recognition [27, 28], various games [107], speech recognition
[108], and more.

In computer vision, the AlezNet object recognition system introduced convo-
lutional neural networks (CNNs) to the object recognition literature, following
its success in the ImageNet Large-Scale Visual Recognition Challenge - a popular
object recognition challenge - in 2012. This adopted a simple (by current standards)
network architecture consisting of five convolutional layers with pooling, and three
fully connected layers.

This was quickly followed by rapid development in the field, with Zeiler and
Fergus [109] providing further insight into the inner workings of CNNs in their
work on ZFNet. Simoyan and Zisserman took the concept of deep (i.e., layered)
neural networks for object recognition further in VGGNet in 2014 [|28]. They
expand the number of layers to nineteen and reduce the stride and size of the
filters compared with AlexNet, arguing for a deeper network of simpler filters. This
development was further expanded on, rapidly increasing the size of networks used
in computer vision. The 22 layer GoogLeNet [110] was followed by the 152 layer
ResNet, which further improved object recognition performance and introduced
the idea of a residual block [111].

In addition to object recognition tasks, CNNs have been applied to object
detection. The first substantive results with a CNN came from R-CNN (Regions
with CNN features) by Girshick et al. [112]. As with most object detection
approaches, this is structured as a region proposal system coupled to an object
classifier. The first stage of the network provides a candidate detection region,
which the classification stage then evaluates, assigning a probability for the target
object class. This was subsequently followed by Fast-RCNN [113] and Faster-RCNN

[30], offering improvements in run-time and detection performance.
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This issue of scale has been identified as a major limitation of neural network
object detectors, particularly in the case of pedestrian detection. These approaches
have enjoyed substantial success with other object classes, such as cars, but have
struggled with pedestrians. Zhang et al. presented a systematic analysis of modern
approaches to pedestrian detection, demonstrating that VGGNet and AlezNet in an
R-CNN framework offer competitive performance, but generate a large number of
high scoring false positives near the true positives [36]. They hypothesise that this
is an intrinsic limit to the architectures, and is partly a spatial limitation. These
networks are often heavily based on those from object recognition, including using
pre-trained weights from ImageNet. In detection rather than recognition tasks,
the object scales tend to vary more significantly.

Subsequently MSCNN, a multi-scale convolutional neural network, suggested an
architecture which generates region proposals at multiple scales [31], rather than
relying on anchors at different scales as in R-CNN. This architecture is one of the
leading pedestrian detectors on the KITTI benchmark [68] at the time of writing.

One of the biggest disadvantages to these object detector approaches is their
run-time performance. MSCNN has of the order of 217 million parameters for
a pedestrian model, as an example. While often heavily optimised, these neural
network detectors are still slow, offering around 2Hz runtime performance on the
best available dedicated graphics cards.

A different approach was proposed by Redmon et al., favouring a unified
architecture in YOLO which has a single neural network to predict bounding boxes
and object probabilities in one evaluation [35]. This is much faster (45Hz) but tends
to make more detection localisation errors than competing systems, particularly
when changing operating domains. Further refinements of this method in YOL0O9000
improved detection performance [114]. This method is appealing to roboticists
due to meeting our run-time performance requirements, but to date offers little

detection performance improvement over classical pedestrian detection methods.
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Figure 4.1: A Dynamic Filter Network. The filter (both linear kernel and bias) in a
convolutional layer is conditioned on an input. This may be the input applied to the
convolution, but does not strictly need to be. Reproduced from [105].

Our goal in this chapter is to arrive at an object detection framework which
can learn the structure present in robot’s operating environment, and generate
detector models based on the input image being processed.

De Brabandere et al. recently proposed Dynamic Filter Networks (DFN),
a replacement for the typical convolutional layer in which the filters used in
the convolutional layer are dynamically conditioned on the input [105]. This
network structure offers increased flexibility as the convolutional filters can adapt,
without a substantial increase in the number of parameters. Figure outlines
the structure of a DFN layer.

There are strong structural similarities between the DFN architecture in Figure
and an object detector using a linear SVM. An object detector is essentially a
number of fixed transformations from the original image to a predetermined feature
descriptor, which is then convolved with a linear filter, much like a DFN.

We apply this Dynamic Filter Network approach to our problem, using the
representational capacity of a neural network to learn object detection filters for the
robot’s operating environment. This approach offers the benefits of building bespoke
local expert detectors without the strict coupling to a visual localisation system.
We draw on much of the lessons learned here in the literature on object recognition

and detection with neural networks when designing and training the network.
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Figure 4.2: The Dynamic Detection Filter Network architecture (DDFN): applying the
DFN network to a classical multi-scale object detection pipeline as in Section 2.3.1} The
image is scaled, converted to a predetermined feature descriptor, convolved with a linear
filter (and bias), and the result scores thresholded and converted into bounding boxes via
non-maximum suppression. In a standard implementation this linear filter is fixed, here
it is generated by the filter generating network.

4.3 System Overview

We augment the sliding window object detector pipeline in Section to use a
dynamic classifier model. Rather than use a static linear classifier model retrieved
from a database, we generate the linear filter using a Dynamic Detection Filter
Network, or DDFN. This architecture is illustrated in Figure [.2]

The standard DFN module is intended for implementation with a single con-
volutional layer as part of a larger neural network, but the structure translates
directly to a sliding window object detector. A sliding window object detector using
a linear SVM is fundamentally the convolution (strictly the cross-correlation) of
a linear filter (and bias) on a number of scaled feature descriptors. These feature
descriptors are simply a fixed transformation of the input image data.

The filter generating network we use here is illustrated in Figure [£.4] and
discussed in further detail below in Section Fundamentally, the network
generates a dynamic detector model (D) conditioned on the input image data D.

This section discusses the architecture of the system, loss function, and training

methodology used for the DDFN.
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4.3.1 Object Detector

We implement the multi-scale sliding window detector architecture in Section|2.3.1]in
Tensorflow |106]. The input image is scaled to an image pyramid, and subsequently
converted into a feature pyramid. Each layer in the feature pyramid is the Aggregate
Channel Features (ACF) feature descriptor [33] computed on the corresponding
resized image in the image pyramid. The feature pyramid is convolved with a linear
filter (plus a bias term), producing a score pyramid. All score locations above a
given operating threshold are returned as detections in the form of bounding boxes.
Re-implementing this detection pipeline in Tensorflow is a necessary step as we
need to be able to train the filter generating network through back propagation

of gradient from losses derived from the score pyramid.

Benchmark Model Performance

We benchmark this detector implementation to use as a reference point to previous
work. Rather than use the filter generating network, we instead apply a static filter
kernel from a linear SVM: replicating the classical detector architecture.

We retrained the linear SVM+ACF model on INRIA data, instead using ACF
features computed using the Tensorflow implementation. As before, we performed
three passes of exhaustive hard negative mining on the INRIA negative set and
used an optimisation parameter of C = 276 selected by cross validation on the
training set. Figure [4.3| shows the detection performance we use as our reference
point for this chapter.

We note that this implementation of a sliding window detector reduces the
performance on our test dataset when compared to the optimised C++ implemen-
tation used in earlier chapters, from an average precision of 0.483 to 0.372. This
is due to differences in implementation, primarily a different selection of scales
due to memory limitations in Tensorflow (the C++ implementation is optimised,
permitting a better multi-scale detector). When using the linear model trained on
C++ ACF features in this detection pipeline we see comparable performance to

the model trained on Tensorflow ACF features, differing only by 0.003 in average
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Figure 4.3: Performance curves for the generic baseline SVM+ACF pedestrian detector
implemented in Tensorflow. The model here has been trained on the INRIA pedestrian
dataset, with hard negative mining on INRIA negative images. This is the same process
as the generic baseline model used in earlier chapters, using the Tensorflow ACF features.

precision. This demonstrates that the feature implementation is comparable with
only minor implementation differences. We therefore attribute the difference in
performance to the detection pipeline implementation (e.g., scales, some edge effects

due to padding differences), rather than differences in feature set or linear classifier.

4.3.2 Filter Generating Network

We generate the object detector’s linear model from the input image, where the
filter generating network learns what aspects of the image data influence detection
performance. This section outlines the network architecture we used, the design

choices we made, and training methodology required.

Network Architecture

We structure the filter generating network as a feature encoder (formed of a number
of convolutional and pooling layers), followed by global average pooling, and finally
a small fully connected layer mapping this internal representation to the desired

model size. This architecture is shown in Figure [4.4]
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We selected a canonical feature encoder in Computer Vision as a de-facto
standard for object recognition tasks: the AlexNet [27]. Other commonly used
options for this type of task include ResNet, or VGG. We elected to use the convi-3
layers (i.e., the first three convolutional layers, with maximum pooling between
layers), as wider work in transfer learning for computer vision (e.g., [100]) indicates
that these lower layers tend to be less specialised than the higher layers, encoding
features which transfer well between computer vision tasks. Transfer learning
applied to existing networks tends to benefit primarily from fine-tuning the higher
order layers [112]. Examples of this transfer learning approach being used for
novel vision problems include [115] and [116].

The global average pooling layer [117] spatially averages each channel in the
feature vector for the final convolutional layer. We wish to learn a spatially
invariant feature representation of the scene, since the detector model generated
by this network is applied globally to the input image. Global average pooling
provides this spatial invariance across the image.

We finally use two fully connected layers to map these features to a linear
filter (and bias term) of the correct size for our desired object class. The first
fully connected layer uses an exponential linear unit (ELU) transfer function,
and the output layer uses a linear transfer function in generating the output
for this regression task. The ELU transfer function was selected for the FC
layer due to its improved learning characteristics compared to other activation
functions, such as ReLUs [11§].

The FC layer’s dimensionality was set to 100, as this corresponds to the number
of models used for this experiment in the system in Section [3.6] The system
configuration resulted in approximately 100 models per lap of the driving route,
where each model was trained on a two second image sequence for 3 — 4 minutes
of driving. As we wish to benchmark this learned approach as an alternative to
using the system approach, we select a comparable number of nodes in the fully
connected layer. We expect that this network dimensionality should be able to

replicate the system approach, since - at worst - the fully connected layer could
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Figure 4.4: Detector Filter Generating Network architecture. This network consists
of three components: a feature generating hierarchy based on Alexnet [27] (three
convolutional layers with maximum pooling), a global average pooling layer on this feature
representation, and finally a small fully connected layer mapping this representation to
the desired model dimensions.

mimic a multiplexer, selecting models by activating a single node. In practice, this
may be able to be reduced in dimensionality, but this is likely to depend on the
route data distribution (specifically, its variance).

The final (linear) fully connected layer size corresponds to the dimensionality of
the required model. As per earlier chapters, the dimensionality of the pedestrian
model is 24 X 12 X 10 plus a bias channel, for a total of 2881 nodes.

The filter generating network is relatively lightweight for a neural network used
in object detection, with 1.5M parameters. For reference, MSCNN has 217M

parameters for a pedestrian detection model.

Loss Function

The dynamic detection filter network needs to solve two competing problems. Firstly,
it needs to generate a detection model which is able to generalise across the target
positive class (in our case, pedestrians). In addition to this, it must generate a
detection model which adequately captures the background class of the input image.

We therefore use a loss function £ppry which captures these two requirements
in the loss term L(7,D,6), in addition to a regularisation term R(2D,6) and

adaptive hyperparameter regularisation R(A).

Lpprn(D,0) = AL(T ,D,0) + BR(D,0) + R(1) (4.1)
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Classification Loss Term

The main loss term £ is computed as the hinge loss of the generated model on
an external training dataset 7~ and the highest scoring negative regions in the
input image batch D.

The external training data 7~ provides a supervisory signal to ensure that the
generated models capture the target positive class. This is an unusual approach
to training neural networks, but external data is necessary as we condition the
generated model on the input image data: the models will be trained to solely
detect the instance of the target class in that image rather than the larger target
class. For example, the model will be conditioned to detect the single pedestrian
visible in that scene (e.g., a pedestrian in red) rather than the set of all potential
pedestrians (e.g., pedestrians wearing blue). Similarly, if the input image in training
has no instances of the target class, the conditioned models are likely to yield false
negatives on instances of the target class in images of the same scene.

The input image data D provides the target scenes we wish to condition the
models on, representing the background class the filter should respond to. The
scene loss component is structured similarly to traditional hard negative mining:
selecting the highest scoring N regions (we use N = 100) of the feature pyramid
not associated with a positive label. These high scoring negative regions have
associated scores yp, each with a negative label tp = —1.

Collectively, this loss term is actually very similar to the loss function used
in MSCNN or Faster-RCNN, in that it is a weighted sum of losses from a select
number of regions of the image. The only points of difference are that 1) we use
hinge loss rather than log loss (though these are very similar), and 2) we use the loss
on positive class data from an external training dataset rather than instances from
the image being trained on. MSCNN'’s bootstrapping loss function is fundamentally
the same as hard negative mining here, using a loss derived from the highest scoring

(i.e., most incorrect) negative regions.



110 4.8. System QOuverview

As with the detector models in Chapters [2] and [3] we use the INRIA pedestrian
dataset as the external training dataset 7. Applying the model to each patch
generates a list of classifier scores yr, corresponding to labels t7 = +1.

These scores yr and yp are concatenated together, as are the associated labels
tr and tp. This forms a set of predictions y with labels t. Each score is assigned
a weight in the vector w to ensure class balance, where each w; is set to 1.0 for
positive labels and the class ratio Np/Ny for negative labels.

The loss L is then defined as the hinge loss on these predictions, defined as:

L(T,D,0) =max(0,1 —t-y) - -w (4.2)
Regularisation Terms

In addition to this primary loss term, we add two further regularisation terms. We
include a regularisation term on the generated model to mitigate network overfitting
using 1% loss on the network parameters 6. In addition to this weight regularisation
term, we add a second regularisation term to promote model smoothness within
a training batch of contiguous images. This smoothness term is computed as the
I?-norm between each detector model generated by the network ¢ (D) = {1, ...,¥n}

and the mean model for each training batch 1p.

R(D,0) = 10113 + Zilly: (D) — I3 (4.3)

The loss function is formed by the weighted sum of these three terms, controlled
by the set of hyperparameters A = {1}. We follow Kendall et al. [104] and learn
the weights A by R(A) = -, log(/ll.'l). Initially, this adaptive weight is set to 1,

with the B regularisation hyperparameter set to a constant value of 1074
Optimisation

We use the Adam optimiser [119], a variant of Stochastic Gradient Descent, to solve
for the parameters in the filter generating network. A brief exploration of parameter

range indicated that a learning rate in the range [10_3 10_5] was suitable, with
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higher learning rates being unstable and lower rates being impracticably slow in

training. We therefore used a learning rate of 107 for all training.

Training Methodology

The DDFN has parameters trained in three stages. Firstly, we initialise the
lower feature computation layers (convI-3) to parameters from AlexNet pretrained
on ImageNet [27] for object classification. This provides a useful starting point
for the network parameters.

Secondly, we pretrain the full DDFN network by regressing from an input
image to the corresponding model trained on a sequence of 10 frames from the
experiments in Chapter [3.3] We use a mean-squared-error (MSE) loss function
to train the network to regress from the input image to the output model. These
models have been trained on a different ACF implementation, but this provides
a useful initialisation set of parameters for the network.

Finally, we fine-tune the network by training it on randomised contiguous
batches of images from a training dataset, referred to as 9. The size of these
batches (and hence the models used for pretraining) is set to 10 based on the results
in Chapter [3| where linear detector models trained on 10 — 100 frame sequences
demonstrated the best performance for the model capacity of a linear SVM on this
feature type and object class. Each training batch consists of sequential frames
as we expect models on adjacent frames to share some similarity, enforced by the

model smoothness regularisation term.

4.4 Evaluation Methodology

We assess the ability of the DDFN to generate detector models conditioned on
the input image by performing the same experiment as in Chapter [3l In this
experiment we seek to optimise object detection for our known operating route,
using a lightweight linear object detector.

We require a dataset which is both suitable for localisation and has object

annotations, hence we use our own dataset for this evaluation. We select the same
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2km urban driving dataset outlined earlier in Section [3.3.1] consisting of two laps
of the same route fully labelled with pedestrian annotations.

We train a DDFN on the mapping lap, then evaluate it on the live images from
the alternate lap. To increase the quantity of data available for testing, we train a
separate DDFN for each lap, then test these on the alternate lap not seen during
training. These networks had 20 epochs of training, where one epoch consists of a
training with a contiguous batch centred on each image in the training set (hence

each image is processed 200 times with a 10 image batch size).

4.5 Results and Discussion
4.5.1 Detection Performance

We compare the performance of the DDFN to our baseline SVM+ACF model on the
labelled 2km urban driving dataset, shown in Figure [£.5] The DDFN demonstrates
a performance gain over the generic baseline on both the Precision - Recall and
Miss Rate - FFPI curves. We see improvement on each aggregate metric in Table
with around an 8 percentage point improvement on all metrics.

This is a good improvement in detection performance, though not as great
a gain as we saw with the system in Chapter [3] This is plausible: an accurate
experience-based localisation system provides us with a strong prior on the visual
data we present to the detector. Here the network learns an internal representation
based on appearance of the scene. It is possible that a higher capacity network with
more parameters could potentially achieve better results, though it is unlikely that
we would be able to exceed the performance figures of the local expert detection
system in Chapter [3], as this is constrained by the limit of what we can achieve

with a finite capacity linear model.

4.5.2 Run-time Performance

These performance results are positive, demonstrating that we can construct a local

expert detector model without being strictly bound to localisation. However this
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Figure 4.5: DDFN pedestrian detection performance on the 2km North Oxford January
urban driving test dataset. The DDFN detector models demonstrate a performance
boost in this known operating environment. The baseline model is a static SVM+ACF
model trained on the same dataset (INRIA), with hard negative mining performed INRIA
negative images rather than the robot’s operating environment.
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Model Average Log-Average | Maximum
Precision Miss Rate F'1 Score
Generic SVM+ACF 0.372 0.584 0.423
DDFN SVM+ACF 0.456 0.516 0.506

Table 4.1: Aggregate performance metrics for the DDFN and generic baseline detectors
along the known route, North Ozxford January. By all metrics, the DDFN boosts
performance over the generic model. The generic model is a static SVM+ACF model
trained on the same dataset (INRIA), with hard negative mining performed INRIA
negative images rather than the robot’s operating environment. A higher number is better
for Average Precision and F1 Scores, lower is better for Log-Average Miss Rate.

approach does require additional compute time, compared to the trivial time taken
to retrieve a small model through a database query in the system in Section

The DDFN network here can generate models at approximately 20 Hz on
general purpose CPU hardware, which is suitable for deployment in most robotic
applications (our cameras here operate at 20 Hz). Table outlines summary
statistics for the run-time performance, showing a mean compute time of 0.051
seconds with a standard deviation of 8 milliseconds. The network itself will be able
to evaluated in a deterministic constant time (as it is a fixed number of floating

point operations) - the variability seen here is due to the operating system.

Metric Model Generation Time (s)
Mean 0.051
Median 0.051
99" percentile 0.056
Standard deviation 0.008

Table 4.2: Run-time performance metrics for the filter generating DDFN on the test
dataset (9154 frames at 512 x 384 pixels), running on general purpose computing hardware
(i.e., a CPU). This network is able to generate detector models at 20 Hz, which matches
our camera frame rate.

4.5.3 Scene Encoding

The DDFN learns an internal representation of the scene, based on the input
image. This scene representation is the output of the global average pooling layer:

a spatially invariant feature descriptor representing the image.
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This scene encoding is of interest to roboticists, as it encapsulates key information
about the image, mapped to a detector model by the upper fully connected layers.
We present a short assessment of the scene encoding learned by the DDFN.

Firstly, we compare the scene encoding of images on our North Ozford driving
route. We take a DDFN network trained on each lap of this driving route, and
compute the scene descriptor for each image. We compare the descriptors between
training and test images by taking the /2-norm of the difference between these.
These differences are plotted in Figure [4.6] visualising this as a similarity matrix
for each network. The section of each similarity matrix occupied by images used
in training is outlined in red.

We see strong spatial structure in this, much like the sort of structure commonly
seen in visual similarity matrices in localisation literature [120]. A strong diagonal
is visible in both similarity matrices, indicating that the DDFN has learned an
internal scene representation which is able to recognise images taken from a similar
viewpoint on the same driving route: an implicit representation of place.

We investigate this implicit localisation representation further by performing
a dimensionality reduction on the 384 dimensional scene encoding from scene
descriptors taken from a DDFN network trained on the first driving lap, i.e., the
data used in Figure 4.6a, This enables us to visualise and better understand these
descriptors. For this we used t-SNE dimensionality reduction |121], a non-linear
dimensionality reduction method commonly used for embedding high dimensional
data in two (or three) dimensions for visualisation.

We first reduce scene descriptor dimensionality to 50 using Principal Component
Analysis (PCA) [122] (the t-SNE authors recommend this preprocessing step for
higher dimensional data), then apply the Barnes-Hut t-SNE approximation to this
reduced descriptor with a perplexity parameter of 30, reducing the dimensionality
further to just two dimensions.

To aid in interpreting this reduced data, each point is assigned a colour based
on the spatial location along the route. This spatial colour mapping along the

route is shown in Figure [4.7]
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Figure 4.6: The scene encoding is generated by the global average pooling layer, which
outputs a single vector describing the input image. We compare the scene encoding
between training images and the scene encoding generated by images from a second lap
of the same route. The similarity between these features is computed as the [?>-norm
between the two descriptors. DDFNs trained on both laps demonstrate a similar pattern:
a strong diagonal on the evaluation images closely matching the structure of the training
lap.
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Figure 4.7: We allocate a colour map to the driving route, assigning a colour to each
location along the route and using this colour in the t-SNE plots in Figure 1.8 to aid
visualisation of the various groupings.

With the points coloured according to their position along the route, the t-SNE
embedding has very clear spatial structure in Figure 4.8 The two graphs have the
reduced scene encoding of both driving laps plotted, with the alternate lap plotted
with partly transparent points to highlight the differences between laps.

Using this visual comparison between laps, we can see the cases where the
evaluation lap scenes closely match the training scenes. This is the case for the
majority of the plots. We also see the cases where these diverge, for example, the
green coloured ‘Y’ shape in the lower right corner of the plots. We assess three
key cases to gain some intuition for the scene encoding.

Figure [4.9 presents this qualitative assessment of three key cases visible in the
t-SNE embedding. The diagram compares an image extracted from the training

data (opaque points on the plot) with one from the evaluation data (transparent
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Figure 4.8: We perform a t-SNE E dimensionality reduction on the scene encoding of a DDFN trained on the first lap of our route,
defined as the output of the global average pooling layer. We colour each data point based on spatial location, to help visually understand
the various groupings in the plot. The left plot shows the scene encoding datapoints for the training images, and the right highlights the
scene encoding of the second evaluation lap. The transparent points on each plot are the scene encoding for images from the alternate lap
(i.e., evaluation scenes plotted on the training scenes graph on the left).
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points on the plot).

Firstly, we see cases where a contiguous section of the driving route is split,
indicated in the plot by separate groups of points with similar colour gradients. We
selected the example of the mid-blue section of the route, which skips from an ‘S’
shaped cluster in the middle of the plot to a similar shaped cluster in the upper
left. Selecting an image from the training lap and evaluation lap (images A and B
in the Figure) help interpret why a contiguous section of the driving route is split
in this way: this corresponds with turning the corner (Figure [4.7)).

Secondly, we see many cases where the evaluation scene encoding strongly
matches the encoding of training images. This is the case for the majority of
data. Images C and D from the teal group in the lower right demonstrate this.
Both images result in very similar descriptors, and from a visual inspection this is
plausible: they capture the same scene from almost the exact same viewpoint.

Finally, we note that there are a number of cases where a contiguous spatial
group differs slightly between the training scene descriptor and evaluation scene
descriptor. One example of this is the green Y’ shaped cluster in the lower right,
where the evaluation descriptor diverges from the training scenes. Figures E and
F provide an insight as to why this might be. Both scenes contain instances of
positive classes. Visually, the only notable change between these two images is
the change of dynamic objects in the scene: a bicycle parked against a pole has
changed orientation, and there are different pedestrians present on the footpath.
This change in the positive class present in the scene is sufficient to cause a small
change in the network’s encoding of that scene.

This provides some interesting insights into the capabilities of neural networks
to learn a global descriptor for the observed scene. The scene descriptor varies
(to some extent) with dynamic scene content, which is apparent when two scene
descriptors differ by the presence of dynamic objects. However, in this case the
DDFN’s scene encoding clearly has a very strong spatial component, apparent in
both the similarity matrices and t-SNE embedding presented here. Another way

of interpreting this is that the DDFN has learned an implicit representation of
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Figure 4.9: We perform a t-SNE E dimensionality reduction on the scene encoding of a DDFN trained on the first lap of our route,
defined as the output of the global average pooling layer, colouring each data point based on spatial location. We qualitatively assess the
structure of the reduced 2D structure by considering three key cases: 1) where the sequence of a spatial group (colour gradient) is separated
by t-SNE, 2) where a spatial group is consistent, and 3) where a spatial group internally diverges. In all cases we compare an image from the
training lap (A, C, E) to an image from the evaluation lap (B, D, F) of our driving route.
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place, mimicking localisation. In other words, the DDFN has learned an encoding

of the local environment, or background class.

4.5.4 Learning the static environment

The analysis in Section [4.5.3] suggests that the DDFN learns an implicit repre-
sentation of the static environment in each scene. To further assess this, we
evaluate the error rate of the DDFN on the static environment, as compared to
the baseline generic detector.

This effect of learning the scene’s background class is shown in Figure
and Table [4.3] showing the reduction in errors on the static background class
present in the dataset. This histogram is generated in the same manner as Section
[3.6.4] using a state-of-the-art image segmentation algorithm to generate what is
assumed to be ground-truth object classes.

The DDFN exhibits very similar behaviour to the systems approach to place
dependent detection (shown earlier in Figure , with a significant drop in errors
on the static background class (i.e., the local environment or ‘place’) coupled with
an increase in errors on other dynamic objects in the scene.

This further supports the assertion that the DDFN learns a representation
for place dependent detector models which are tightly coupled to the positive

class and the local background class.

Model False Positives from the static
environment (%)
Generic SVM+ACF 76.3
DDFN 35.0

Table 4.3: The percentage of false positive detections classed as static, where the fraction
of the detection patch that belongs to dynamic classes in image segmentation is less than
5%. These data points correspond to the first (left-most) bar in the histogram in Figure

A.10
4.5.5 Generalisation to Novel Routes

We would ultimately like a general purpose DDFN which has captured a wide variety

of scenes across many different operating environments with large appearance change.
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Figure 4.10: Histogram showing the ratio of detection area belonging to a dynamic
object class for false positive detections on evaluation dataset. The place dependent
models (blue, green) demonstrate a lower rate of false positives on the static environment
(the left-most bar), and a higher rate of false positives on the dynamic environment (the
remainder of the graph). The rate of static false positives is outlined in Table These
local expert models are sensitive to changes in the background class which deviate from
the training scene, hence yielding a higher incidence of false positives on dynamic objects
compared to the generic model.

However, this is likely to require a large quantity of training data to achieve if we want
to see the same performance gains from known operating routes seen earlier in Figure
[4.5] Here we have trained our DDFN network for a single operating route, proving the
benefits of models conditioned for a previously observed route. Based on the analyses
in Sections 7?7, we would expect the DDFN to generalise poorly to a new operating
environment,drive as will generate models conditioned on this novel environment.

We assess the ability of this DDFN to generalise by evaluating this on data
drawn from a different operating route, Central Ozford. This dataset was captured

by the same autonomous vehicle platform and Bumblebee camera, and is fully
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annotated with pedestrian labels. Table [4.4] outlines key statistics for the datasets,
and Figure [4.11] shows the difference in driving routes between North Oxford
and Central Ozford. Central Oxford is a longer, more diverse route which forms

part of the publicly available Oxford driving dataset [95], with pedestrian labels

for a single pass of this route.

Figure 4.11: We assess the performance of a DDFN trained on North Ozford (in red)
on a labelled dataset from Central Ozford (in blue), evaluating the ability of the DDFN

to generalise to a novel route not seen in training. Table [£.4] contains key statistics about
both datasets.

Dataset Metric North Oxford Central Oxford
January May
Distance (km) 1.99 4.19
Frames 9154 18868
Time (min) 7.63 15.72
Pedestrian Labels 4467 41134

Table 4.4: We assess the ability of a DDFN trained on one lap of the North Ozxford route
to generalise to a novel route, Central Ozford. This is a longer route through Oxford with
busy pedestrian scenes through the centre of the city.

The models generated by the DDFN trained on our North Oxford route generalise

poorly to this new route, confirming our expectations, as the scene content differs
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substantially to the scenes the network was trained on. Figure shows the
difference in detection performance between the general baseline model and the

DDFN, with aggregate metrics summarised in Table [4.5]

Model Average Log-Average | Maximum
Precision Miss Rate F'1 Score
Generic SVM+ACF 0.313 0.792 0.381
DDFN SVM+ACF 0.118 0.920 0.223

Table 4.5: Aggregate performance metrics for the DDFN and generic baseline detectors
on a novel test route in Central Ozxford which differs from the North Oxford training route.
By all metrics, the DDFN generalises poorly, as the network is conditioning the models
on scenes unrelated to its training data. A higher number is better for Average Precision
and F1 Scores, lower is better for Log-Average Miss Rate.

These results on the unseen and seen driving routes highlight a key point. Our
DDFN can generate effective detector models for prior routes (i.e., same operating
environment or ‘places’) without the need for localisation input, however the network
trained here cannot transfer to novel places. This is likely to be a function of training
data. We see two potential avenues for future improvement, potentially enabling
a DDFN to generalise well to novel scenes.

Firstly, we could train the DDFN on a broad variety of driving datasets to learn
a generalised scene representation. Examples of these include KITTI [68], or the
CityPersons annotations [123] on the very diverse Cityscapes [103] dataset, which
consist of many discrete images (rather than repeated routes) from potential driving
scenes. The downside with this approach, however, is that it does not account for
the fact that training on data derived from our robot’s operating environment is
extremely powerful. These general datasets lack this structure.

An alternative approach is to extend the self-supervised data mining used to
build local expert models in Chapter [3| using spatial heuristics and an external
supervisory signal from a computationally complex segmentation algorithm to
identify the background class for images along the robot’s operating route. We
believe that this is likely to be the best approach, benefiting from training the

network on data most closely fitting the data observed at run time.
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Figure 4.12: DDFN pedestrian detection performance on a novel 5km Central Oxford
May urban driving test dataset. This is captured using the same robotic platform and
camera, but shares no overlap with the North Ozford training route. The models generated
by the DDFN do not generalise well as it has not been trained on scenes from this route,
underperforming compared to a general baseline model.
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4.5.6 Model Sensitivity

The results in Section indicate that the DDFN generalises poorly to novel
driving routes which differ from the training route. A further question is how the
DDFN responds to changes in appearance when the test route is the same as the
operating route the DDFN was trained for.

As a proxy for change in image appearance, we assess the DDFN’s performance
against the generic baseline detector when processing images with additive Gaussian
noise, increasing the standard deviation of the noise o at each step.

Figure shows the aggregate detection performance metrics (average precision
and log-average miss rate) on the test dataset with increasing noise. As the
magnitude of the noise increases, the performance gains from the DDFN drop,
degrading to a point below the generic baseline.

Based on these results and the route generalisation results in Section [4.5.5] we
expect that changes in image appearance (e.g., due to lighting or seasonal changes)
could have a significant effect on the DDFN performance. This sensitivity is a
consequence of fitting the detector models to the operating environment.

A potential strategy for mitigating this effect could be include a diverse range
of training data gathered from the operating environment. As data annotation
is difficult and time consuming, we see merit in pursuing the self-supervised data

mining methods used earlier in Chapters [2] and [3]

4.6 Conclusions

Conditioning detector models on the input image shows significant promise: we are
able to generate models fitted to places our robot has operated before, without the
need for explicit localisation. This is a powerful tool for local expert object detection,
and means that - when we are operating on a prior route - we are able to boost
object detection performance using local expert models without explicitly localising.

The DDFN framework provides an elegant way to define these models, as

the network encodes the place dependent nature of these models. This has the



4. Learning ‘Place’: Dynamic Detection Filter Networks 127

0.5r
——Baseline
——DDFN
04
c
S
R
§ 0.3
o
o
§0.2
o
>
<
0.1
O 1 1 1
0 0.05 0.1 0.15 0.2

Image noise (o)

(a) Average Precision

209

©

o

a

= 0.8

[}]

()]

©

© 0.7

>

<

(o]

So0s6
——Baseline
——DDFN

05 1 1 1 |
0 0.05 0.1 0.15 0.2

Image noise (o)
(b) Log-Average Miss Rate

Figure 4.13: DDFN pedestrian detection performance on the North Oxford January
urban driving test dataset, the same driving route as the test dataset. Gaussian noise
is added to the image to act as a proxy for changes in appearance, demonstrating the
sensitivity of the DDFN to changes in image appearance. The DDFN offers a performance
boost when the image appearance is close to the training data (i.e., zero noise added),
but drops below the generic baseline detector in the presence of higher noise.
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potential to provide greater extensibility as we train models on further operating
environments, allowing the network to capture significant aspects of the scene rather
than pre-defined model extents. One interesting observation was that the DDFN
network learns an implicit representation of place.

We see great potential for this approach to be applied to current deep learning
approaches in perception: both object detection and image segmentation. Condi-
tioning the model parameters on the input image allows these perceptual systems
to maximise the performance of these models for the given operating environment.
It is likely that higher capacity detectors (such as MSCNN or Faster-RCNN)
would equally benefit from this approach, particularly as the results in Chapter
indicated that model capacity was a key factor in determining the extent of
the ‘place’ for a local expert detector.

A particular challenge which will need to be addressed is the self-supervision of
such systems. Neural networks have immense representational capacity, but have
a tendency to overfit to data, requiring significant quantities of data in training.
This is both good and bad: we want the network to fit places we have observed
before (as Chapters [2| and |3| demonstrate), but this does mean it is likely to
perform poorly on novel places.

We believe the conservative approach to self-supervised data mining outlined
in Section m (also used in the self-supervised system in offers a potential
avenue to address this, and provide the volume of data required to effectively
train such networks.

This self-supervised training provides one possible avenue for overcoming one of
the disadvantages of these place dependent methods: their detection performance
in novel places. Using self-supervised training, the DDFN could learn novel places

as the robot encounters new environments and different driving routes.
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5.1 Problem Statement

This thesis seeks to address the fundamental question faced when deploying vision-
based object detection on robots: how can we maximise our perception system’s
performance in the robot’s operating environment?

We approach this problem using a characteristic unique to robotic systems.
Robots, even mobile ones, typically operate in the same place repeatedly, rather
than exploring new environments. At one extreme, static robots (such as a robot
manipulator in a factory) have an incredibly constrained environment: images are
taken from the same perspective of the same environment, likely with constant

lighting. In mobile robotic applications the operating environment is much less

129
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constrained. Nevertheless, there are still substantial constraints on the operating
environment for mobile robots, particularly in the context of autonomous driving.
Taking autonomous driving as our ideal use case for mobile robotics, the majority
of operating time is spent performing regular trips, such as regular commuting,
trips to the supermarket or local schools [23-26]. In addition, and perhaps more
importantly, autonomous cars are constrained to fixed routes with little variation in
perspective. These qualities means that, even if the route is novel to a certain robot
car, the route will have been driven by many other autonomous cars previously.
Finally, we also have the ability to localise along these routes, giving a mobile robot
vital additional information about what to expect at that point of the route.
The constraints on operating environment and the additional information
from localisation are a powerful tool which we exploit to boost the perceptual
performance of object detectors for mobile robots. This thesis investigates potential

methods for this.

5.2 Experience-Based Classification: Fitting De-
tectors to an Operating Environment

We began this work in Chapter [2| by evaluating a self-supervised detector training
process we refer to as Ezperience-Based Classification, or EBC. EBC provides a
framework to adapt detector models to a given operating environment by exploiting
scene context to validate detections, retraining the detector model on an augmented
training dataset with the additional rejected samples.

EBC improves a baseline object detector beyond the performance level achieved
through hard negative mining on a generic training dataset. This method facilitates
life-long learning in robot perception, learning from the environment the robot
experiences during operation.

Our experiments demonstrate that adapting a detector to the operating envi-
ronment boosts performance at the cost of generality, fitting the detector model
to a known route or season. However, this raises a number of research questions,

centred around what defines a robot’s perceptual experience.
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The results indicate that the granularity of operating environment we fit is likely
to be a major influence on performance. This is highlighted by the fact that training
a global model across all operating environments did not boost performance, as the
model was forced to generalise across a highly variable background data. We inves-

tigated this question of environment resolution further in the subsequent chapter.

5.3 Local Expert Detector Models

We have the ability to fit a model to a given operating environment, though we saw
that fitting a model to a number of operating environments (a ‘global’ model) did
not offer performance gains over a general model. This indicates that the resolution
of the operating environment we fit to is important.

Chapter [3] investigated this question. We performed experiments which con-
sidered an ideal case scenario, where we constrained the environment to a single,
known driving route for which we have ground truth object labels. We construct
a sequence of local expert object detector models for each frame in the mapping
route. Each detector model is built through hard negative mining a short sequence
of images centred on each mapping frame, fitting the model to a short segment of
the route. At run-time we use localisation to retrieve the model which most closely
matches the current live frame, applying that detector model to the image. As we
are interested in the effect of model resolution, we varied the number of frames used
to construct each local expert model, from a single frame to the entire map route.

The results indicated that the granularity of the environment captured by each
model is a significant factor on detection performance, limited by finite model
capacity. Model capacity refers to the ability of a given classifier to fit the data.
Single class object detection is fundamentally a binary classification problem, hence
the model capacity is dictated by whether the classifier can correctly separate the
positive and negative object classes. Model capacity will vary with the classifier
type, feature type, and the data itself (which will vary with operating environment,

i.e., the background class, and the target object class).
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The local expert detector is capable of exceeding the detection performance of the
state-of-the-art detector for our target object class (pedestrians), for a range of model
resolutions. The ideal range for our problem is using models built using sequences
of 10-100 frames. Models with too fine a resolution - for example, a single frame -
don’t offer the highest performance possible as the background class is extremely
small. This makes it more sensitive to slight variations in perspective and image
appearance than models trained with a larger negative class. Conversely, if we train
models for larger operating environments (defined as a longer sequence of frames),
the impact of finite model capacity becomes apparent. The detector’s classifier
cannot separate the two classes, hence it must generalise, degrading performance.

This results indicate that this approach offers the means to maximise detector
performance for a given operating environment. The key issues arising from this
are how to extend this idealised scenario (with perfect localisation, models for
every mapping frame, and ground truth labels). We focus on addressing these

deployment issues in a self-supervised manner.

5.4 EBC Deployment: A Self-Supervised Local
Expert Detector System

A key issue facing deployment of a local expert detector system is the absence of
ground truth object labels. Localisation error and models attached to key frames
are likely to only have a small effect on performance as these sources of error
are comparable to our ideal use case experiment. We need a mechanism for data
mining images from the robot’s environment in self-supervised manner, as labelling
these manually is infeasible at scale.

We have the beginnings of a self-supervised model construction method in
the work from Chapter [2] fitting an existing model a given environment by using
scene context to filter candidate detections based on scale estimates. We adopt
a very similar approach, but a scale estimate alone is insufficient here, as we do
not have the large generic negative training set used earlier. We augment this

approach using a further filtering stage using a state-of-the-art image segmentation
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algorithm, FRRN. This offers a reasonably good self-supervisory signal, particularly
when combined with the additional scale estimate. The computational time of
FRRN is prohibitive for real-time operation, though we do not need real-time
performance for offline model creation.

Using this two-stage filter for data mining, we compare the self-supervised local
expert detector system to the ideal use case where models are created using ground
truth labels. The system offers a performance improvement over our baseline general
detector, constructing local expert models without the need for labelled data. The
self-supervised system does not achieve the same performance gains as the ideal
use case, though this is to be expected as there will be some error introduced from
performing data mining without ground truth annotations.

From an analysis of the detector output, we see that the local expert detector
models are brittle: sensitive to dynamic objects in their environment. This is a
logical outcome, as the models have been trained on a snapshot of one pass through
that environment. A quantitative analysis of the detections confirms this, with
the local expert detectors (both ideal and self-supervised) generating substantially

fewer false positives on the static environment than the comparable generic model.

5.5 Learning ‘Place’: Dynamic Detection Filter
Networks

Our deployable local expert detection system works well, but has a number of
shortcomings. The system depends on a visual map of the robot’s operating
environment, relying on the localisation system to discretise the world - both spatially
and across appearance change. For our test scenario with a single experience, this
works well, however we do not have labelled data to exhaustively test this across
appearance change. Our system assumes that a experience in navigation also suits
an equivalent experience for perception: this is likely in many instances, but may
not always be the case. We would prefer to use models which vary with image

appearance, rather than using localisation as a proxy.
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We propose a Dynamic Detection Filter Network as a potential solution to
this problem. Here we train a neural network to condition the parameters of a
linear classifier model on the input image they are applied to, learning an implicit
representation of place. This approach demonstrates a similar improvement on
the robot’s operating environment.

An assessment of the DDFN’s scene encoding indicates that the network learns
an implicit representation of place, demonstrated by comparing the similarity
between scene descriptors of a training lap and evaluation lap of the same driving
route. We also see a strong spatial structure in the dimensionality reduction
of this scene encoding.

This method demonstrates the capacity of neural networks to learn a represen-
tation of place. We believe that this approach is likely to equally benefit higher
capacity modern neural network detectors, conditioning the network’s convolutional
filters on the input scene. A key challenge for this will be addressing the quantity of
training data needed for these networks, though we believe an approach based on the

conservative self-supervised data mining methods in Chapter [3| could address this.

5.6 Summary Remarks

This thesis investigated exploiting a known operating environment to boost percep-
tual performance in object detectors for mobile robotics. It presents six contributions

to object detection for mobile robotics:

1. We introduce the idea of experience-based object detection: using local expert
detectors suited to a mobile robot’s operating environment. This theme

underpins the entire thesis.

2. We present a method for constructing object detector models using self-
supervised data mining on unlabelled data based on spatial heuristics (Chapter

2)), and extend this with image segmentation (Chapter [3)).
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3. We assess the merits of fitting detector models to known categories of operating
environment: firstly to seasonal effects along a known route, and secondly to

seasonal and spatial effects incorporating both route and season (Chapter [2)).

4. We demonstrate an approach to building local expert detection models,
boosting performance by relaxing the requirement by strongly fitting highly
specialised detectors to a narrow window of operation (Chapter [3). This
approach mitigates the impact of limited model capacity for lightweight

detector models.

5. We design a system (Chapter|3)) to scale this highly specialised expert detector
approach to operate with unlabelled data, coupling object detection to an
experience-based visual localisation system. Quantitative and qualitative
results demonstrate the effectiveness of these models in their operating

environment.

6. We propose a more extensible approach which decouples the expert object
detector from visual localisation, instead relying on a deep learning approach

which conditions the detector model on the input image (Chapter {)).

In conclusion, place is important in mobile robotics as it provides us with knowl-
edge about the structure of data the robot must interpret. This is a powerful benefit,
and one which exclusively applies to robotic problems. We have demonstrated
that we can exploit this additional context in object detection systems, enabling
a lightweight, fast object detector to be competitive with a state-of-the-art object
detector trained solely on a general purposes dataset. We verified this approach
in the context of pedestrian detection for autonomous driving, though we expect
this to apply equally to other target object classes and robotic applications. As
computation resources available to mobile robots improves, we expect to be able
to run better, higher capacity detectors in real-time on mobile platforms. We
expect this approach to similarly improve performance for these higher capacity

detectors, as our results indicate that model capacity is a clear limitation on the size
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of operating environment fitted by a detector model. Fundamentally, this approach
to object detection allows us to maximise the performance of our object detection
systems in robotics, boosting the performance of an object detector constrained

by the computational needs of mobile robots.
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