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Abstract

Obstacle detection is important for many mobile robot aggtions and autonomous vehicles. There are
many systems that rely on range data to perform obstacletd@teHowever, their data is limiting to discern
among different classes of obstacles, they are sensitieertos in data registration and they are typically
expensive as compared to single camera solutions. Forgh#on, in this work we use a monocular color
camera as input sensor for labeling with high accuracy inpages or regions in obstacle/non-obstacle.

In previous work, this problem has been approached by udassgicers that locally label each image
part using features present in the part and/or its neigldmath However, this method ignores the existing
interdependencies among features of different parts ointlage. In this work, we address this problem by
using Conditional Random Fields (CRFs). They provide a ¢@rthl model that allows the use of richer and
global features while exploiting the contextual infornoatemong the different image parts.

However, we found that CRFs present some limitations. JFarstommonly used log-linear model for
CRFs separates different classes by using a linear condminaftweights and features. For certain data sets,
the use of a linear model to separate the different classekecimiting, which places CRFs in disadvantage
with kernel methods computationally less expensive, ss@ugport Vector Machines (SVMs). Furthermore,
in some applications, prior labeled may be available oa:lidpdating the CRF model every time new data
is available can be computationally very expensive.

In this paper, we describe an algorithm that allows the CRfdke use of user-de ned kenels for image
labeling. Moreover, we show that the CRF model can be modiethake use of prior and on-line data in
environments where prior and new data are gathered in the kaations. Finally, we show the effectiveness
of our method by comparing the performance of our algoritbra t.ogistic Regression (LR) classi er. We
perform experiments using both, synthetic data and imagentfrom a vehicle for autonomous vehicle

navigation applications.
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Chapter 1

Introduction

Obstacle detection is important for many mobile robot aygtions and autonomous vehicles. There are many
systems that rely on range data to perform obstacle detedilee use of range data can simplify the detection
of static obstacles (assuming good data registrationgaaslty for objects standing above the ground. Thus,
different obstacle detectors have been built by using lem@ge nders, radar, stereo vision and ultrasonic
Sensors.

However, these sensors have some limitations. Ultrasamsass suffer from specular re ections and
poor angular resolution. Depth from stereo requires a tegtenvironment to work correctly. LADAR
sensors, although more accurate, contain mobile parteindbesign which makes them complex, expensive
and susceptible to mechanical failures. Furthermore, thqyire extra hardware to scan the scene and a
precise calibration.

In contrast, monocular camera-based solutions are inexmoompared to range-based solutions and,
in many cases, they provide enough information to detediacles. In this work, we design an obstacle
detection algorithm based on a single color camera that earsed for obstacle avoidance in autonomous
vehicles. The obstacle detection is performed in the imesy@é. The image is divided into small regions,
and every region is classi ed as obstacle or non-obstacle.

Although this approach has been used in the past (i.e. [Dina& €003]), we signi catively improve
the classi cation task by exploiting the existing contekdifferent parts of the image. We use Conditional
Random Fields (CRFs), which model the conditional distidyuof labels given an input data. CRFs do not
model the relation between the variables in the input magkich could be complex. Instead, they use a
conditional model, which is suf cient for classi cation drallows the use of global and richer features than

other generative approaches (i.e. Markov Random Fields=$)IR

1



2 CHAPTER 1. INTRODUCTION

Furthermore, CRFs allow for a parameter estimation guaeghto nd the global optimum due to the
convex property of their conditional likelihood functidm.the past, their main limitation was the use of slow
training algorithm (such as iterative scaling -11S-); hawe recent advances in Conditional Random Fields
theory have found ef cient algorithms for parameter leagnand inference in general CRF graphs.

We found that CRFs can present some limitations. First, timenconly use log-linear model for CRFs
separates different classes by using a linear combinafiaeights and features. This conclusion is derived
from the form of the CRF model, which can be represented as af $egistic regression (LR) classi ers
connected by weights. For certain data sets, the use ofar linedel to separate the different classes can be
limiting, which places CRFs in disadvantage with kernel moels computationally less expensive, such as
Support Vector Machines (SVMs).

A possible solution to the linearity of the CRF is the use dfedéent kernels with the hope that, in the
projected space, classes become linearly separable. sTthis approach taken by Support Vector Machines
(SVMs), which allow to choose the kernel better suited ferdlassi cation task. However, SVMs try to nd
the better classi cation locally for every part of the imagkereas CRFs are able to nd better solutions that
are globally more coherent. Thus, we extend the log-linkascers in the CRF to be able to support custom
kernels as SVMs do. Given the connection of CRF with LR, aagproach could be to use a Kernel Logistic
Regression (KLR) classi er at every site in the CRF. Howetlee training process of KLR produces as many
weights as training samples. That s, the kernel space isatkby all the samples in the training set, making
it computationally very expensive for its use in large datsslet alone in a CRF structure. In this work, we
use Import Vector Machines (IVM) at every site in the CRF stuwe, which unlike KLR, they nd a subset
of training samples to de ne the kernel space.

We would like to remark that Kernel Conditional Random Fgeldere initially introduced by Lafferty
et al. [2004]. However, our method differs in the way the ledspace is learnt. Unfortunately, we did not
perform a explicit comparison of these two methods.

Another problem of CRFs is the dif culty of updating their igats in real-time as new labeled data
comes. For instance, in agricultural domains, vehiclegedover the same places multiple times. We would
like to exploit this property, labeling the environment enaend then reusing the labeled data for obtaining
better labelings of the input data. Moreover, the imagesetiee classi er makes mistakes could be sent to
a human operator who could provide a hand-labeled grouridl image for each con ictive case. However,
adding this information to the training set would requirarling the CRF weights again, which can be
expensive to be computed in real-time.

We address this problem in situations where the input datdoeaeferenced to the on-line and prior data

by using pose. This allows us to use portions of the referdate (the ones tagged with the closest pose to
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the input data) as features in the CRF model. In some casse #dded features increase signi cantly the

labeling accuracy of the CRF.

1.1 Related Work

In the obstacle detection and avoidance eld, Dima et alOB]@resented an algorithm for obstacle detection
which combined the information provided by different senso the image frame. The data from each sensor
was transformed to image coordinates, thus each part ofitage contained features from the image plus
features from other sensors (i.e. infrared, LADAR, etchafly, the image was divided in squared patches
of xed size, and a linear classi er was used to label eactcpabhdependently. The main bene t of using
this approach is that it can work with heterogeneous senpasrong as data from each sensor transformed
into the same reference frame. However, its main limitabomes from the simplicity of the classi cation
process that assumes independence among all the partsnmabe.

In this paper, we use the a similar approach in our experigsaith images for obstacle detection. The
fundamental difference between Dima et al. [2003] apprcawth ours is that we design and use a more
versatile classi er that allows us to exploit the contextudormation inherent in an image. The use of
context in images for labeling its parts is not new. Markown&am Fields (MRFs) have been widely used
for imposing smoothing constraints in the labels. In the MRifework, the observed data is assumed to be
conditional independent which can be very restrictive ims@pplications. That is, MRFs try to model the
joint probability distribution,p(x;y), where the variableg represent the labels that we wish to predict and
the input variables represent our observed knowledge (i.e., intensity of pikelan image). Modeling the
joint probability distribution can lead to dif culties orven be intractable with models with many features,
because it requires to modg(x), which can include complex dependencies. However, fatiindo so may
reduce performance.

Unlike MRFs, CRFs model directly the conditional distrilomt p(yjx) [Lafferty et al. 2001], which is
simply a conditional distribution associated to a Markowmsk (MN). The relations between the input
variablesx do not need to be explicitly represented. CRFs have beeninsiee past for image labeling. For
instance, Kumar and Hebert [2004] showed that using CanditiRandom Fields (CRFs) for image labeling
can increase performance in some applications (i.e. diegectan-made structures in natural images). Tor-
ralba et al. [2005] uses discriminative random elds foredijsegmentation in an image. Also, this idea has
been extended to segmentation in video sequences [Wang 2005]. CRFs have been used for estimating
the probability of an object given its parts in an image [Quuaitet al. 2005].

The CRF model imposes, in essence, a linear combinatiorabfries at each site, which can be a limiting
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(a) Model for a Markov Random Field (MRF). Each data nede (b) Model for a Conditional Random Field (CRF). Edges betwee

is independent of the others given the labglsEdges between two nodesy;,y; may depend on the data Local decisions propa-

label nodes; do not contain data; thus, local decisions propagatgate along the structure, but unlike MRFs, they take int@ant

along the graph structure without a supporting evidenceis Thhe data. Note that this feature makes the entire struceperd

may result in oversmoothing. dant on the data as a whole. That is, this model does not assume
independence of the data at each sitgiven the labely.

Figure 1.1: Probabilistic models compared: MRF graph stmgcin 1.1a vs. CRF graph structure in 1.1b.
Besides the structural differences, there exist other mapbdifferences among the two models: MRFs are
generative models whereas CRFs are discriminative models.

constraint. There have been extensions to the CRF modeki@awe this limitation, which allow the use
of custom kernels, such as the one proposed by Lafferty gt@04]. In general, the possibility of changing
the kernel allows the model to adapt better to a speci c poblesulting in better performance. In this
work, we present a different approach to the one presentéafigrty et al. [2004] that allows the use of a
custom kernel at the CRF sites. Both methods make use of KMeeticeorem to bene t from different kernels,

however they differ in the way the kernel space is learnt.

In this paper, we present a CRF model, describing a proces$sdiming its parameters and doing infer-
ence. Sutton and McCallum [2006], Wallach [2002] are godrbatuctions to CRF and they describe how
to learn parameters ef ciently for chain-CRF. Extrapatatfor parameter learning and inference in 2D CRF
(lattice structures) can be found in [Liao et al. 2005] and-eria the image context in [Kumar and Hebert
2003] and [Kumar et al. 2005].

In section 3.1, we describe a CRF model that supports mialsisclassi cation and a user-de ned kernel.
In section 3.2, we show a procedure to take advantage of gaitar (in case we have some available) in the
CRF model. This feature can be useful in domains where tlesiata receives on-line labeled examples
in production mode or in cases where the training images k@dniput images are collected in the same
environment. The aim is to improve the overall accuracy.

We show the effectiveness of our CRF design in a batch of @xpats. First, we show theoretical
advantages of using context in image de-noising applicatidhen, we show that these advantages hold when
segmenting real-world images in several experiments. lligin@e show several comparisons and relative

advantages of using context, non-linear kernels and péta ith obstacle detection tasks with a color image.



Chapter 2

Conditional Random Fields

2.1 Model

A Conditional Random Field (CRF) is an undirected graphimatel in which edges represent conditional
dependencies between random variables at the nodes. Thbulisn of each random variabig is condi-
tioned on an input sequenge The conditional dependency of the random variables @de ned by using
feature functions with some associated weights. Togethey, can be used to determine the probability of
eachy;. Dependencies among the input variabledo not need to be represented because the model is con-
ditional, affording the use of complex and rich featureshaf input. Thus, CRFs are discriminative models,

that is, they modep(yjx) .

In a general way, to model the conditional probability dimition of a sequence of labejsgiven the

observations, p(yjx) takes the form shown in equation 2.1:

. 1Y
PYX) = 57— c( o) (2.1)

Z(X) c2C
where ¢( ¢) is a potential function that depends on the variables inustetc (de ned as ). Z(x) is called
the partition function, and it is a normalization factor take sure that ,, p(yijx) = 1. It depends on the data,

therefore it takes different values as the inpdt¢hanges. are potentials of the form shown in equation

Bold letters denote an array of elements or variables. kamxtre represented by non-bold letters followed by phesws, i.e.
p(x). All non-bold no-function letters represent variables.the CRF context, unless stated differendydenotes data angldenotes
labels. Sub-indexes denote elements of the arrayxi.denotes the data at the i-th nodg.denotes the label at the i-th nods;;y;g
denotes a pair of labels gfat nodes; j. y = fy;;yjgrepresents all pair of labels of adjacent nodey efjual to the paify;;y;g y™
denotes the m-th sequenceydfbels.
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2.2:
8X g

ol o) = eXp; kfk(Xc: Yo)3 (2.2)
p ;

wherex.;y. 2 . andfy is featurek function overx andy.

In this work, we use CRFs for image labeling and we conneanthsing a 2-dimensional (2D) grid
of edges (in a lattice), forming an undirected gr&phl= (V;E). V are the nodes or vertices aidare the
edges. By de nition, in an undirected graph, a clique is ao$etodesV such that for every two nodes W
there exists an edge connecting the two. In a CRF with adasticicture, the maximal clique is a set of two
connected nodes.

Every node and every edge contain a potential function thataies on a subset of the random variables
presentirG. By de nition, the absence of an edge between two nodé&simplies that the random variables
represented by these nodes are conditionally independestt gll the other variable random variables in
the model. The potential functions in every node must tleeeeénsure that it is possible to factorize the
joint probability such that conditionally independentdam variables do not appear in the same potential

function. Thus, we de ne the conditional probability dibtition of the CRF as shown in equation 2.3:

p(ij)=flx)Qizv (Xi;Yi)Q(i:j)ZE (¥i5Y5; %5 X))

(2.3)
Z(X)=PyQizv (Xi;Yi)Q(i:j)ZE (Vi Yis %i; X))

where, functions are of the form:

p 0
(X ¥i) = exp i kyOk(X)

p (2.4)
(Vi3 Yis X X)) = eXP - kyy; fi(Xis %)

Weset 2<Kland 2<KULL Listhe number of different labels or classes #his the number of
features. Unlike other representations found in the liteeg we chose functiorgx andfy which only depend
on the data, and not on the labels. Because of this repréisentae weights are the ones that depend on the
labels. Thus, to account for the different clasdes, 1 hyper-planes are needed. The total number of node
weightsis L 1)K and itis equivalentto use K node weights and s&k = 1::K . = 0. We chose the
edge weights to be the absolute value of the difference t¢difeain adjacent nodes. Hence, the total number
of edge weights in this representatiorLis L K because we need as many weights as node features and
combinations of pairs of labels. However, we restrigt = 8l , s, which reduces the number of edge
weightstoL K.

Figure 2.1 shows an example of using a CRF graph latticetstiéor labeling parts of an image. The

image is divided into small regions, and every region isgas=il to a node in the CRF. Then, each node is
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Figure 2.1: CRF applied to segment animage. The feagyra® locally computed in each path of the image.
The edge featurdg are computed using two neighboring patches. Each node isected to its immediate
neighbors by edges forming a 2D lattice. Note that the cotmezamong the nodes allow to every node to
in uence the others. Also, note that the edge features aaatlle features depend on the image

connected to its adjacent neighbors by the edges in the gtaptture. Nodes image data to make its local
decisions. These decisions are propaged through the éntige by means of the edges, which also may
depend on features extracted from the image.

With the parameters and de nitions above, the full modeltfa conditional probability distribution of a

sequence of labelg givenX takes the form shown in equation 2.5:

(0]
Ky F(Xi3 %) R
K kyy fOxis %)

Xp gk(x) + P i
. v k ky GklX (i)2E K
plyix) = p P—P P—P (2.5)
yEXP vk kyOk() (i)

In summary, the set of parameters for the CRF in our reprasentis the union of the node weights and
the edge weights (= f 1.1 17 1:x1:10, giving atotal ofK (2L 1) parameters. In the next sections

we will show a way of learning these parameters using a trgisét of labeled images.

2.2 CRF and Logistic Regression

It is interesting to note that the model de ned in 2.5 consa@nlogistic regression classi er in each node.
Simply, by setting the edge weights to O (i.e., de8igj 2E yy, = 0) it is easy to see that every node
contains a multi-class logistic regression classi er.Histtase, the full joint probability distribution is de ned

by equation 2.6: P p o
, exp vk kyOk(X)
plyix) = ¢ P—Pp 0 (2.6)
yeXP vk kyOk(X)
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Each clique is independent of the others; therefore we caondpose equation 2.6 to get theftmax

function at each node:

np o
Y Y exp Kk kyGk(x)
POy = ply =yix) = e o (2.7)
i2v v 1+ J27 eXp i kyGk(Xi)

This relationship is very convenient because we can easiig &ind test CRF and LR using the same
framework. It also allows us to use LR weights in the CRF mdaiehitialization, reducing signi cantly the

learning time of the parameters of the CRF model.

2.3 Inference in 2D CRF

It is worth noting that inference problems like marginatiaa and maximization are NP-hard to solve exactly
and approximately (at least for relative error) in latticaghical models, and in general, for most of the graph
structures. In a CRF graph model, maximization is to nd thesirikely sequence of labejsgiven an input

X. For instance, in a image labeling problem this would allewa nd the most probable explanation of

labeling for an image. In order to nd these labels we needatmpute:
8
gX X X X

1
ym = argmax; < exp ky Ok(X%) + ey k(X3 %)
y () '§i2V k (i)2E k :

(2.8)

=N /O

However, ndingy™®*exactly is infeasible in practical cases for 2D CRFs. A bfatee algorithm would
need to explore all possible labelings, which in a binary @RBize 24 32 would be 15 1073, To put
this number in context and give an idea of its magnitude, ti@tethis number is considerably larger than the
number of atoms of the observable universéfIGhampion 1998]). In theory, the marginalization problem
for graphical models with loops is #P-complete and maxitiozais NP-complete. Hence, we need to use

methods for approximate inference.

There are several methods in the literature for approxinmiéegence in graphs (i.e. maxent -although
only works for binary labels-, variational methods, Montarld methods, Belief Propagation, etc...). We
decided to use BP for approximate inference, because i¢ gived results, in practice [Murphy et al. 1999].
In this section we describe the Belief Propagation algoritbr approximate inference in graphical models.
Furthermore, we show an interesting and important conmeetxisting between BP and the physics concept

of “Free Energy”, which will be useful for parameter leamin a 2D CRF.
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2.3.1 BP algorithm

Belief propagation is an iterative algorithm for computimgrginals (sometimes called beliefs) of functions
on a graphical model. Marginal probability is the probabitif one event, regardless of the other event and it
is obtained by summing (or integrating, more generally)jtiire probability over the unrequired event. This
process is called marginalization. In our notation, giveat tve have one random variable per node, we refer
to the marginal probability of nodeasb; and the marginal probability of nodeg asb;.

BP algorithm produces exact results for the marginals iest{®earl 1982] and polytrees [J.H.Kim and
Pearl 1983]. Pearl [1988] suggested this algorithm as anoappation for general (loopy) network. It is
an ef cient inference algorithm on trees and has demoredirampirical success in numerous applications
including low-density parity-check codes, turbo codesefenergy approximation, and satis ability.

When it is applied to graphs with loops, it is sometimes chfleopy” BP. This algorithm functions
by passing real-valued messages across edges in a graplidael. However, the precise conditions under
which loopy belief propagation will converge are still nagNwunderstood; it is known that graphs containing
a single loop will converge to a correct solution [Weiss 2000 the general case, no guarantees exist, and
there exist graphs which will fail to converge, or which volcillate between multiple states over repeated
iterations.

Below, we describe the basic BP algorithm. Thus, corresipgrtd the two types of inference problems,
there are two types of BP algorithmsum-producfor marginal estimation anchax-producfor Maximum
A Posteriori (MAP) estimation.

Sum-product for marginal estimation

In the BP algorithm, we introduce a “messageg;(y;) for each pair of neighboiisandj, which is a distribu-
tion (not necessarily normalized) sent from nodkeits neighborj about which state variabig should be in.
The messages propagate through the graph until they canvEhg marginal distributions can be estimated
from the messages after the algorithm converges. The folfplines contain a brief of the different steps of

the sum-product BP algorithm for marginal estimation.
Message initialization All messagesnj(y;) are initialized as uniform distributions ovey.

Message update rule The messagmij(y;) sent from nodé to its neighborj is updated based on the
potentials (y;), the pair wise potential(y;; y;), and all the messages received from its neighbors other

thanj. X v
my(y;) = i) (i yi) mi(Yi) (2.9)

Vi k2n(i)nj
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Figure 2.2: Example of message passing in Belief PropagéiB) algorithm.

Message update orderThe algorithm iterates the message update rule until ¥eaes. That is, until

all nodes agree on their messages. The order in which mesaegepdated might affect convergence.
The message update schedule determines when a messageaante will be used by that node to
compute messages for the nodes' neighbors. In a synchrapalase schedule, at a given timpeach
node computes the message for each neighbor. Once everjhasdemputed the messages, they are
delivered to the corresponding nodes and, at timel, they are used to compute the next round of

messages.

An asynchronous update schedule does not follow this rutethis method, nodes propagate their
messages in one direction and update each node immedigtelynstance, if the direction chosen is
from left to right, then at time, nodei produces a message to ndde 1, nodei + 1 uses message
from nodei and produces message to nade 2,... Note that by using this scheduling technique,
the information from the node in the left is propagated tigtoall the nodes in the same row till the
rightmost node in one iteration, accelerating the conwergef the algorithm [Tappen and Freeman
2003].

Convergence conditions To test whether the algorithm converged, BP measures ffexatice be-
tween the previous messages and the updated ones. Thegemeicondition is met when all the
differences are below a given threshold. At this point, wenstimes say that the graph model is

calibrated.

Finally, we compute the marginals at every node as follows:

Y
bly)/ () mji(yn) (2.10)
j2n(i)
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And also, at every pair of nodes:

bly;yi) /- (vi) (v)) (Visyi) Y Mii(Yi) Y m; (y;) (2.11)
kan(iynj 12n(j)ni
It is important to remark that this algorithm can lead to @xaéerence if applied to trees or poly-trees.
However, when the structure has loops (such as in a 2D CR&BRhalgorithm does not necessarily obtain
exact marginals (although it may return good guesses) ormoayven converge. Fortunately, empirical
experiments [Murphy et al. 1999] show that loopy BP oftenvesges to a good estimation of the correct

posterior.

Max-product for MAP estimation

It is basically the same algorithm as sum-product. Howemstead of computing the sum of all the product
of messages, we compute the maximum. In this case, messagds aed asrrﬂ‘a’(yi) and update rule

becomes:
Y

My = max () (ey) ) (2.12)

k2n(i)nj

When the algorithm converges, we can extract the MAP beliedah node by computing:

Y
by) /() miw) (2.13)
j2n(i)
If there is a unique MAP con guratiory , then the components gf are simply the most likely values

according to the MAP belief.

2.3.2 LBP for 2D-CRFs

In order to apply the Loopy BP algorithm in our 2D CRF model, nezd to compute messages from one
node to another. For this task, we need to compute the patenty;) and (y;;y;). Using the notation of
section 2.1, the potentials at every nodg;) are given by:

8X 9

3 2
(Vi) = exps Ky G(Xi)3 (2.14)
’ :

The potentials in the edges are: 8
X

3
(Visy)) = exps kyy, filxis X))
K

=W Iweo

(2.15)
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We use asynchronous message passing in a zigzag path,ngpatmodes in the 2D CRF. We reverse
the direction at every iteration. Therefore, the informatirom all the nodes in the model gets propagated
through the entire model in just two iterations. Furtherejowe use message damping in order to help
converge of LBP (note that LBP may have convergence problemsaphs with loops, such as the one in a
2D CRF).

2.3.3 BP andBetheFree Energy

There exists an important connection between the inferpnalelem in CRFs and the physics concept of
“Free energy” that not only allow us to understand better p@dorm parameter learning in a 2D CRF, but
also to justify the BP algorithm even in graphs with cyclascfsas 2D lattice CRFs). In such graphs, the

MLE principle is commonly used in order to learn the parameete) that make the data most likely. That is,
max = argmayp(yjx; ) (2.16)

Note that if we compute the objective functigo(¥jx; )), and its gradient, then there are many optimization
techniques available to ef ciently nd the parameterghat maximize the likelihood of the labels given
the data. However, as we stated above, compupiiyix) involves computing the partition functian(x),
which can be infeasible in practice. Hence, in cases wer@dlhiiion function cannot be computed, it is

approximated.

Variational methods, such as mean- eld, use the value ofpidugition function of a simpli ed graph
model in which is possible to compu#x) (i.e. mean- eld is able to establish an upper bound for the
partition function by using this technique). As we will seser, the connection of BP and the physics
concepts of “free energy” shows that BP is in fact doing iafee in a simpli ed model in a similar way as
mean- eld does. Thus, by using BP as inference engine, weagatpute an approximation for the partition
function that help us to compute the objective functip(yijx)). In the following paragraphs we give a short

view of theBethefree energy and its relation to BP.

Starting with the idea of using a simpli ed and tractablepranode, leP be our probability distribution
andQ be an approximation tB. Let D(PjjQ) be the Kullback-Leibler distance (KL-divergence) betwélge
two distributions. KL-divergence of two distributions iso@ly when the two distributions are the same, and

it is > 0 otherwise. We can relate terms 1@y@ndD(PjjQ) using the equation below:

log(2) = F(P, Q) + D(PjjQ) (2.17)
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whereF (P, Q) is the energy functional andare the maximal cliques in Q:

F(PQ) = : Eqllog ]+ Ho(Y) (2.18)
2P

If Q were the exact distributioR, then it is easy to show th&(QjjP) = 0 and logZ) = F(P, Q). However,
in general,Q is an approximation oP which makesD(QjjP) > 0. Therefore, sinc&(P,Q) log(Z), we
can usd-(P; Q) as a lower bound for lo@(). Note that the complexity of the computationfefP, Q) depends
on the complexity that we choose fQ because its computation is de ned in terms of clique®in For
our convenience, we may want to chodelistributions that factorize in a way that we can compu (i.
consider ally; independent). Of course, the quality of the approximatiblog(Z) depends on how weld

distribution approximateB.

According to Yedidia et al. [2003}; is sometimes called the Gibbs free energy. Note that valti€s o
close to logZ) reduce the KL-divergence betweBrandQ. In the mean- eld theory, this relationship allows
to approximate the Gibbs free energy by tractaDldistributions [Jordan et al. 1999] (typically, loopskn

are removed to obtai®). This approximation is called variational free energy.

In BP framework, theBethefree energy is approximatedr can be expanded as the sum of two terms.
The rstterm is called the average energyand the second term is the entrdgy In a pair wise CRF, the

average energy has the form:

X X
E= Epflog( (v)]+  Ep,llog( (vi:yi))l (2.19)
i2v ij2E
whereby; is the belief for the edge connecting nodesdj, b is the belief for nodé, and are the potentials
for nodes and edges. The entropy is harder to obtain and ierglerit must be approximated. We could
compute the entropy if it were possible to express the jdsttidution in terms of one and two node beliefs.
In such case, the joint probability distribution can be teritas:
Q
i by yg)
b(X) = @——571 (2.20)
i bi(yi)®
whered; is the number of neighbors for noddn this case, it is possible to compute Betheapproximation
to the entropy term as:
py X X

Heethe = (di 1Hp[bi] Hi, [b(Yi; )] (2.21)
i2v ij2E

This approximation will produce exact results in graphsheitt loops. However, in graphs with loops,

the Betheentropy will only be an approximation. By using this approation, we can computEgethe =
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E + Hgethe Which is aBetheapproximation to the Gibbs free energy. This approximatsoaqual to the
Gibbs free energy in a graph without loops, and given thaeBBropagation (BP) gives the exact marginals
for graphs without loops, the BP beliefs are the global mamohtheBethefree energy. In a graph with loops,
Yedidia et al. [2003] showed that BP xed points are statiyr@oints of theBethefree energy.

We can use the equations 2.19 and 2.21 to approximatewever, note that unlike the mean- eld theory,
in the LBP framework the approximation féris not guaranteed to be a lower bound for Bg{which can
lead to convergence issues(i.e. negative energies). Hnefgetter approximations than those produced by
LBP which, in a general way, consider messages betweem®i@ graph instead of individual nodes. This
set of algorithms is known as Generalized BP (GBP). Thersavreral ways of de ning the set of regions in
a graph that can exchange messages. One method uses idedisdatl by Kikuchi in the physics literature,
and is known as Kikuchi's cluster variation method [Yedidiaal. 2003]. Thus, Kikuchi energy relates to
GBP asBethefree energy to LBP.

In our work, we use th8ethefree energy approximation to get an estimate of the pantftimction. We

approximate the energy functiorfalby putting equations 2.19, 2.21 together:

. X X X X
F(RQ = Epllog( (yi))I+  Epllog( (vi;yi))] (di DHy[bi]+  Hp,[bi] (2.22)
i2v ij2E i2v ij2E
whered; are the number of neighbors for noddy; is the belief of node, by is the belief of nodesj and
are the potential functions de ned in the graphical modgl}. is the energy operator over a probability
distributiona:
X

Eaf 1= a(v) (2.23)
v2a

andH, is the entropy operator over a probality distributan

X
Hala] = a(v) log(@a(v)) (2.24)
v2a

Note thatF is approximated by becauséy; and bi; are computed using LBP. Ifi, bj; were exact then

equation 2.22 would compute exacBy

2.4 Maximum Likelihood parameter learning

Maximum likelihood estimation (MLE) is a popular statistiecnethod used to calculate the best way of tting
a mathematical model to some data. Modeling real world datastimating maximum likelihood offers a

way of tuning the free parameters of the model to provide amapn t. In our work we use the MLE
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principle to learn the parameters)(such that the log-likelihood is maximized. The algorithesames that
we are given set of i.i.d. labeled image€®Y™) 2 M. Then, it estimates the most likely parameters given
the data. The data likelihood for a CRF model is given be egn&t25:

Y

IC)=" p(yix™) (2.25)
m2M

We nd the parameters by maximizing the log-likelihood of the data as shown in 2.26
X X X X X X

logl( )= kynGk(X") + ryrfi(X ) 10g(Z(x™)) (2.26)
m i2v k m (i§)2E k

The gradient of the log-likelihood is computed by taking tlegivative over the parameterg: 2.27:

8 9
X 8X X X E

). § 0" =Dad) e POy = IixMg (227)
K m * 2V i2v 8y !

The derivatives overys yield to the same results but replaciggby fx and summing over pairs of labels. In
both cases, the rst term is the value of the featugeander the empirical distribution. That By=1.x[dk]-
The second term, which arises from the derivative of40g, is the expectation ofx under the model
distributionp(y = Ijx; )p(x). That is,Epy=ijx; )seo[9k]. Simplifying, the gradient of lo¢( ) can be expressed
as:

990 = Epyeinglgd  Epyeii )poo[9id

R (2.28)
@?@9’:@’ = Epwy=ti:sgnlfid  Epy=fi:six; ypeo[fil

Unfortunately, there is no analytic solution to this eqoatisetting the gradient to 0 and solving fodoes
not always yield to a closed-form solution. Thus, an iteaélgorithm is needed in order to approximate the
optimal solution. Note that the function ldg ) is concave, which follows from the convexity of functions
of the formg(x) = log Pi expx;. This property shows that every local optimum is also a dlojpéimum.
Adding L2 regularization to the log-likelihood (i.el? r=1 —i) ensures that lokf ) is strictly concave, which

implies that it has exactly one global optimum.

Thanks to this property, methods like steepest ascent casduk although they require too many itera-
tions to converge making them slow. Newton's method can emyemuch faster because it takes into account
the curvature of the likelihood. However, computing the $i@s can be expensive, too, since it is quadratic
in the size of the parameters. An intermediate solutiontfizrpproblem is to use quasi-Newton methods, such
as the Broyden-Fletcher-Goldfarb-Shanno (BFGS) methadyj@n 1970, Fletcher 1970, Goldfarb 1970,
Shanno 1970].
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The BFGS method is derived from the Newton's method in otation. In Quasi-Newton methods, the
Hessian matrix of second derivatives of the function to b&imi&ed does not need to be computed at any
stage. The Hessian is updated by analyzing successiveegtasictors instead. Quasi-Newton methods are
a generalization of the secant method to nd the root of th& derivative for multidimensional problems.
In multi-dimensions the secant equation is under-detezthiand quasi-Newton methods differ in how they

constrain the solution. The BFGS method is one of the mostesstul members of this class.

Vishwanathan et al. [2006] presented an interesting d&cnsbout different methods for learning CRF
parameters and their performance. In this work, we choseBf@thod for parameters learning in CRFs,
given its rapid convergence (requires few iterations tozeoge). In order to use the BGFS method, we need
to compute the conditional log-likelihood and its gradiekd described above, this requires the computation
of Z(x) and doing inference, respectively. We use LBP for bothdaakd we give the details of this process
in the subsections below. Note that once we can compute fleetade function and its gradient, we can use

many optimization routines to do the maximization of the-lixglihood (we are not restricted to just BFGS).

2.4.1 Estimating the log-likelihood

In this section, we show a way to approximaifyjx™). Equation 2.5 shows the terms that we need to
compute. The numerator can be easily computed if we knovhallabels in the training images. However,
the denominator, also known as the partition functgr), sums over all possible combinations of labgls
in an image. As discussed before, it is infeasible to do tbisputation exactly in the size of the graph that

we are using.

Notwithstanding, the partition function can be approxietatAs described in section 2.3.3, there exists
a connection between this problem and the physics concépre¢ Energy”, which allows establishing an
approximation foZ(x). More exactly, consider the marginals returned by BP agpanoximation to the true
distributionP, and let us call iQ distribution. Referring to equation 2.1D(QjjP) is biggerthan 0 ilQ, P
and 0 ifQ = P. Hence, if we can compute exacHyP, Q), we can establish a lower bound fog(Z). It turns

out thatF (P, Q) can be approximated using BP, as shown in equation 2.2, Tveiuse- (P, Q) as log@).

Note that in the theory of mean eld; (P, Q) establishes an upper bound of the true free energy. However
this is not generally true when using BP becauseBbtheentropy and the free energy computed is only an

approximation. In practice, we found that using this metivodks well if BP converges.
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2.4.2 Estimating the gradient of the log-likelihood

Equation 2.28 shows that computing the gradient of the ikg#hood requires computing expectations of
features under the model distribution. In its turn, it regaidoing inference in the graph model. In chain
CRFs, these computations can be performed ef ciently bpagisorward-backward algorithms, which are
computed for every training image since the marginals antitipa function change with the input. However,
the size of the graph that we use in this context (232 nodes in a lattice) spans a tree-width too large to
allow the exact computation of the marginals.

Note that if we had approximations of the true marginal thstions at each site(p;(y;jx"), and at each

pair of sites andj (pi;(yi; yjix™; x[), we could compute the expectations:

P .
Epw=iix; peolOkl =y, (X)) pi(yi = 1jx)

P _ (2.29)
Epw=iisai poolfid = iy, ici39)Pi (i = Ly = siX)

As commented in section 2.3.3, we can use Belief Propagé@Bi) to get approximations to the true
marginals. Note that by using these approximations to theertrarginals, we are replacing the exact gradient
of the log-likelihood by an approximation. However, thigpagximation accounts for the number of errors
that the prediction makes on the training sequence (as lengaise the same inference algorithm for training

and testing).






Chapter 3

Extensions to the CRF model

3.1 The Kernel trick and Kernel Logistic Regression

Logistic Regression is a discriminative linear classi lkeat estimates thp(yjx) by using a linear combination

of features ofx: =3
o0 = — o Y
- Py= P ©

1+ iﬁ texp k kyGk(X)

(3.1)

By applying the kernel trick, one can convert a linear classlgorithm into a non-linear one by using
a non-linear function to map the original observations mteigher-dimensional space; this makes a linear
classi cation in the new space equivalent to non-lineassi&ation in the original space. This is done
using Mercer's theorem, which states that any continuomansetric, positive semi-de nite kernel function
K(x; Xj) can be expressed as a dot product in a high-dimensionat spaplying the kernel trick to equation

3.1 we get: p o
o &XP o yos iyK(XT X))
p(y"jx™) = P

| —o (3.2)
y=18XP 25 iyK(X™X)

whereS is the space of vectors that span the kernel. In order to asithe parameterg, we can maximize

the log-likelihood of the data:
8 9
X 8X X1 p N
logl( )= g  iyKKX™x) logfh+ e xw vk (3.3)
m " x2S y=1 ’

As with LR, the log-likelihood is a convex function, and ifgessible to compute the gradient and the Hessian

of the log-likelihood. Thus, equation 3.3 can be maximizsithg Newton-Raphson methods. However, one

19
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(a) 2D-data for two classes is not separable using a lineasiel (b) 2D-data in gure 3.1a projected in a quadratic kerneldrees
er. separable using a linear classi er.

Figure 3.1: Example of a dataset not linearly separable énattiginal dimension space, but it becomes
separable after using a quadratic kernel. Note that in ttasnple we augmented the dimensionality of the
input space by 1.

must take into account that there are several performantpes by using this method:

Computing the kernel matrix in a large dataset is computatlp expensive @(N?), whereN is the

number of training examples).

To use the Newton-Raphson method, one must invéit aN matrix at each iteration, increasing the

computational cost of the training algorithm to the orde©gR?3).

In practice, most (if not all) ; have non-zero values, which increases the cost of clasgisamples
because each new sample needs to be projected into al thehe kernel space to compupgyjx).

The kernel space contains as many vectors as non-zero

These problems can be solved by xii®to use a small subset of. However, we need an algorithm to
determine which and how many should be inS. In this paper, we will use the method proposed by Zhu
and Hastie [2001]. The sub-modglfound by IVM algorithm is an approximation to the full modelund

by KLR. The algorithm starts with an empty set of vectors$oThen, at every iteration:
Project every training example into the kernel.

Learn the weights that maximize the negative log-likelithtoo
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Figure 3.2: Example of boundaries obtained by a multi-ds&classi er using a RBF kernel with = 0:1.
IVM only needed 36 import vectors in this example to obtamlloundaries. Note that a linear classi er could
not have separated these three classes with the same accurac

Find the less likely training example that is notSrand add it tcS.

This algorithm stops when the negative log-likelihood ajeahless than some relative amount between in the
lastniterations. The vectors in the kernel sp&are called import vectors and they are the ones that reduce

the negative log-likelihood the most.

3.1.1 Kernel trick for CRFs (K-CRFs)

Lafferty et al. [2004] presented an extension of conditicmadom elds that allows the use of implicit
feature spaces through Mercer kernels. They describe dyedgorithm for selecting the cliques (& in
LR context) over the training examples that will span thenkéspace. Our approach differs in that we do not
change the CRF log-linear model representation. Howewechange the training algorithm by incorporating
the IVM algorithm described in the previous section andidtrced by Zhu and Hastie [2001]. This algorithm
allows us to nd thex that will span the kernel space. The main limitation of tipp@ach is that it does not
allow for custom kernels in the edge potentials.

In order to support a Mercer kernel space in the node weigggrain CRF usingy, projected into the
kernel space found by the IVM algorithm. We use the same dlgordescribed in 2.4 for parameter learning

till its convergence.
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In practice, for learning the CRF parameters we do not iidgahe node weights to random values.
Doing so may lead to convergence issues. An approach thsweell is to initialize the node weights
to values learnt using IVM training algorithm and set theedgights to 0. Thus, for supporting Mercer
kernels in the node weights, the only extra step requirea figajectgy into the kernel space found by VM.

The p(yjx) for kernel CRFs is shown in equation 3.4. The basic modélifiear CRF does not change,
and this new model only changes the name of the variablegindte potentials:

eXIOrP iV Piszs sy K(Xi; Xs) + P.(_i\;j)ZE Ph iy fi (i Xi)on

p(yjx) = p P—P P P ©
vEXD v x2s sy KOG X) F e ko kyy fk(i; %)

(3.4)

The main advantage of this method is its simplicity. Withigld#l change of the model we allow the use of
Mercer kernels. However one must take into account thaeptioig the features into the kernel space may
become expensive as the number of vectors in the kernel apareases. This is a shared property with all
the kernel machines.

Notwithstanding, as we show in the results section, thesctagion performance of this kernel CRF
can be better than that of a linear CRF when the kernel chasesli suited for the problem. Thus, the

performance penalty may pay off.

3.1.2 Gaussian kernels

Gaussian kernels are widely used in many classi ers becteseoften provide good performance [Burges
1998]. When they are used, the corresponding feature spacelilbert space of in nite dimension. If the
classi er is well regularized, the in nite dimension doestrspoil the results. In this paper, we refer to the

gaussian kernels that take the following form:

ki Xjkz

K(xi;x)=e 27" (3.5)

wherex;; X; are input vectors.

We de ne “ideal kernel” as a kernel that gives an acceptabéasare of the similarity between two
vectors; acceptable means that among a nite distributios closest vectors to a query should be evaluated
as similar to the query, whereas vectors far from the quesylstbe evaluated as non-similar. In other words,
among a nite distribution, the selected similarity measshould be able to nd in acceptable proportions
both similar and non similar vectors to a query point [Frarnetial. 2005]. This concept is called locality.
Gaussian kernels t with this de nition for a well chosen wiig and are adequate measures of similarity when

the representation dimension of the space remains smaklletr, one must be careful in high dimensional
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~_]
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Figure 3.3: In blue, histograms of distances for gaussiandts in different dimensions. In green, 5th-
percentile and 95th-percentile of the distribution of aiiltes. In red, gaussians for different values of
Note that in low dimension domains, the gaussian kernel\m=has expected, providing a proportionated
range of values between 0 and 1 for the different distancelseoélistribution. However, as the dimension
increases, the gaussian kernel decreases its perfornmatggeindently of the value chosen, and only a little
portion of its bell shape is effectively used.

spaces because they may not t this de nition.

To illustrate this problem, we show a toy distribution infdient dimensions and we use a gaussian kernel
to compare different vectors. We sample points from a gangdistribution centered &and with = 1.
Then, we plot the distribution or normalized histogram atainces of each point to the center of the gaussian.
We plot on top of this distribution gaussians with differentalues, for comparing how the bell shape of the
kernel is being used.

As can be seen in gure 3.3, when the dimensionality is snfiaila well chosen kernel width (or), the
gaussian kernel maps the 5-th percentile of the closestratiss to values close to 1, and the 5-th percentile
of the furthest distances to values close to 0. Hence, matteopoints use most of the bell shape of the
kernel, the most similar vectors are mapped to a value ctodednd the most different vectors are mapped
to a value close to 0. This is the expected behaviour for agi@ugernel. As the dimensionality increases
over 10 dimensions, this is not the case any more. For instaviten the dimensionality is 1000, most of the
points are about the same distance with respect to the cefittee gaussian, and independently of what
value we choose for the gaussian kernel, we are not able ta golod t.

This problem of gaussian kernels in high dimensions preJese kernels to be ef cient, and map most

of the distances to the same values. Basically, the distaifiteeo similar vectors will be mapped to a similar
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Figure 3.4: Generalized p-Gaussian kernels for differggtiddimensional problems with properly chosen
and parameters.

value than the distance of two vectors that are differents Wil cause the classi er that uses this kernel to
produce weights with very high values and may also cause noahestabilities. This case is aggravated in
Logistic Regression or CRF classi ers because they userexqial functions.

A solution to this problem suggested by Franois et al. [20d&plves using the so-called Generalized p-
Gaussian kernel, which can be made local in any dimensipaaksthrough the adaptation of a supplementary
parameter.

K(xix) = e " (3.6)
wherex;; x; are input vectors;j is the absolute value arglis a real value. Figure 3.4 shows the same data-
example in gure 3.3 but plots a Generalized p-Gaussian. Wése a suitable tfopand for the problems
of 50; 200 and 1000 dimensions. In these examples, one can obbatwbé¢ parameters of the p-Gaussian
kernel can be tweaked to better t the distribution of digtesiin the dataset.

We found that, in general, it is a good idea to plot the histagof distances of any two points in the

dataset, or clusters used, in order to nd the optimal keamel the best t for the parameters of the kernel.

3.2 Prior data and K-CRFs (PK-CRF)

In some applications, we may revisit the same areas muliiples. If we labeled the area once, we may
like to use this labeling to help the labeling of input datar Fstance, in agricultural applications, tractors
drive over the same environment multiple times. Many tintles,scenario is practically the same as the one
labeled in the training set, and we would like to exploit tfaist. Yet, every time there are differences (i.e.
illumination, pose, new/missing objects, etc), which mayse an obstacle detector to fail. In these cases, an
operator could provide a segmented image with the obsttatheted in cases where the classi er fails and
we would like to integrate this information in our classi.er

There are different ways to bene t from this data. One wayiadd this new data to the training set and
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learn the parameters of the classi er. Sometimes, theidtagmrameters can be updated on-line ef ciently.
However, this is not the case for CRFs. Even if we have a gatdlination of the CRF parameters, just one
evaluation of the objective function would imply doing indace in every image in the training set.

In this section, we describe an algorithm to bene t on-linenfi new labeled data or use prior data if
available. The main idea behind this algorithm lies in thet fhat one may want to assign the same label to
two regions in an image if these regions and their surrowggliook similar. And we may need to evaluate
the regions that are different. This algorithm assumesitiatt data is tagged with pose (which does not
need to be exact), and that the ground plane is mostly at.

For this task, we build a database with the prior labeled #satagging them with the vehicle pose. Then,
for every new inputimage, the closestimage in pose is reeoMeom the database and aligned with the input
image. Once the images are aligned, we can refer each géstirim one image to the other. Thus, if we
know the ground truth for the labels of one of the images, weuse this information in the image that we
are trying to label. Of course, in practice there will be elifnces between the input image and the reference
image, even after the alignment, due to errors in the aligimpeocess, errors in pose, possible changes in
the environment, moving obstacles, etc. However, we IedRE to decide for us whether the label in the
reference image should be used.

In order to implement this algorithm we need a procedureignamages taken at different times with
slightly different poses, and we need to add more featurésedCRF model. These two procedures are

described in the next subsections.

3.2.1 Image registration

In order to use the labels of an image in the database on areioagajured online, the two images should be
in the same reference frame. In our work, we tag each imadepuise, however, it is not possible to nd
two images with the exact same pose in the database becaugehtisle does not drive two times exactly in
the same position, and images are taken at discrete timé frames per second). Furthermore, the pose we
use in our system has errors and even if we had two imagesdagtiethe same pose, these may actually be
taken at slightly different positions. In this section, wesdribe an algorithm for aligning two images with
different poses (Primdahl et al. [2005]).

We work under the assumption that our test environment hdsnapsurface. This assumption can give
us some xed reference points that we can use to transfornintage to an orthonormal view (top-down
in our case). This transformation will work for the groundlifiis planar) but will not work for trees or
other objects which are not in the same plane which will ofigperience several distortion (see bushes in

rightmost images in gure 3.5).
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In order to compute the homography, we need at least foutgpaird their correspondences. First, we set
up four points of interest on the ground. In our case, we mieioepointsp? to forma 6 6 meters square
and we set their correspondenggsby creating a perfect square in the 2D domain ¢gsebmponent to 0)

with area equal to 1, and centered atQ) Then, the homography can be computed by forcing:
P Hp’=0 (3.7)

Where is the cross-product. This equation gives us two equatiensg@respondence, thus, we get a total

of 8 equations out of the 4 correspondences, which is thenmim needed to estimate the 8 variables in the

homographyH.
a b c
H=8Bd e f
g h 1
Equation 3.7 can be expressed in matrix form:
o p y

=0 (3.8)

Note that the matrix is2 9, wheren is the number of correspondencgsand0 are 3-dimensional
vectors.x;;y; arex andy components op. p° denotes the points in the real world domain atddenotes
the points in the transformed domains (should hawe 0). ~ is a vector containing all the variables fh
in the following order:fa; b; c;d;e; f; g; h; 1g We use the Singular Value Decomposition to nd the¢hat
minimizes equation 3.8. This homography is used to transtbe box in the image into a square as shown
in gure 3.5.

Once both images are transformed in these coordinates ptitalbaxes are parallel. We can use the
yaw angle to rotate one of the images and align the axes ofwthéntages as shown in gure 3.5. Due to
differences in the actu&; Y; Z coordinates where each image was taken, the resulting smagg not align,
yet. However, after these transformations, the camera aveeparallel and we can compensate for these
differences in pose by a simple translation. We use nore@lorrelation to compute the relative translation
of one image w.r.t. the other (see gure 3.6 for details).

After applying this algorithm, we can reference every pdtom an image to another image, assuming

that both images have been taken at similar positions arydstiere a signi cant overlap¥ 50%). Figure
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Figure 3.5: Axes alignment for two images taken at diffetenés and positions. First, the image is recti ed.
Then, we change the camera point of view to a top-down viemalfyi, one of the images is rotated along the
perpendicular axis of the camera to align the axes.

Figure 3.6: Normalized correlation between two images. péak in the gure on the right determines
the amount of translation needed to register the two images. yellow arrow shows the direction of the
translation in this example.

3.7 shows an example of the direction of translation thatyepatch needs to follow in order to match the
patches in the image of reference.

In our experiments, images with differences in positionlg&ngan 3m, and differences in yaw smaller to
10 degrees were successfully registered. Beyond theseearanthis method may fail to successfully recover
the correct translation for every patch in one image to m#tetpatches in the reference image. Hence, it is

importantto nd images in the database which are very cloggoise to the image that we are labeling.
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Figure 3.7:Left: Flow for every 16 16 pixels patch to match patches in the right imdgight: Reference
image.

3.2.2 CRF model update

This section assumes that we have two images aligned, ohe imtge that we are trying to label and the
other is an image collected in the past and has been labeledlly, if the scene did not change at all since
the rstimage was taken, and both images were perfectlynelig we could directly apply the labels to the
image that we are trying to label. However, in practice, tbeng changes (ie. moving obstacles), and the
alignment of the images is not perfect due to errors in thistiegion method and in the pose.

In these situations, we can use the information from theléabienage to help in the labeling of the new
image. One way to use this information in the CRF framewoitkyisimply adding more features. In this
work, we add an array of new features to the model. One of taifes imports the information about the
label of the reference image. Thus, it has a value of 1 if theokiyesis about the label in the inputimage is the
same as the reference image, and 0 otherwise. The otherdeantain information about the differences
between the region in the input image and the region in trereate image (similar to the edge features in
the CRF). We refer to these featureshasEach of these features is multiplied by a weight that depemd
the class (kl). Putting together this new features with the CRF model, gtdlte following joint distribution:

8 8 9 9

. 1 X 3X X 2 X X g
POM = Zo5@Ps 3 G+ izt iony T )z (3.9)

Ti2v ok k " @i)2E k {

These features t nicely into the CRF model and do not invatvadi cations of the main model or the
parameter algorithm. Figure 3.8 shows that one way of reptésy this model is by having the discrete
random variables connected to the image features, and as®cted to some other features from the refer-
ence image. The only difference is that the features fromréference image may be or may not be there,

depending on whether the algorithm found a proper matchinthe respective node.
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Figure 3.8: Model for a CRF using prior data. The bottom lagé¢hne input image. The middle layer contains
the discrete random variables of the model. The top layetagamfeatures from the reference image. Note
that not all the potentials coming from the top layer havedabtive.

By adding these features we expect the CRF model to leariif th@tnode of the image and the node in
the reference image are similar, then there should be adiasds using the same label in the input image
as the one used in the reference image. However, if the regiiffier, then the information coming from the
image taken in the past should be discarded and a full evaituat the region would be required.

The basic CRF model remains the same, except for the facivthatided more features,() to some of
the nodes. Note that not all the nodes will have these exataifes given that we may not have information
about the labels for all the patches of the image (ie. two esagith different pose may not overlap 100%).
Still, the learning algorithm is the same as described itiGe@.4, and BP can be used in this model for
doing inference. Furthermore, note that this model doeseed to update its internal weights as new on-line
data comes. Finally, we added these features to the K-CREInmcobduced in equation 3.4. We called this
model Prior K-CRF (PK-CRF).






Chapter 4

Experiments

41 CRFvsLR

In this set of experiments we show the bene t of using contakinformation for image labeling tasks. In this
rst batch of experiments, we compare performance of imagggrentation of the 2D CRF, which exploits
contextual information, to the performance of a LR classiwhich assumes independence at every site.
We prepare two sets of experiments. One with synthetic datédoich the goal is to Iter an binary image
polluted with noise (it is a reproduction of the experimeatfprmed by Kumar and Hebert [2004]). The
labeling is performed at a pixel level. The second set of erpEnts includes various segmentation tasks
(car, people, orchard) in an image. In this set of experigiehe labeling is performed at a patch level,
that is, the image is divided into equally sized patches, atabel is assigned to each patch. In all these

experiments we compare LR with a linear 2D CRF, using the Jaateres.

4.1.1 Experiments with synthetic data

The experiments with synthetic data consisted on de-rpsiset of 64 64 pixel images with binary noise
added. These experiments were initially performed by Kuamak Hebert [2004] and have been reproduced
in this paper. The node potentials were set to the pixel sitgwalues and the edge potentials were set to
the absolute difference between two adjacent pixel valWésadded features to allow bias, hence the total
number of variables of our 2D CRF was 6 (2 for the node potkntiand 4 for the edge potentials). The

parameter for the regularization ternwvas set to @01 for training.

Typically, one may want to run cross validation in order tted@ine the more appropriate value for In our experiments, we tried
values ranging from 0 to 10, getting better performance wiitall numbers.

31
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Figure 4.1: Binary de-noising of an image. A CRF and LR classiere trained using 25 images. The
number of parameters for the 2D CRF was set to 6, whereas theekBed 2. Three samples are shown in
the images above, along with the ground truth and CRF/LR satgtions. Although the inference engine
used in the 2D CRF does not produce exact results, it signtlgamproves the segmentation over LR.

The results for segmenting one image using 25 training image shown in gure 4.1. We showed the
raw output of the CRF and LR classi er (no threshold applied$ulting in values between 0 and 1. Note that
the output of the CRF is very close to the ground truth in akéhcases shown. However, the LR classi er

produces a much noisier output.

We also looked at the differences in performance as the mistincreased. In this set of experiments,
we reduced the image size to 3232. Original image contains pixel values between 0 and 1. tded
binary noise with power increasing from 0 to 2 units. Note tihaise with power bigger than 1 means that
it has higher energy than the signal. We measured the pewadestor, that is, the total number of errors
over the number of classi ed pixels. Thus, an error & theans that half of the pixels of the image were

misclassi ed.
As it is displayed in gure 4.2, LR and 2D CRF perform very sianly when the noise level is low in

terms of absolute number of errors, although 2D CRF tendsadyze visually better results. As the noise

increases, 2D CRF starts performing signi cantly bettarth R. At very low signal to noise ratios, 2D CRF
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is still able to extract a reasonable segmentation, whergas completely polluted by noise (see gure 4.2,

bottom).

Figure 4.2:Above: Segmentation error at different noise levels. The Y axisaggnts the error in segmenta-
tion, being a value of 1 the maximum possible erBottom: Example of a segmentation at very low signal
to noise ratio.

4.1.2 Experiments with real-world data

In the real-world image experiments, we used sequencesagfa@scollected from a monocular color camera
installed on a tractor (see gure 4.3). In these experimentstrained classi ers to detect cars, people and
orchard trees in single images. 4 sequences were used, @iiting and 2 for test. 20 images in each
sequence were labeled by a human expert with a Matlab usefao#.

Every image was divided in patches of 1&6, and for every patch we extracted color (LUV) and texture
features. Color features include the mean and the stanéaratin for U and V components. We discarded
the luminance. Texture features include the amount of gresent at different orientations and frequencies
(as described in [Dima et al. 2003]). A total of 4 featuresused for color, 24 for texture and 1 for the bias,
giving a total of 29 features. The edge features were choseéheaabsolute difference between the node

features in neighboring nodes. A total of 20 images were @isetraining in each case (car, people and

YBy courtesy of Cristian Dima
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Figure 4.3: John Deere 4710 tractor with perception heathétop), equiped with a SICK laser, a stereo
camera and a infrared camera. Only the left lense of thecstanmera was used in our experiments.

orchard tree detection). We used cross-validation to pieké¢gularization term (we found the optimal value
of 0:005).

The results of these experiments can be seenin gure 4.4.RP @early outperforms the segmentation
we got using LR. The better results of CRF are attributedeéddlet that, unlike LR, CRF graph structure can
exploit the contextual information present in the imagehtam better segmentation overall. We would like
to remark that in these examples, the CRF does not tend tapeaa oversmoothed solution. Unlike other
techniques (such as MRFs), the use of image features in esedakes the CRF to use the image data more

ef ciently and produce more accurate solutions.

4.2 CRFs for obstacle detection

In this section, we show that the use of context in images,usgian kernel and on-line data signi cantly
improves the performance for obstacle detection tasks agés. We show these hypotheses with speci c

experiments for each case and, nally, we show the overafbpmance of our solution, compared to a linear
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Figure 4.4: From top to bottom: People, orchard tree, peaptecar detection. From left to right: original
image, 2D CRF segmentation and LR segmentation

classi er.

4.2.1 Data acquisition

Our experiments use data collected with an electrical Veligee gure 4.5) equiped with several sensors:
a color camera, an Inertial Measurement Unit (IMU), a wheelogler (for vehicle speed input), a scanning

laser and a Global Positioning System (GPS). The informdtmm this sensors is captured at different rates:
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Figure 4.5: Electrical vehicle used for the obstacle d&aotxperiments. The vehicle is equiped with a
perception head, mounted at the top of the vehicle, thab@uhseveral sensors (laser, cameras, positioning
units, etc).

1. Color camera: 5Hz.

2. IMU: 100Hz.

3. Speed input: 10Hz.

4. Laser: 75Hz (181 3D points in each scan).
5. GPS: used only for initialization.

Camera and laser sensors are registered w.r.t. each ottighewehicle. That is, we computed the
transform that relates the laser frame and the color camamaef Likewise, we computed the transform that
relates the laser and the center of the rear wheel axle. fdnerave can transform the 3D points gathered
using the laser and the camera points to vehicle coordinatesuse a Kalman Iter to compute the local
pose of the vehicle using the speed of the vehicle and thent#on collected by the IMU. Finally, the GPS
is used to acquire the global position of the vehicle at the $itme, thus we can reference the local position
among different sequences of data collected at differer@gi(we call them logs).

We collected 8 sequences of data or logs in a mostly at andsyranvironment, with several obstacles
scattered around. 2 of the logs are used for training and ttiner & are used for testing. Our de nition
of obstacle in this environment is anything that is abovegitieind more than a certain distance (i.e 0.5m).
Thus, in our gathered data, the obstacles are bushes, ta®ss vehicles, fences, etc. The data was collected

in two different days, and some of the obstacles were plataifferent positions. We followed the same
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(a) We manually placed some(b) Some areas are free of ob-(c) Bushes and other objects(d) Illlumination conditions
obstacles along the path. stacles can be potential hazards for thechange over time.
vehicle.

Figure 4.6: Some snapshots of the environment in which dat eellected. Note that an obstacle can
be anything that may be a hazard for the vehicle (bushes,scatleer vehicles, trees, etc.). Changes in
illumination conditions make the problem more challenging

trajectory for every log we took, just allowing deviationmsrn the original path smaller than 5m. Thus, the
collected data for each log is slightly different, not haytwo images taken exactly at the same position in
different logs.

Figure 4.6 shows some samples of images collected in the Mgt that different obstacles can have
very different texture information, color and shape. Alsote that illumination conditions change over time

along the logs.

4.2.2 Experiments

We detect obstacles in the image frame. Every image is dividt® a grid of patches of 16 16, and we
extract feature information from each patch independenilge features extracted contain the mean and
standard deviation for the U,V components in the LUV colaapand texture information for a total of 28
features. The ground truth contains binary labels (obstact obstacle) for every patch in each image and
it is automatically computed using the laser data. The 3@ datracted from the laser is very accurate and
it is used to get a good estimation of the ground. Once thergtéaiestimated, the detection of obstacles
becomes very simple (i.e. any 3D point above the ground ni@e ©.5 m is an obstacle). We project the
object location to the image frame and use that informatarafitomatically getting the labels for every
image patch in the grid.

Given that both, CRF and LR, return numbers between 0 andtd#rete the relative probability of a
sample to belong to a speci ¢ class, we built Receiver Oper@haracteristic (ROC) curves to compare the
performance of the two methods. We plotted the true positite (Y axis) against the false positive rate (X
axis). We considered a false positive an alarm from the ikaise an area that does not contain an obstacle.
We chose this area to be the size of a grid of 3centered at the patch we are classifying.

Note that, ideally, one may want to operate in the upper &fter of the graph (no false negatives and
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(a) Lighter dashed lines donete the 5-95% bounds. Use amlor {b) Ampli ed view in the low false positive region. Lighter
better view. dashed lines donete the 5-95% bounds.

Figure 4.7: Use color for better view. ROC curves compariRgdnd CRF. Even though the Area Under the
Curve (AUC) does not differ much among the two classi ers Fgserforms better at low false-positive rates.

100% obstacle detection). We would like to recall that agfqissitive is annoying because it may cause the
vehicle to stop without not apparent reason. However, a fadgjative can be fatal. Next subsections compare

the performance in this dataset of LR, IVM, CRF, K-CRF and €RF using on-line data.

42.3 CRFvVsLR

We trained a Logistic Regression classi er with the featseedescribed in section 4.2.2, including the extra
constant feature to allow for the bias. Similarly, we trairre2D CRF using the same model described in
section 4.1.1. That is, the CRF used a total of 29 weightsr(2®)e features plus bias) for the node potentials
(as LR). The features in the edge potentials were chosenttretsrjuared Euclidean distance of the features
of two adjacent nodes.

We considered the Manhattan distance function for computie edge features instead of the squared
Euclidean distance. We also considered using all the naataries of two adjacent nodes as edge features.
Even though the number of edge features doubles, it give® riteedom to the classi er to nd better
solutions. While in our experiments we did not nd signi ¢ differences among all these methods, a
more throghout study would be required to draw a conclusidnis point.

Thus, we used a total of 57 edge features (28(classesy 1(bias)). Therefore, the total number of
variables of the CRF was 86, which were successfully leasimguthe algorithm described in section 2.4.

Figure 4.7 shows a performance advantage of CRF over LR agigay performance point. CRF holds
a huge performance advantage over LR at low false posittes.rés we allow more false positives, the gap
reduces. Thus, the Area Under the Curve (AUC) in the two nath®similar (9571% for CRF and 992%
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Figure 4.8: In blue, histogram of distances of the trainiatpadet used in this section. In green, 5th-percentile
and 95th-percentile of the distribution of distances. kh nge plotted a gaussian kernel with= 3.

for LR). However, from a practical point of view, we would ¢ila system that does not false positive, given
that a false positive may make the autonomous vehicle to stop

Given a practical performance point, for instance, a trustppe rate of @9, the performance advantage
of the CRF over LR is huge. At this performance point, a CREsilar gives a false positive rate of roughly
0:041, whereas LR needs nearly 6 times mor24Q This means that to see 90% of the obstacles, LR

produces 6 times more false positives than CRF.

424 K-CRFvsIVM

As described in section 3.1.2, high-dimensional data magearoblems when using a gaussian kernel. Our
input data can be considered high-dimensional, given thatpresented in a 28-dimensional space. We
normalized the data to have a 0 mean and standard deviatigranfl we plotted the distribution of distances
in the training dataset to choose carefully the optimal pextars for a Gaussian kernel. It seems that even
though the input data is 28-dimensional, it lies in a lowenehsional space. Therefore, in this dataset, we
were able to nd a width for the kernel that tted the distrifions of distances, and we did not need to use
Generalized p-Gaussian kernels. The plotin gure 4.8 saxedome time to nd the optimal value for the
kernel width. We found that = 3 is optimal as kernel width for this dataset.

Figure 4.9 compares a IVM and a K-CRF classi er, both usirgghme gaussian kernel with= 3. We
added the LR ROC curve for reference. The IVM algorithm folihdl import vectors, for this problem which
resulted in a total of 120 variables (119+bias). K-CRF usedsame 120 variables for the node potentials
and an extra 57 variables for the edge potentials (same @niesthe linear case), totalling 177 variables.

Figure 4.9 shows that the performance advantage of the K1@&del over IVM is proportional to that of
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(a) Lighter dashed lines donete the 5-95% bounds. Use amlor {b) Ampli ed view in the low false positive region. Lighter
better view. dashed lines donete the 5-95% bounds.

Figure 4.9: Use color for better view. ROC curves comparinG@RF, IVM and LR. Note that a gaussian
kernel with a proper chosen width produces signi cantlytbetesults than a linear kernel. Also, note that the
K-CRF improves the performance of IVM in the same proporsrCRF does over LR, in this experiment.

CRF over LR. Thus, the concept of nding globally low-enegpjutions worked better in these experiments
than locally minimizing the energy in every patch, and itdsolvith different kernels.

We would like to note that IVM outperforms signi cantly LR ahy peformance point. Likewise, K-CRF
outperforms IVM, too, at any given performance points. mgkihe same reference as in section 4.2.3, at a
true positive rate of @ K-CRF produces a false positive rate dd09. IVM produces more than 5 times more
false positives (0). LR more than doubles the false positive rate w.r.t. IN&24) and produces almost 13

times more false positives than K-CRF.

425 K-CRFvs PK-CRF

In these experiments we compare the performance of the K+«BRig a gaussian kernel with PK-CRF, which
uses the same kernel but has extra features to make use apdion-line data. In these experiments, both,
K-CRF and PK-CRF were trained using 2 sequences. In the ¢&&¢-G€RF, one of the sequences was used
as reference to extract features described in section 8d2was used as database for the test experiments.
The K-CRF used both sequences as training data. We perfarross-validation to obtain the con dence
bounds in the ROC curves.

We show in gure 4.10 that PKCRF holds and advantage over K@r&ny given performance point.
Although in these experiments, both methods performedtabewsame, it is important to note that at these
performance points it is harder to improve the overall penfance. Still, at the reference performance point

of a true positive rate of:0, PKCRF produces a false positive rate @iXb. This result is about 25% better
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(a) Lighter dashed lines donete the 5-95% bounds. Use amlor {b) Ampli ed view in the low false positive region. Lighter
better view. dashed lines donete the 5-95% bounds.

Figure 4.10: Use color for better view. ROC curves compaRRgGCRF and KCRF. Differences are small,
however, PKCRF offers better performance than KCRF througtine ROC curve.

(@ (b)

Figure 4.11: Use color for better view. LR, IVM, CRF, KCRF @R CRF compared in these gures.

than that of KCRF at the same performance point.

4.2.6 Summary

All'the ROC curves of the classi ers evaluated in this papershown together for better comparisonin gure
4.11. We show in gure 4.12 the outputs of the different cl&ss evaluated in this paper for one of the test
images. CRF approach offers better labelings than LR and. Wi performance advantage of KCRF over
CRF is notable. PKCRF does marginally better than KCRF.

We show the Area Under the Curve(AUC) for each of the methodzhle 4.2.6. The differences among
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(a) Original image (b) LR classi er output (c) IVM classi er output

(d) CRF classi er output (e) KCREF classi er output (f) PKCREF classi er output

Figure 4.12: Use color for better view. Comparison of LR, IVE@RF, KCRF and PKCRF in one of the
test images. Obstacles are marked with red boxes. Labedinigéned by KCRF and PKCRF offer better
labelings than the other classi ers in the comparison.

the various algorithms in this table is small, and AUC is righscative enough to establish conclusions.

LR IVM CRF KCRF PKCRF
91:92% 1:36 9490% 1:11 9571% 1:18 9699% 0:90 9740% 0:80

Table 4.1: Area Under the Curve (AUC) for each algorithm easdd in this paper.

However, table 4.2.6 shows the false positive rate of thimuarclassi ers at different performance points.
In this case, there are signi cant differences among thsestlers, specially at low false positive rates.

Table 4.2.6 shows the false positive rate (FPR) for a xedc tpositive rate (TPR). This table allows
us to compare the different classi ers at a given perforneapaint. Whereas neither LR or IVM could
be used in practice because of its large FPR at any perfoenaoiat in the table, the CRF methods give
enough performance boost to be considered. However, natatta 95% obstacle detection rate, neither
of the approaches considered in this work are enough bethedalse positive rate is too large. In future
experiments, we plan to add more features to the classi®iiscrease the performance levels enough for its
use in practical applications.

Itis important to note that in order to get an obstacle detabiat can be used in practice, the false positive
rate needs to be at least smaller tha30. That is, one false positive every 250 positive-clasgipatches.
Looking at table 4.2.6, neither LR nor IVM are suitable foistlpplication, with the set of features and
parameters used in these experiments. They get obstaelgidatrates of 30% and 43%, respectively, which
are well under the minimum obstacle detection rates requidRF, KCRF and PKCRF give performances

over 75%. PKCREF gives a performance just shy of 85% at thég fpbsitive rate.
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TPR LR IVM CRF KCRF PKCRF

0.95| 61:64% 0:39 3733% 068 3699% 1:29 2006% 2:79 1346% 537
0.92| 3887% 054 1662% 296 1047% 6:08 425% 3:31 286% 241
0.90 | 2425% 441 1018% 222 414% 322 189% 159 155% O0:75
0.88 | 1519% 350 716% 1.00 195% 158 115% 050 090% 0:27
0.85| 9145% 1:35 469% 045 104% 031 063% 016 042% 0:19
0.80| 507% 055 283% 0:15 057% 0:.09 029% 006 021% 0:03
0.75| 3:31% 028 189% 0:08 036% 006 (01l6% 0:03 010% 0:02

Table 4.2: False Positive Rate (FPR) for a given True PesRate (TPR) for each algorithm evaluated in
this paper.

FPR LR VM CRF KCRF PKCRF
1/1000| 4:48% 0:19 1497% 1:27 5709% 2:54 7049% 3:34 7526% 3:28
1/750 | 7:59% 050 2120% 0:93 6351% 276 7320% 329 7724% 3:34
1/500 | 1274% 1:32 2843% 1:51 6852% 295 7688% 3:00 7969% 3:33
1/250 | 2967% 148 4331% 1:80 7627% 2:68 8210% 2:93 8472% 2:99
1/100 | 50:20% 1.77 6429% 219 8474% 263 8740% 279 8820% 2:58
1/75 | 56:28% 1:95 7016% 2:45 8618% 2:61 8868% 263 8901% 2:69
1/50 | 66:46% 2:04 7587% 256 8814% 2:40 9028% 253 9095% 2:36
1/25 | 77:30% 2:26 8359% 2:66 8988% 2:40 9181% 2:25 9269% 2:.07
1/10 | 8546% 2:33 8989% 2:34 9190% 2:23 9369% 1:.93 9444% 181

Table 4.3: True Positive Rate (TPR) for a given False PasiRate (FPR) for each algorithm evaluated in
this paper.

Also, note that PKCRF can get an obstacle detection rate %f @énerating a false positive every 1000
positive-classi ed patches. IVM and LR produce 1 false pesievery 50 and 25 positive-classi ed patches
to get the same obstacle detection rate. At this performpoice, PKCRF performs 20 and 40 times better,
respectively.

We brie y evaluated the computational complexity. We raaed@ experiments in a Intel Core 2 Duo class
machine. Code was not optimized to make use of the two cdreagh. Table 4.2.6 shows the number of
images per second that every classi er was able to procdss.timing does not take into account the time

needed to pre-process the image and extract its features.

LR IVM CRF KCRF PKCRF
> 100 images/s 20images/s 10images/s 3images/s 1images/s

Table 4.4: Number of processed images per second in a IntelZDbuo class machine.

IVM is slower than LR because the features have to be prajantéhe kernel space. Also, the number
of import vectors used were more than the number of feaurekjng it even slower. KCRF experienced

the same performance penalty over a CRF than that of IVM ofer\We would like to mention that LBP
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inference time was similar for CRF, KCRF and PKCRF. Thus, potational differences between these
three algorithms is due to feature post-processing andémegjstration in the PKCRF case. Given that the
implementation of these algorithms is mostly done in Matthlere is still room for improvement, and we

expect the PKCRF to run in a robot in real time at 2-3 Hz (asagnsame hardware) with more optimized

code.

In these experiments, we have shown that overall obstatdetiten performance can be vastly improved
by making use of models that try to get globally coherenttsmhs instead of making locally independent de-
cisions. Furthermore, the use of gaussian kernels addiscsighperformance improvements in this dataset.
We would like to remark that our method of using online datthinKCRF model improves the results in the
practical region, enabling better performance modes. &lyeéhese improvements over LR make possible

the use of a obstacle detection based on image patches agdausionocular color image.
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Conclusion

In this work, we extended previous work in obstacle detectitnen using a monocular color camera. We
extended a CRF model to allow the use of user-de ned kermelpaor data. First, we showed that the use of
lattice models for image labeling tasks helps to obtain gllgbmore accurate segmentations than classi ers
that make locally independent decisions. We showed thagsian kernels tend to work signi cantly better
than linear kernels in our obstacle detection experiméfitsalso showed an extension of the CRF model to
bene t from prior and on-line data without needing to updé&tgarameters.

In general, CRFs provide a exible framework for classi @&t tasks. CRFs allow for a parameter es-
timation guaranteed to nd the global optimum due to the @nproperty of their conditional likelihood
function. They can be trained ef ciently by using BFGS fortiopization and LBP (sum-product) for in-
ference. We used a Matlab implementation of BFGS (found imdimc), gradient and objective function
computation for parameter learning. We used an implemientat C++ for LBP, which allowed us to do
inference in an image in about 50 ms in a “Intel Core 2" claggessor. Given that in production mode the
only algorithm needed is LBP, this approach can be used irtirea applications (at low update rates 5

times a second).

We noted that the convergence of the training algorithm iy velated to the convergence of the Loopy
BP. If the estimation of the marginals are wrong, the trajratgorithm may not converge. We found this
problem when Loopy BP did not converge. Damping helped tevilte the convergence problems and
made our parameter learning procedure to converge in oweriements, specially when we initialized the
node weights to the ones obtained by LR or IVM. After we didsthehanges to LBP, the training algorithm

always converged in our experiments.

CRFs produced most of the time better results than LR, analoedt, same results as LR. The use of a
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gaussian kernel helped to IVM and KCRF to increase the pmdoce over linear classi ers. Most of the
time, a linear-CRF still managed to produce better reshiia gaussian-1VM, although in some parts of the
ROC curve, a gaussian-IVM performed better. KCRF and PKC&fopmed better than CRF, IVM and LR
in all cases. In spite of the fact that the difference in peniance between KCRF and PKCRF is small, we
would like to note that at these performance levels it is baralimprove a percentile. Still, PKCRF managed

a good performance lead over KCRF at very low false posiates:

We would like to remark that it would not be possible to usedatonomous vehicle navigation a LR
or gaussian-IVM classi er, with the set up we discussed ictisa 4.2. The false detection rate is too high
for a 90% obstacle detection rate. The use of a contextuakhiwthgs performance a step closer to what
is needed in practice and we think that with a richer set difes extracted in each image part, it would be

possible to obtain the performance levels needed for madaperation.

In conclusion, we would like to remark that CRFs provide abatailistic framework with superior per-
formance compared to classi ers that do not exploit coniexinage labeling applications. The model for
CRFs is exible enough to support different kernels, or thigliion of a large variety of features (for in-
stance, features to introduce prior data). Furthermoed;, thiscriminative approach allow them to introduce
these features in the model without having to worry aboui helependencies (which are not needed for

classi cation, anyway).

5.1 Applications

We would like to apply the algorithms described in this satfor obstacle detection in autonomous vehicles.
We have set up a perception sensor that combines an IMU, ag@3R&nocular color camera and a computer.
The performance levels obtained by KCRF may make possibteetate a obstacle detection platform that

relies mainly in a single color camera, making it cheapen thither approaches that rely on range data.

Moreover, in some applications, online labeled data mayvadadble. For instance, in agricultural ap-
plications, tractors drive over the same environment mlgttimes. Yet, every time there are differences
(i.e. illumination, pose, new/missing objects, etc), vhicay cause an obstacle detector to fail. An operator
could provide a segmented image with the obstacles labeleasies where the classi er fails. Also, a dataset
with labeled images of the environment may be available ffie ones used for training). PKCRFs provide a
framework in which these labeled images can be used witheeding to change the weights or re-train the

classi er running in the robot, and increasing overall peniance.
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5.2 Future work

There are many branches open in this work. For instance, ae ILBP for inference in CRFs. However, the
CREF structure we used is a lattice, which contains many lolbssknown for LBP to produce over-con dent
results and have convergence issues in structures witls Idtmvever, there exist better inference algorithms
based on GBP. Instead of considering every node as a sitelfiging) mesages, GBP considers regions in
the graph that may involve several connected nodes. ThefuSB® may allow to obtain better inferences
and therefore better approximations of the log-likelihgbdsed orKikuchi energy approximationsstead

of Bethe free energgpproximations.

In a different area, we only scratched the surface of kerrethods in this paper, touching gaussian
kernels and discussing their properties as kernels in lahhégh dimensions. However, there may be other
kernels that could offer better performance.

The set of features we used for every image part was vengdtjust color and texture features). Further-
more, the features on the edges in the CRF-based modelswgtdfferences between features of adjacent
nodes. We could have extracted more features for its useiadbes and nodes of the CRF.

This approach does not limit to monocular camera approachethe future, we are planning to use
multiple camera solutions with different Iters on them, even use stereo features. This approach would
allow us to extract geometrical features as well as othetibanid features like, for instance, Near Infrared

(NIR), which is an important feature for the detection of &&gion.
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