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Introduction

Autonomous driving has been established as one of Uncertainty quantification techniques may be sub-divided i1nto Bayesian and
the major desirable technological breakthroughs non-Bayesian methods.

with Dboth 1ndustry and academia racing towards Bayesian Methods Non-Bayesian Methods

1ts realilsation. In this sense, deep learning has A ]

been a key factor as neural networks demonstrate "¢+ Monte Carlo Dropout '+ Deep Ensembles

high accuracy levels 1n a variety of autonomy- (Gal et al. 2015) (Lakshminarayanan et al. 2017)
critical tasks. Perception tasks, central to any "4 Stochastic Batch Normalisation ¢ Split-head Networks
autonomous-vision based system, have directly (Teye et al. 2018) (Tran et al. 2020)
benefited largely from such innovations. 4 Bayes by Backprop .+ Calibration
Nevertheless, the accuracy rises belng reported (Blundell et al. 2015) ) (Guo et al. 2017)

in literature are not necessarily followed by a . | | ¢ Direct modelling
rise 1n the confidence i1n these systems. For this ¢ Test-time Data Augmentation (Gast et al. 2018)

: (Ayvhan et al. 2018)
reason, 1t becomes paramount to study augmented !

Object detection

interpretability of neural networks, especilally
through the quantification of uncertainty 1in lagits [
perception models that could become a decisive —
factor in autonomous pipellines. Even so, research
. . =] e -
efforts on object detection do not generally sii Lt
provide uncertainty estimation for predictions, o bbox
focusing Only on improving dataset—dependent Input Backbone Detection Head Post-processing
metrics. What 1s more when availlable this
, ’ , ’ v MC-Dropout v MC-Dropout v Adapted-NMS o
uncertainty can not be used 1n downstream tasks o et a1 2015 (Gal et al. 2015)
al et al. (Meyer et al. 2019)
he 1incorporation of th im h n v Ensembles L.
as the COrpo at.F> ? these estimates as ot Y Ensembles | J/ Sample Statistics
been too explored 1n literature (Bhatt et al. 2020). On R (Lakshminarayanan et al. 2017 |
akshminarayanan (Miller et al. 2018)

. . - - . v Direct Modellin
this note, this research project aims to £ al. 2017) ( o g v Bayesian Inference
Gast et al.

conceptualise uncertainty 1nterpretations and
quantification methodologies for deep learning

(Harakeh et al. 2019)

based object detection for autonomous driving GOalS

applications. Furthermore, 1t 1s 1ntended to

provide a case study of the use of perception ‘1r; 1) Relationship between uncertainty interpretations and model

uncertainty estimates 1n downstream layers of the _

AV pipeline, such as decision-making, in order to expressiveness

showcase whether these estimates enable error v RAnalysis of a model through uncertainty

recovery (e.qg. misclassifications, missing v Analysis of the information carried by different uncertainty interpretations

objects) and thus enabling further fault-

tolerant, confident behaviour. Ci} 2) Study of new interpretations of uncertainty for object detection tasks

v Conceptualisation of an existence uncertainty that describes the confidence of the

network on whether or not it missed the detection of some object (s)
v/ Conceptualisation of other uncertainty interpretations and contexts

Work Plan

rﬁﬁ .?- 3) Uncertainty applications in downstream layers

L > v Conceptualisation of the incorporation of uncertainty estimates in a POMDP-based

decision layer
v Analysis of recovery from perception errors

Selection of object detection models

Uncertainty quantification

xid

Analysis of the models through uncertainty

—>

Conceptualisation of existence uncertainty

Research on other uncertainty : :
interpretations

Incorporation of perception uncertainties in a decision-making i :
framework : :

Evaluation of the application of uncertainty E _
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